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Abstract

Steady advancements in sensor technologies and platforms have significantly in-
creased the collection of electro-optical data over large areas of the Earth’s surface.
To manage this vast amount of data, deep learning methods offer promising solutions
for various tasks such as classification, object detection, semantic segmentation,
and density estimation. Despite ongoing challenges, this work focuses on analyzing
objects and particles at different scales and densities.

Analyzing airborne dust is particularly suitable for this purpose. However, devel-
oping an efficient and robust algorithm for airborne dust analyzing entails several
hurdles. Airborne dust can be opaque or translucent, exhibit considerable variation
in density, and possess indistinct boundaries. Moreover, distinguishing dust from
other atmospheric phenomena, such as fog or clouds, is particularly challenging.

In this work, multiple neural networks are developed for the analyzing of dust.
The initial focus is on density estimation, but to improve the approach, other
methods and tasks are considered, particularly object detection. Not only are neural
network architectures examined, but attention is also given to training and inference
optimization. Instead of dust, anthropogenic objects such as ships or airplanes are
primarily considered, which can vary greatly in their scale and object density.

One of the strengths of this study is the combination of methods from density
estimation and object detection. It is demonstrated that the integration of both
tasks can lead to improved object detection, better object counting, and ultimately
enhance dust density estimation. The proposed methods are evaluated on multiple
datasets and compared with state-of-the-art techniques.

This work aspires to advance the research of analyzing objects and particles in
remote sensing across various object sizes and scales, especially for dust monitoring.
Analyzing of airborne dust holds substantial potential benefits for climate protection,
environmentally sustainable construction, scientific research, and various other
fields.
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Kurzfassung

Stetige Fortschritte in Sensortechnologien und Sensorplattformen haben die Er-
fassung elektro-optischer Daten über große Gebiete der Erdoberfläche erheblich
gesteigert. Um diese enorme Datenmenge zu bewältigen, bieten Deep-Learning-
Methoden vielversprechende Lösungen für verschiedene Aufgaben wie Klassifikation,
Objekterkennung, semantische Segmentierung und Dichteschätzung. Trotz an-
haltender Herausforderungen konzentriert sich diese Arbeit auf die Analyse von
Objekten und Partikeln in unterschiedlichen Maßstäben und Dichten.

Die Entwicklung eines effizienten und robusten Algorithmus zur Analyse von luft-
getragenem Staub ist von großer Bedeutung. Allerdings stellt die Detektion von
Staubpartikeln eine besondere Herausforderung dar, da Staub opak oder transluzent
sein kann, erhebliche Variationen in der Dichte aufweist und unscharfe Grenzen be-
sitzt. Zudem ist die Unterscheidung von Staub gegenüber anderen atmosphärischen
Phänomenen wie Nebel oder Wolken besonders schwierig. In dieser Arbeit werden
mehrere neuronale Netzwerke für die Analyse von Staub entwickelt. Der anfängliche
Fokus liegt auf der Dichteschätzung; um den Ansatz jedoch zu verbessern, werden
weitere Methoden und Aufgaben berücksichtigt, insbesondere die Objekt- erkennung.
Es werden nicht nur neuronale Netzwerkarchitekturen untersucht, sondern auch
Optimierungen im Training und bei der Inferenz vorgenommen. Zusätz- lich werden,
anstelle von Staub, hauptsächlich Objekte wie Schiffe oder Flugzeuge betrachtet,
die in ihrem Maßstab und ihrer Objektdichte stark variieren können.

Eine der Stärken dieser Studie ist die Kombination von Methoden der Dichteschätzung
und Objektdetektion. Es wird gezeigt, dass die Integration beider Aufgaben zu
verbesserter Objekterkennung, präziserer Objektzählung und letztlich zu einer
optimierten Staubdichteschätzung führen kann. Die vorgeschlagenen Methoden
werden an mehreren Datensätzen evaluiert und mit aktuellen Referenzmethoden
verglichen.

Diese Arbeit strebt an, die Forschung zur Analyse von Objekten und Partikeln in
der Fernerkundung über verschiedene Objektgrößen und Maßstäbe hinweg vo-
ranzutreiben, insbesondere hinsichtlich der Staubüberwachung. Die Analyse von
in der Luft befindlichem Staub bietet potenzielle Vorteile für den Klimaschutz,
umweltverträgliches Bauen, wissenschaftliche Forschung und verschiedene andere
Bereiche.
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Introduction 1
„Wer nichts verändern will, wird auch das

verlieren, was er bewahren möchte.

— Heinemann, Gustav
(Politician)

Continuous advancements in sensor technologies and platforms have significantly
enhanced the collection of vast amounts of electro-optical data over extensive areas
of the Earth’s surface. However, the sheer volume of these data renders compre-
hensive manual analysis impractical. Consequently, Computer Vision (CV) methods
offer effective automated solutions to this challenge without manual intervention.
In recent years, deep learning techniques have emerged as particularly powerful
tools, achieving remarkable success in tasks such as classification [69], object de-
tection [120], semantic segmentation [122], density estimation [177], and natural
language processing [152]. These methods have also been effectively applied to
remote sensing scenarios [180].

Remote sensing presents unique challenges compared to traditional computer vision
[94]. The area covered by the images is often significantly larger, covering extensive
geographical areas, and the image resolution can vary widely. The data is often
multimodal and requires specialized domain knowledge for accurate interpretation.
Objects of interest in remote sensing data, e. g. buildings, vehicles, and weather
phenomena, can appear at varying densities, scales, and orientations, which compli-
cates monitoring efforts. Additionally, the complex backgrounds inherent in such
data further hinder accurate detection and analysis. For example, ships may exhibit
very high object density within a harbor, where numerous vessels are clustered
together, making individual identification challenging. Conversely, in an open ocean
scenario, ships may be sparsely distributed, posing different detection challenges
due to their relatively small size against the vast expanse of the sea. This latter
scenario is particularly crucial for monitoring dark fishing fleets, as highlighted by
[110].

Similarly, monitoring smaller particles, such as those present in dust, poses its own
set of challenges. Dust exposures are only detectable at high densities without
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specialized optical equipment, monitoring airborne dust emissions remains essential
due to its wide-ranging impacts, affecting everything from climate to human health
[46, 146]. Comprehensive monitoring of dust can facilitate the identification of
environmental hazards and the development of effective mitigation strategies [128].
However, conventional dust measurement such as by in-situ monitoring equipment
or 3D LiDAR scanning devices is typically expensive and limited in their capacity to
monitor the spatial characteristics of dust. Vision-based camera systems present a
potential tool for measuring these spatial characteristics, yet the automatic detec-
tion of airborne dust within these images has not been extensively researched in
comparison to other fields. In particular, regression approaches, such as dust density
estimation, are underexplored.

Therefore, there is a need for methods that focus on a more holistic methodology
to monitor objects and particles at different scales, which would be advantageous
for applications in environmental monitoring, disaster management, and resource
exploration.

In addition, recent advancements in deep learning show that successful methodolo-
gies in one domain can often be adapted effectively to others. Notable examples
include the U-Net [122] architecture, initially designed for medical imaging, which
has proven advantageous across various applications in computer vision. Similarly,
the transformer architecture has garnered significant success in Natural Language
Processing (NLP), and its adaptation for computer vision through the Vision Trans-
former (ViT) [32] exemplifies this trend. Consequently, it is prudent to explore
diverse techniques to address the challenges at hand.

1.1 Main Objective and Research Goals

This work focuses on the analyzing of objects and particles across a wide range
of sizes and scales. The aim of this work is to monitor small particles like dust as
well as larger anthropogenic objects such as cars, planes, and ships. To achieve
this, neural network architectures for two-dimensional object detection, instance
segmentation, and density estimation are analyzed and improved within the context
of remote sensing.

While multi-task training optimization methods exist [60], the scarcity of panoptic
datasets [67] in remote sensing necessitates a more traditional training approach in
this work.

2 Chapter 1 Introduction



Firstly, the primary focus is on analyzing airborne dust exposures. Most related
research concentrates on satellite imagery [74] or addresses related problems such
as binary segmentation of smoke [173]. Analyzing dust density is particularly chal-
lenging due to the variable nature of dust particles, which can range from opaque to
translucent and lack consistent visual cues. The density and appearance of dust vary
widely, often resulting in images with indistinct boundaries and low spatial contrast.
Traditional algorithms struggle because dust can resemble other atmospheric phe-
nomena, such as fog or clouds. The diversity of dust sources and the influence of
environmental conditions further complicate detection. Moreover, the absence of
consistent color schemes exacerbates the problem. Therefore, these reasons could
explain why the analyzing of airborne dust emissions remains underexplored.

Some efforts have been made in binary segmentation, such as dust road emission
analyzing [29] or object detection for dust analyzing at construction sites [156].
Due to the small size of dust particles, it is not feasible to detect each particle
individually; instead, attention is directed toward dust plumes. While detecting
dust plumes can provide localization information, it does not offer precise details
about dust intensity. While a semantic segmentation approach could be used to
analyze different dust levels, dust boundaries are often fuzzy and exhibit smooth
transitions. Therefore, a regression approach like density estimation is more suitable
for capturing the nuances of dust distribution. To the best of our knowledge, no prior
work has addressed dust density estimation within deep learning. Consequently,
we present the development of multiple neural network architectures specifically
designed for dust density estimation.

Subsequently, attention is directed toward larger objects, applying training and infer-
ence optimization techniques. While much of the existing research focuses on neural
network architectures, this study also addresses non-architectural optimizations.
Post-processing techniques, such as box-based non-maximum suppression (NMS)
[50], often suffer from issues like double detections, partial detections, clusters of
objects, overlapping concave objects, and diagonally-aligned objects. The proposed
method addresses these challenges by utilizing semantic masks and emphasizing
object size, which is particularly important in scenarios with high object densities.
Additionally, selecting the correct training and inference scheme can be a significant
challenge, greatly impacting detection performance. This aspect is also analyzed
extensively.

Finally, having focused on density estimation and object detection separately, the sub-
sequent step involves integrating both approaches. In this endeavor, the previously
described challenges are further addressed. Specifically, the tasks of object detec-

1.1 Main Objective and Research Goals 3



tion and counting, as well as dust density estimation, are undertaken, particularly
considering varying object and particle densities and scales.

This work addresses three major research goals:

1. Developing and studying dust density estimation techniques.

2. Developing non-architectural optimizations for object detection techniques.

3. Fusing the results from the previous steps by combining object detection
techniques with density estimation methods to improve object counting, object
detection, and density estimation.

Fusion approaches require a fundamental understanding of the methods used,
particularly their strengths and weaknesses. Therefore, it is necessary to focus on the
methods individually before combining them. By applying the proposed methods to
a wide range of tasks, their versatility is demonstrated while still using the analyzing
of airborne dust emissions as a case study.

1.2 Outline and Thesis Contributions

This dissertation is structured into seven chapters, as illustrated in Figure 1.1, which
provides an overview of the structure.

Chapter 2 introduces the fundamental concepts underlying this work. It begins
with a basic overview of machine learning, then addresses feature extractors by
examining Convolutional Neural Networks (CNNs) and, subsequently, the more
recent Transformer architectures. The strengths and weaknesses of each method are
highlighted.

Chapter 3 focuses on Dust Density Estimation and traces the evolution of proposed
architectural frameworks from CrowdFPN to DustNet++, including intermediate
developments like DeepDust and DustNet. This historical perspective highlights
advancements in algorithmic design and emphasizes the iterative nature of research
in this field. After presenting the datasets used for training and testing the models
and their configurations, the chapter provides a comprehensive overview of the
experimental results. The chapter concludes with a critical discussion of the findings,
synthesizing insights from the experiments and placing them in the broader context
of the field.

4 Chapter 1 Introduction



Fusion Approaches

CrowdFPN

Class Aware
 Object Counting

DeepDust

DustNet

DustNet++

ARM-NMS

Density Region
Proposal NetworkDustSpot

Dataset Optimization

Dust Density Estimation Object Detection

Chapter I
Introduction

Chapter II
Fundamentals

Chapter III
Dust Density Estimation

Chapter IV
Object Detection 

Chapter V
Fusion Approaches

Chapter VI
Discussion

Chapter VII
Conclusion and Outlook

Figure 1.1: Structure of this Thesis. This figure shows the most important building blocks
of this thesis: Dust Density Estimation is indicated in red, Object Detection in
blue and Fusion Approaches in green.

Chapter 4 illustrates that non-architectural object detection techniques can signifi-
cantly enhance object detection performance in complex scenes with considerable
variability in scale and density. A novel filtering technique for instance segmentation
results is presented and tested on a relevant dataset. Additionally, a three-stage
training scheme for maritime object detection is introduced, leveraging multiple
representations of input data during inference, outperforming existing methods
without modifying the model’s architecture. Overall, this chapter demonstrates that
factors such as training schemes, data handling, and post-processing techniques are
as crucial as architectural optimization in improving object detection performance.

Chapter 5 demonstrates how fusion approaches between density estimation and
object detection can enhance detection and counting performance in scenes charac-
terized by significant variability in scale and density. Three distinct fusion approaches
are introduced, each designed to improve the effectiveness of object detection, object
counting, and dust density estimation, respectively. By combining object detection
with density estimation, the analyzing of remote sensing objects and particles at
different scales is enhanced.

Chapter 6 discusses the primary research topics of this work. It begins with an
analysis of dust density research, then addresses object detection and object counting
in contexts characterized by significant variance in object appearances and densities.
Finally, it explores the broader societal implications of dust research.

1.2 Outline and Thesis Contributions 5



Chapter 7 concludes the work by summarizing the research conducted. The conclu-
sion is followed by an outlook on future studies based on the presented findings.

6 Chapter 1 Introduction



Fundamentals 2
This chapter begins with a comprehensive summary of the recent history of Deep
Learning in the realm of computer vision (CV), providing essential context and
highlighting significant advancements within the field. The focus is on topics related
to CV, as they are foundational to remote sensing methodologies. Following this
introduction, the fundamental concepts of vision-based deep learning are discussed.
Furthermore, the important topic of regularization is addressed, as it is crucial for
understanding the nuances of this work. An in-depth examination of Convolutional
Neural Networks (CNNs) is presented, exploring their foundational principles and
their pivotal role in processing visual data. Subsequently, attention is directed
toward the more recent Vision Transformer (ViT) architecture, which is analyzed
in terms of its innovative approach to addressing CV tasks and its advantages over
traditional methods. This overview does not aim to provide an exhaustive review.
Rather, it seeks to enhance the comprehensibility of the design process within this
work.

2.1 Recent History of Deep Learning for Image
Processing

The origins of neural networks can be traced back to the early 1940s [95], when
neurons in the brain were modeled using simple electrical circuits. Building upon
this foundational idea, researchers developed the first perceptrons [124]. Subse-
quent advancements led to the development of the Multi-Layer Perceptrons (MLP)
algorithm [123, 59, 4, 126]. The next significant step was backpropagation, pop-
ularized by Rumelhart et al. in 1986 [126], which serves as the default learning
mechanism for nearly all modern deep learning algorithms. In conjunction with
backpropagation, the first Convolutional Neural Network (CNN) layers were intro-
duced in 1989 [72]. This pioneering work successfully applied CNNs to the task
of reading postal service zip codes, demonstrating the practical potential of neural
networks in image recognition tasks. Nearly a decade later, LeNet-5 was presented
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Figure 2.1: Recent History of Deep Learning for Visual Tasks. This figure depicts major
milestones regarding the evolution of deep learning algorithms. Networks
enclosed in blanched almond-colored boxes represent convolutional neural
network-based architectures, while networks highlighted in light blue denote
transformer-based architectures. Algorithms marked with a red border are those
employed and modified in this thesis. Although algorithms developed after
2022 have also been examined for this work, it cannot be determined at the
time of writing whether they will gain widespread acceptance.

by Yann LeCun and colleagues in 1998 [73], proposing a larger and more refined
network architecture. This development process is illustrated in Figure 2.1.

Despite these earlier developments, significant progress remained limited until the
introduction of AlexNet [69], which won the ImageNet Large Scale Visual Recog-
nition Challenge (ILSVRC) [127] and marked a pivotal milestone in CV. AlexNet
revolutionized the field by being among the first to utilize the Rectified Linear Unit
(ReLU) as an activation function, combined with normalization layers and extensive
data augmentation. These innovations, along with leveraging graphics processing
unit (GPU) acceleration for training, enabled the network to be significantly deeper
and more effective, leading to unprecedented performance in image classification
tasks.

Building on the success of earlier architectures, the Visual Geometry Group (VGG)
network [137] demonstrated that stacking multiple small convolutional kernels,
specifically 3×3 filters, could effectively achieve a large effective receptive field (ERF)
while reducing the number of learnable parameters and increasing computational
efficiency. This approach allowed for deeper networks without incurring prohibitive
computational costs, resulting in improved performance on image recognition tasks.
Another winner of the ILSVRC was GoogLeNet [143], which introduced parallel
convolutional structures known as inception modules. These modules enabled
simultaneous multi-scale processing by performing parallel convolutions with filters
of different sizes within the same layer. This efficient design utilized computational
resources effectively and reduced the number of parameters, allowing for a deeper
and wider network without increasing computational expense.
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A further milestone was the introduction of Residual Networks (ResNet) by He
et al. [48], which introduced residual skip connections to improve the flow of
information and gradients through network layers. These skip connections mitigated
the vanishing gradient problem that affects very deep networks in a negative way by
allowing inputs to bypass layers via identity mappings. This innovation facilitated
the training of much deeper architectures that achieved excellent results across
various CV challenges.

DenseNet [57] proposed further innovations by introducing a novel connectivity
pattern that reduces the issue of vanishing gradients even more. By connecting each
layer directly to every other layer in a feed-forward manner, DenseNet strength-
ened feature propagation and encouraged feature reuse throughout the network.
MobileNet [55], through the introduction of depthwise separable convolutions,
and EfficientNet [144], incorporating squeeze-and-excitation blocks along with a
compound scaling method, aimed to enhance network efficiency. These latter ad-
vancements focus primarily on making neural networks more efficient and smaller,
allowing edge devices to benefit from the technical advancements in CV.

Prior to 2017, the field of natural language processing (NLP) was primarily dom-
inated by recurrent neural networks, notably Long Short-Term Memory (LSTM)
networks [53] and Gated Recurrent Units (GRUs) [24]. The introduction of the
Transformer architecture by Vaswani et al. [152] marked a groundbreaking devel-
opment that profoundly reshaped NLP. By leveraging self-attention mechanisms
to model long-range dependencies in sequential data efficiently, the Transformer
established a new benchmark for state-of-the-art methodologies. Central to this
architecture are the Multi-Headed Self-Attention (MSA) and Cross-Attention (MCA)
mechanisms, which utilize multiple sequences of scaled dot-product attention to
facilitate complex attention processes within the network.

Leveraging the significant success of Transformers in natural language processing
(NLP), Dosovitskiy et al. introduced the ViT [32], adapting the Transformer architec-
ture for CV applications. This model segments an image into a series of fixed-size
patches, treating each patch as a token, and employs global self-attention to analyze
these visual components. In contrast to CNNs, which possess strong inductive biases
such as locality and translation invariance through convolutional filters and pooling
operations, the ViT lacks these biases. This absence of inductive bias enables the
ViT to scale more effectively [145], but it necessitates training on larger datasets
to achieve competitive performance. Furthermore, when processing large images,
the computational demands of global self-attention increase quadratically with the
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number of patches, rendering the basic ViT model computationally intensive and
less practical.

To address the scalability challenges inherent in processing large images, particularly
the computational intensity of global self-attention in the ViT, Liu et al. proposed the
Swin Transformer [90]. This architecture introduces a hierarchical structure with
shifted windows, effectively reducing computational complexity from quadratic to
linear with regard to image size. By computing self-attention within local windows
that shift between layers, the Swin Transformer achieves a balance between compu-
tational efficiency and modeling capacity, enhancing the practicality of Transformers
across a diverse range of CV applications.

An enhanced version, the Swin Transformer V2 [89], further refines the model
by substituting the scaled dot-product attention with cosine attention, offering
improved performance at larger image scales. Similarly, MaxViT [149] advances
transformer-based approaches in CV by combining window-based and grid-based
attention mechanisms. This combination maintains a sparsely connected yet globally
ERF with linear complexity. Extending the application of the Swin Transformer to
temporal data, the Video Swin Transformer [91] modifies the original architecture to
link patches spatially and temporally. This adaptation facilitates efficient processing
of video sequences, demonstrating the versatility of the Swin Transformer in various
CV contexts.

Further noteworthy approaches include DeiT [147], which significantly improves
the training of ViT through knowledge distillation. Moreover, numerous hybrid
architectures combine ViT and CNN [157, 163, 27], aiming to leverage the strengths
of both models.

2.2 Foundations of Image Understanding

This section focuses on the fundamental concepts of deep learning applied to im-
age understanding. Figure 2.2 provides a comprehensive overview of the general
architecture of contemporary deep learning algorithms for 2D image understand-
ing. Neural networks typically consist of two types of parameters: non-trainable
parameters, known as hyperparameters, and trainable parameters, which are ad-
justed during the training process in accordance with a loss function, referred to as
weights.
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Figure 2.2: Basic Components of a Vision-based Neural Network for Image Understand-
ing. This figure illustrates the fundamental structure of a vision-based deep
learning network. The primary components include a backbone, which serves
as the feature extractor, an optional supplementary neck to enhance feature
flow, a downstream branch, and the corresponding head. The configuration
of the downstream branch depends on the specific task, such as object detec-
tion, semantic segmentation, or density estimation. All components are usually
trained end-to-end.

In the context of supervised training, images are processed, and the results are
compared with a ground truth, which serves as the basis for calculating the loss.
Through backpropagation [126], the loss is utilized in the backward pass to adjust
the weights, aiming to minimize the loss. This is achieved by computing the
gradients, which indicate the extent to which each weight should be adjusted to
reduce errors effectively. This iterative optimization process is crucial for enhancing
the performance of neural networks.

The main components of the architecture for 2D image understanding include the
backbone, an optional neck, the downstream branch, and the head:

Backbone. This is the foundational network responsible for feature extraction. The
backbone typically consists of a stem and multiple backbone blocks. The stem is
generally not very deep, consisting of only two CNN layers with a stride of 2 to
downsample the input image effectively. The subsequent blocks are composed of
multiple layers, typically showing a decrease in spatial size as depth increases, while
simultaneously conveying a higher level of semantics. This hierarchical structure
enables the network to capture features at varying levels of abstraction, facilitating
a comprehensive understanding of the input image. In the context of multimodal
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data, the architecture may include multiple backbones to process different types of
input data independently.

Neck. This component is optional and often incorporates a structure similar to
a Feature Pyramid Network (FPN) [82]. The neck enhances the feature flow by
facilitating downward propagation of features, thereby allowing for better integra-
tion of multi-scale information. More complex architectures may include multiple
downsampling and upsampling layers, which further refine the feature represen-
tation. This design enables the network to leverage both high-resolution features
from earlier layers and semantically rich features from deeper layers, ultimately
improving the model’s ability to perform downstream tasks.

Downstream Branch. The downstream branch can vary significantly and is heavily
dependent on the specific task. For 2D image understanding tasks, common ap-
plications include object detection, panoptic segmentation, instance segmentation,
semantic segmentation, and density estimation. In cases where the task is straightfor-
ward image classification, this component may not be required. Instead, the output
can be directly derived from the features extracted by the backbone. However, for
more complex tasks, the downstream branch is essential as it processes the extracted
features to generate the necessary outputs, tailoring the model’s predictions to the
specific requirements of each application. This adaptability is a key strength of
modern deep learning architectures, allowing them to address a wide range of visual
perception tasks.

Head. The head is the final module that processes the output from the downstream
branch to produce the final predictions. It can be distinguished between inference
and training modes, as the latter incorporates loss functions for optimization. Ad-
ditionally, it is possible to have multiple heads, particularly in scenarios involving
multi-task learning or tasks such as instance segmentation. This allows the model
to simultaneously perform different predictions, leveraging shared features for im-
proved efficiency. Furthermore, auxiliary heads [143] can be utilized during training
to enhance the learning process, although they are typically not employed during
inference. These auxiliary heads can provide additional supervision, helping to
refine the model’s performance on primary tasks. Overall, the head plays a critical
role in converting the learned representations into useful outputs, tailored to the
specific objectives of the application.
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2.3 Regularization

The primary goal of regularization in machine learning is to prevent overfitting,
which occurs when a model excessively adapts to the training data, ultimately
leading to a decline in performance during inference. Overfitting results from a
model capturing noise and specific patterns in the training set rather than the
underlying general trends that are present in the data.

Regularization can be achieved through a variety of techniques, each designed to
impose constraints on the model’s complexity or to enhance its ability to generalize
to unseen data. Some notable regularization methods include:

Early Stopping. This technique is relatively straightforward yet highly effective
[170]. During the training process, if the validation performance metrics begin
to degrade, the training is stopped. This is typically monitored by evaluating the
model’s performance on a separate validation dataset at regular intervals.

Dropout and Drop Path Regularization. Commonly used in neural networks,
dropout [141] involves randomly deactivating a subset of neurons during training.
This prevents the model from becoming overly reliant on specific neurons, promoting
a more robust representation of the data. Drop Path [71] expands this idea by
deactivating neurons and whole branches in a given neural network while training.
This leads to more robust learned weights.

Data Augmentation. During training, the diversity of the dataset can be enhanced
through various simple data transformations, such as rotation, scaling, and flipping,
applied to the input data [135]. These augmentations effectively increase the
variability within the training set, which in turn enhances the model’s generalization
capabilities. By exposing the model to a wider range of scenarios, data augmentation
helps to learn more robust features that are less sensitive to specific instances in the
training data.

However, it is crucial that the chosen data augmentation techniques are contextually
appropriate for the specific application. For instance, in a maritime setting, applying
a vertical flip transformation may not be sensible, as ships do not hover in the air,
and their orientation is significant. Such an inappropriate transformation could lead
to misleading representations and degrade the model’s performance.

Normalization. Normalization techniques can improve regularization and reduce
Internal Covariate Shift [58]. Internal Covariate Shift is a phenomenon observed in
neural networks during training, characterized by the changing distribution of inputs
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Figure 2.3: Normalization Layers. An overview of fundamental normalization layers
employed in deep learning architectures. The variables C, N , H, and W
represent the channel, batch, and spatial dimensions, respectively. The colored
parts indicate the components included in a normalization group.

to a specific layer as the parameters of preceding layers are updated. As the model
learns and modifies its weights, the outputs produced by earlier layers fluctuate,
consequently impacting the input distribution for later layers. This continuous
alteration can introduce instability in the training process, as each layer must
consistently adjust to the evolving input distribution. Such instability can hinder the
convergence of the model, thereby reducing performance. Figure 2.3 presents an
overview of normalization techniques.

Batch Normalization (BN) [58] operates by gathering all data points within a batch
and normalizing them to have a common mean and standard deviation. This
technique enhances robustness during training to variations in the scale and shift of
the input data, and it is also robust to the scale of the weight vectors. However, BN
is only stable when the batch size is sufficiently large; smaller batch sizes can lead
to inaccurate estimates of the mean and standard deviation, resulting in decreased
performance. Additionally, the dependence on mini-batch statistics means that the
behavior during training and inference can differ, potentially causing inconsistencies.
Consequently, BN is not well-suited for recurrent networks or other sequential
models where batch sizes are often small or variable, and where the sequential
dependencies make batch-wise normalization challenging.

Layer Normalization (LN) [77] normalizes the inputs across the features instead of
across the batch dimension. This feature-wise normalization makes LN particularly
effective for small mini-batch sizes and recurrent neural networks (RNNs), especially
when processing sequential data. In these contexts, the statistical properties of the
batch are less informative due to the small size or sequential dependencies, and LN
provides a more stable normalization. However, LN may not perform as well with
CNNs, where BN often yields better results by leveraging batch-level statistics to
improve learning and generalization.
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Instance Normalization (IN) [151] focuses exclusively on individual feature maps,
normalizing each pixel map independently. This method is particularly effective for
style transfer tasks, as it allows each instance to retain unique style characteristics
without being influenced by batch-level statistics.

Group Normalization (GN) [164] serves as a trade-off between Instance Normaliza-
tion and Layer Normalization. By dividing the channels of each layer into groups
and computing the mean and variance within each group, GN preserves spatial de-
pendencies more effectively than LN, making it better suited for CNNs. GN operates
independently of the batch size by normalizing along the channel dimension, which
makes it particularly effective when training with small or variable batch sizes. In
many cases, GN performs comparably to BN for CNNs, providing a viable alternative,
especially when batch sizes are small or variable.

Weight Normalization (WN) [130] operates differently from methods like Batch
Normalization (BN). Instead of normalizing the activations, WN normalizes the
weights of the neural network layers. By reparameterizing the weight vectors to
have a fixed Euclidean norm, it decouples the length of the weight vectors from their
direction. This approach makes WN computationally cheaper than BN because it
avoids the need to compute statistics over mini-batches during training. In terms of
training error, WN performs similarly to BN; however, it often yields worse testing
error. This discrepancy suggests that while WN can facilitate optimization during
training, it may not generalize as well to unseen data compared to BN.

Incorporating these normalization strategies can significantly enhance a model’s
ability to generalize to new, unseen data, ultimately leading to improved performance
in practical applications. Normalization remains a critical aspect of model training in
machine learning, as it aligns the model’s complexity with the available data while
mitigating the risks associated with overfitting.

2.4 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) serve as fundamental building blocks in the
creation of neural networks for image analysis tasks. The spatial bias inherent in
CNNs is a crucial factor contributing to their effectiveness, as it enables the network
to capture and exploit spatial hierarchies in visual data. CNN architectures are often
combined with pooling layers, activation functions, and normalization layers.
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(a) 2D CNN with a 3×3 kernel. (b) 2D Depthwise CNN with a 3×3 kernel.

(c) Pointwise CNN with a 1×1 kernel. (d) 2D Dilated CNN with a 2×2 kernel.

(e) 3D CNN with a 2×2 kernel. (f) 2D Transposed CNN 3×3 kernel.

Figure 2.4: Convolutional Layers. This figure illustrates the fundamental architecture of
convolutional layers within a CNN. All layers depicted are configured without
padding and employ a stride of one. The white, red, and blue cubes symbolize
the inputs, weight matrices, and outputs, respectively.

Figure 2.4 illustrates the basic structure of convolutional layers. The core concept of
a convolutional layer is that a kernel slides over the image, performing element-wise
multiplication with corresponding input values and aggregating the products to
produce a single output value at each step. The kernel values, known as weights,
are learnable parameters and are implemented in parallel structures referred to as
filters. This operation, called the convolution operation, results in a feature map
emphasizing specific patterns or features within the image, such as edges, textures,
or particular shapes, depending on the used kernel. CNNs are usually configured
by a stride, the step size of the sliding window, supplementary padding operations,
kernel size, the size of the window, and further settings like dilation. Dilated
convolutions have a larger ERF, but slightly worse performance in capturing narrow
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correlations between pixels. Furthermore, convolutional layers can be transposed
and used to learn upsampling operations. This enables better upsampling at a higher
computational cost than traditional methods like bilinear upsampling. Usually, all
channels are processed through a convolutional kernel, but in the case of a 2D
depthwise convolutional kernel, each input channel is processed separately by its
own kernel. In combination with a pointwise CNN layer, which has a kernel size of
1× 1, this results in a depthwise separable convolutional layer [55]. These require
fewer weights and fewer computations, resulting in significantly enhanced efficiency.
However, they may lose accuracy as a result. Other notable convolutional layers are
dynamic kernels [175] and dynamic convolutions [19].

2.5 Vision Transformer

CNN architectures are characterized by a strong inductive spatial bias, while trans-
former architectures, in comparison, exhibit less. This difference typically makes
transformers more difficult to train and necessitates larger datasets; however, it also
allows for enhanced scalability. Furthermore, transformers exhibit a notably large
Effective Receptive Field (ERF), particularly when employing global attention mech-
anisms. This characteristic allows them to capture long-range dependencies within
the data more effectively. Hybrid models that integrate both methodologies present
a trade-off. However, pure transformers can achieve performance comparable to
hybrid architectures or higher when a substantial number of training samples are
available.

Figure 2.5(e) presents the basic idea behind ViT. An input image is first tokenized,
meaning that multiple pixels are converted into a token, which is then by default
processed by a 2D CNN layer by default and subsequently flattened. These patch
embeddings are further supplemented with positional embeddings. This addition is
necessary because the resulting vectors are fed into the ViT as a sequence. Trans-
formers are, by nature, invariant to the order of the input; thus, additional positional
information must be modulated onto the patch embeddings.

In the original ViT [32], fixed sinusoidal positional embeddings are utilized. These
embeddings do not require learned parameters and can handle sequences longer than
those seen during training; however, they encounter challenges with more complex
positional dependencies compared to learned positional embeddings. Learned
embeddings can mitigate this issue but come with a fixed maximum length and are
computationally expensive.
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(e) Core principle of a Vision Transformer.

Figure 2.5: Vision Transformer. The Vision Transformer (ViT) [32] describes a method-
ology that involves partitioning an image into multiple patches, transforming
these patches into tokens through linear embedding, and subsequently com-
puting self-attention among them. Notably, ViT utilizes only the Transformer
encoder. Initially, ViT employs global attention, which allows each token to at-
tend to all other tokens across the entire image. Alternatives to global attention
include window attention [90], grid attention [149], and deformable attention
[181].

Relative positional embeddings [133] operate differently, as they aim to encode
the relative distances between tokens rather than their absolute positions. These
can be more effective for varying context lengths, but they introduce additional
computational overhead. Newer methods, such as Rotary Positional Embeddings
(RoPE) [142], enable longer contexts but are more challenging to implement and
require fine-tuning.

ViT is based on the transformer encoder, which employs self-attention mechanisms.
The architecture of ViT comprises multiple blocks, each consisting of several layers.
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An overview of a layer is presented in Figure 2.5e. The patch embeddings are
processed through a Layer Normalization (LN), after which the patches are split
into three matrices: Query Q, Key K, and Value V . Each vector is passed through a
linear layer and then fed into a Multi-Headed Self Attention MHSA module.

In this module, the vectors are distributed across multiple heads, analogous to the
filters in CNNs. For each head, Q is first multiplied by KT , yielding the attention
scores A. The attention scores A are then normalized by dividing them by the square
root of the dimensionality of K

√
dk. Subsequently, a softmax operation is applied

to the normalized A, which is then multiplied by the vector V . The results from all
heads are concatenated and added to the identity of the layer input.

This vector is normalized by a Layer Normalization (LN) and passed through a MLP,
after which it is summed with its identity. The output of this layer can then be
utilized as the input for the subsequent layer.

When all tokens are utilized for self-attention, this is referred to as global attention.
This approach offers the advantage of a vast effective receptive field (ERF). However,
the computational requirements increase quadratically with image size, making it
less feasible for large images. To address this issue, Liu et al. proposed shifted
window attention [90]. This method calculates attention only over a portion of the
image. In the case of shifted window attention, the attention windows are shifted to
incorporate all neighboring relationships.

This concept is further enhanced by integrating grid attention [149] with window
attention. Grid attention operates similarly to dilated CNN layers, providing a sparse
attention mechanism across the entire image. This approach enables the capture
of both local and global correlations. Additionally, deformable attention [181],
introduced for DETR, significantly improves training efficiency. In this framework,
the sparse attention mechanism can focus on relevant tokens by utilizing reference
points, significantly enhancing the model’s convergence time.
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Dust Density Estimation 3
In the following, quotations to related publications are highlighted by colored
bars placed on the outer border of the text, even though minor editorial
changes have been made. The color encoding used is as follows:

• Michel, A., Mispelhorn, J., Schenkel, F., Gross, W. & Middelmann,
W. (2020, September). An approach to improve detection in scenes
with varying object densities in remote sensing. In Image and Signal
Processing for Remote Sensing XXVI (Vol. 11533, pp. 107-113). SPIE.
Reprinted with permission. It is cited as [98].

• Michel, A., Weinmann, M., Schenkel, F., Gomez, T., Falvey, M., Schmitz,
R., Middelmann, W. & Hinz, S. (2023, July). Terrestrial visual dust
density estimation based on deep learning. In IGARSS 2023 – 2023
IEEE International Geoscience and Remote Sensing Symposium (pp.
4923-4926). IEEE. Reprinted with permission. It is cited as [104].

• Michel, A., Weinmann, M., Schenkel, F., Gomez, T., Falvey, M., Schmitz,
R., Middelmann, W. & Hinz, S. (2023, September). DustNet: Attention
to Dust. In DAGM German Conference on Pattern Recognition (pp. 211-
226). Cham: Springer Nature Switzerland. Reprinted with permission.
It is cited as [101].

• Michel, A., Weinmann, M., Kuester, J., AlNasser, F. , Gomez, T., Falvey,
M., Schmitz, R., Middelmann, W. & Hinz, S. (2025, February). Dust-
Net++: Deep Learning-Based Visual Regression for Dust Density Estima-
tion. In International Journal of Computer Vision (pp. 1-25). Springer.
Reprinted with permission. It is cited as [100].

This chapter provides a comprehensive overview of the research efforts dedicated
to the development of density estimation algorithms throughout the course of
this thesis, utilizing the specific example of dust monitoring as a focal point. As
illustrated in Figure 3.1, which visually represents the development process, the
initial sections of the chapter will delve into the problem statement, elucidating
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Objective

CrowdFPN DeepDust DustNet DustNet++

Architectures

Figure 3.1: Topics of Chapter 3. This figure details the process of developing and en-
hancing neural network architectures specifically for dust density estimation.
The primary focus includes articulating the motivation behind this research
and presenting the objectives pursued. Furthermore, the chapter traces the
evolutionary trajectory of the various approaches developed and employed
throughout this study. An extensive evaluation is conducted using two distinct
dust datasets, providing a comprehensive analysis of the models’ performance
and effectiveness in addressing the challenges associated with dust density
estimation.

the complexities and challenges associated with monitoring dust concentrations in
various environments. Moreover, it will articulate the motivation underlying this
research endeavor, highlighting the significance of effective dust monitoring for
public health, environmental protection, and regulatory compliance. Recognizing
that the problem of dust monitoring has not been thoroughly explored in the existing
literature, this discussion will extend to encompass related issues that employ pixel-
wise regression techniques. Specifically, the chapter will address pertinent topics such
as crowd counting and monocular depth estimation. These areas serve as illustrative
examples of how density estimation can be applied in different contexts, thereby
providing a broader understanding of the methodologies involved. Subsequently,
the chapter will trace the evolution of various architectural frameworks, beginning
with CrowdFPN and advancing to DustNet++, while also including intermediary
developments such as DeepDust and DustNet. This historical perspective will not
only delineate the advancements in algorithmic design but will also underscore the
iterative nature of research and development in this field. Once the datasets utilized
for training and testing the models, as well as the configurations of these models,
have been thoroughly presented, the chapter will proceed to offer a comprehensive
overview of the experimental results obtained from the research. This analysis
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Figure 3.2: Objective. Our methods aim to estimate the level of dust in an RGB image or
sequence. The images on the left display a construction site [42], the central
image depicts a scene from the surface of Mars [108], and the image on the
right illustrates an opencast mine. For each image, our DustNet++ model
predicts a corresponding dust density map. It is important to note that the goal
of our model is not to achieve physically accurate dust estimation, but rather to
mimic a human observer who describes the dust levels in a given scene.

will include quantitative and qualitative assessments of the models’ performance,
providing insights into their efficacy in dust monitoring applications. Finally, this
chapter will conclude with a critical discussion of the findings, synthesizing the
insights gleaned from the experimental results and placing them within the broader
context of the field. The concluding section will summarize the key conclusions
drawn from the research, presenting their implications for future work and potential
applications in environmental monitoring and beyond.

3.1 Motivation

Monitoring airborne dust emissions is an essential endeavor due to its profound im-
pact on climate, human health, infrastructure, buildings, and various socio-economic
sectors [146, 65, 51, 78]. The source of airborne dust particles can stem from
natural phenomena such as strong winds, wildfires, and seismic activities, as well as
from human activities [172, 136, 65]. Predominant anthropogenic sources include
construction sites, vehicular traffic, and mining operations. While the complete
eradication of dust emissions is unattainable, targeted suppression measures can
be implemented. These measures might include but are not limited to watering
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untreated roads, decelerating vehicles, or curtailing mining activities. However,
effective and economical monitoring of dust emissions is imperative to enhance dust
mitigation strategies. Conventional instrument-based in-situ monitoring equipment
does not focus on identifying emissions but on concentrations of particles.

On the other hand, while insightful, advanced remote sensing technologies such as
3D LiDAR scanning are not economically viable on a large scale and often yield noisy,
ambiguous data, particularly in complex terrains. Consequently, visual monitoring
through camera-based systems stands out as a more feasible option for the detection
of airborne dust emissions. Nonetheless, the field of visual dust density estimation
remains significantly under-explored. The scarcity of research in this domain is
largely attributable to the intricate challenge of detecting dust in images, a task that
is highly ill-posed. Numerous factors contribute to the complexity of dust detection;
dust can vary greatly in density and can appear both opaque and translucent. The
variation in dust density can be imbalanced, with dense dust from dust storms
occurring less frequently in arid regions than the more transparent dust brought
about by mild winds, often manifesting sporadically during specific meteorological
conditions. Additionally, dust can originate from a multitude of locations and due to
various factors. The transparency of dust means that its visual appearance is heavily
influenced by environmental conditions, leading to indistinct boundaries in images.
Consequently, images depicting dust often appear partially blurred and typically
exhibit low spatial contrast. Classical algorithms struggle to capitalize on these
partial blur effects because similar effects are also produced by other atmospheric
phenomena, such as fog or clouds. Furthermore, while human observers may find
it easier to identify dust across a sequence of images, algorithmically harnessing
temporal data to improve detection accuracy poses a significant challenge. Moreover,
the absence of a consistent color scheme for dust complicates its detection based
on visual cues alone. For instance, opaque dust may exhibit a brownish hue during
a dust storm or appear black in the aftermath of a mining explosion. Collectively,
these characteristics underscore the necessity for a more sophisticated approach to
detect and monitor airborne dust emissions effectively.

In the last decade, deep learning has had huge success in various tasks like classifi-
cation [69], object detection [120], neural linguistic processing [152], and remote
sensing [180]. However, airborne dust monitoring, obstructed by the aforemen-
tioned challenges, is not well researched, and most scientific papers focus on satellite
images [74], or related tasks like smoke binary segmentation [173].

Recently, De Silva et al. published the Unsealed Roads Dust Emissions (URDE)
dataset [29] representing a binary dust segmentation dataset. While this can be
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seen as a first important step towards dust monitoring, we believe that a regression
approach could be more beneficial. In contrast to semantic segmentation, which
aims to predict labels on a per-pixel basis, the continuous range of dust densities
rather suits a regression strategy. Furthermore, the vague boundaries of dust make
it challenging to create discrete hard labels.

Accordingly, this research centers on a novel task: dust density estimation, as
illustrated in Figure 3.2. The primary objective of our proposed model is to estimate
the level of dust present in an RGB image or a sequence of images on a per-pixel
basis. It is crucial to emphasize that the aim of our model is not to achieve a
physically precise quantification of dust levels; rather, it seeks to emulate a human
observer’s description of dust concentrations within a given scene. This approach
allows for a more intuitive understanding of dust presence, aligning our model’s
output with human perceptual experiences.

To achieve this objective, we outline the evolution of various architectural frame-
works, beginning with CrowdFPN and advancing to DustNet++, while also high-
lighting intermediary developments such as DeepDust and DustNet. This historical
overview will not only clarify the advancements made in algorithmic design but also
emphasize the iterative process inherent in research and development within this
domain. In order to validate the effectiveness of our approach, we compare the re-
sults achieved to those of visual density estimation techniques originating from other
domains, including monocular depth estimation (MDE) and crowd counting. MDE
aims at estimating the scene depth on a per-pixel basis, whereas crowd counting
is the task of approximating the number of people in a given image. Though both
tasks differ strongly from dust density estimation, our method is heavily influenced
by ideas of both domains.

In summary, the key contributions of this chapter are as follows:

1. We investigate the relatively unexplored area of airborne dust density estima-
tion and propose several neural network architectures.

2. We introduce CrowdFPN [98], which leverages multiscale feature maps by
employing FPN structures to estimate density maps.

3. We present DeepDust [103], which builds upon the principles of CrowdFPN
while enhancing feature flow and incorporating new convolutional structures.

4. We introduce DustNet [101], which integrates attention-based and convolu-
tional FPN structures to effectively merge local and global features. Addition-
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ally, DustNet C addresses the fusion of temporal features within the context of
dust density estimation.

5. We unveil a novel architectural model, DustNet++ [100], characterized by
a more streamlined design that outperforms its predecessor presented in the
initial conference version. DustNet++ utilizes an innovative cross-multi-
axis feature pyramid network that facilitates interactions across different
resolutions and semantic levels of feature maps, while maintaining both global
and local interactions within a single feature map.

6. To demonstrate the efficacy of our proposed neural network architectures, we
compare their performance with existing methods from the crowd counting
and MDE domains using the Meteodata dust dataset.

7. To assess the generalization capability of our approach, we provide a quantita-
tive analysis utilizing the URDE dataset.

3.2 Related Work

This section focuses on methodologies from other domains that have inspired the
approach to dust density estimation. Given that dust density estimation is an
area that has been under-explored, we have drawn inspiration from established
techniques in adjacent fields, specifically crowd counting and monocular depth
estimation. These domains offer valuable insights and methodologies that can be
adapted to enhance our understanding and capabilities in estimating dust density.
We will pay particular attention to the PixelFormer [2], which has played a crucial
role as the foundational model for DustNet.

3.2.1 Crowd Counting

Density estimation methods have been used successfully in crowd counting [177,
131, 81, 88, 93]. The objective of crowd counting is to predict a coarse density map of
the relevant target objects, e.g. people. The ground truth is generated by smoothing
center points with a multi-dimensional Gaussian distribution. Recent approaches
are focused on increasing the spatial invariance [93] or dealing with noise in the
density maps [22]. Most works are designed for individual images, but Avvenuti
et al. [5] take advantage of the temporal correlation between consecutive frames
in order to reduce localization and count error. CrowdFPN [98] was significantly
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inspired by CanNet [88]. CanNet introduces an end-to-end trainable architecture
that effectively integrates multi-scale features without requiring explicitly defined
patches. Instead of relying on predetermined structures, it learns to assign weights
to these features on a per-pixel basis, facilitating a robust adaptation to rapid
scale variations. Additionally, the implementation of multi-scale pooling operations
enables the model to encompass an arbitrarily large range of receptive fields. This
capability allows CanNet to consider a significantly broader context than is possible
with the multiple receptive fields utilized in prior approaches.

3.2.2 Monocular Depth Estimation

The first CNN-based method for monocular depth estimation was presented by Eigen
et al. [35]. They utilized global and local information in order to predict depth
images from a single image. Further improvements of the pure CNN approaches
focus on Laplacian pyramids [139], multi-scale convolutional fusion [155], struc-
tural information [75] or the exploitation of coplanar pixels [112] to improve the
predicted depth. Recently, hybrids between CNN and Vision Transformer [32] based
architectures improved the depth estimation process. Ranftl et al. [116] proposed
to pass features from a CNN-based ResNet [48] extractor to a Vision Transformer
to capture global information. Furthermore, the NeWCRFs [174] approach utilizes
window-based Vision Transformers [90]. Fu et al. [41] introduced the depth pre-
diction task as a classification–regression problem. Hereby, the classification part
consists of predicting discretized bin centers, and the regression part utilizes the bin
centers to produce high-quality depth maps. This approach was improved by Bhat
et al. [7] by predicting adaptive bins. The PixelFormer architecture [2] combines
transformer architectures with the bin center approach and adds skip connections
modules to improve the feature flow between different encoder feature levels.

3.2.3 Revisiting PixelFormer

Similar to NeWCRFs [174], PixelFormer architecture utilizes a Swin transformer
[90] as its backbone. Features extracted from the coarsest resolution are directed
to a pixel query initializer (PQI) module, which is an adapted UperNet head [167].
The primary function of the PQI module is to aggregate global information through
pyramid spatial pooling [49]. The resulting features are processed through two
branches: one for predicting bin centers and the other for estimating the pixel-wise
probability distribution over these bin centers. The branch responsible for predicting
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bin centers comprises a bin center predictor (BCP) neural network, which employs
global average pooling followed by a multilayer perceptron to generate the bin
centers. These bin centers are represented as a one-dimensional vector, with the
vector’s length corresponding to the number of adaptive bins allocated per image.
To compute the probability scores on a pixel-by-pixel basis, the aggregated features
from the PQI are combined with the coarsest features from the backbone and passed
to a skip attention module (SAM). The SAM operates similarly to a Swin transformer
block [90], incorporating window cross-attention. However, unlike traditional
configurations where the query, key, and value matrices originate from the same
input feature map, the SAM shares the same input for the key and value matrices
while utilizing a different input for the query matrix. Specifically, the first query
matrix is derived from upsampled features generated by the PQI neural network,
while the key and value matrices are based on the features from the coarsest level
of the backbone. For subsequent SAM blocks, the query matrix is computed from
the upsampled output of the preceding SAM block, and the second coarsest layer
from the backbone is fed into the SAM. This process is iteratively repeated for each
layer of the backbone. After the fourth SAM block, the output is processed through a
convolutional layer followed by a softmax function. Ultimately, a linear combination
of the resulting probability scores with the bin centers is used to produce depth
maps.

3.3 CrowdFPN

This section delineates the foundational architecture of our proposed CrowdFPN
presented in [98]. CrowdFPN is inspired by CanNet [88], integrating similar context-
aware features. However, unlike CanNet, which utilizes the VGG architecture—now
considered somewhat outdated—CrowdFPN adopts a more contemporary backbone
structure, specifically leveraging ResNet. A significant innovation of CrowdFPN is its
shift away from average pooling for generating feature maps across various scales.
Instead, it employs the diverse feature maps produced by the backbone, which are
processed through a FPN. This approach not only enhances the adaptability of the
architecture but also ensures a more future-proof design capable of accommodating
ongoing advancements in network architecture and feature extraction techniques.

3.3.1 Architecture Overview
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CrowdFPN, as depicted in Figure 3.3, is meticulously designed to process large
images, ultimately yielding continuous dust density maps. The initial phase involves
the backbone architecture, which transforms these images into suitable embeddings
tailored for the downstream task of dust density estimation. In the subsequent
stage, the embeddings B0, B1, B2, B3 corresponding to image size of {1

4 , 1
8 , 1

16 , 1
32}

are concurrently input into the FPN. This integration significantly enhances the flow
of features between the layers, enabling the model to effectively leverage multi-
scale information. The FPN generates four embeddings S0, S1, S2, S3 that maintain
uniform spatial dimensions, facilitating seamless integration in the subsequent stages
of the architecture. These embeddings are then directed to a fuser module, where
they undergo merging and concatenation. This crucial step combines rich contextual
information from various scales, leading to a more comprehensive representation
of the input data. Ultimately, the backbone utilizes these combined embeddings to
predict the dust density map. The final output demonstrates the model’s capability
to integrate and process features from different stages of the processing pipeline,
resulting in an accurate and continuous representation of dust density across the
analyzed images. The architecture’s design underscores the importance of multi-
scale feature integration, allowing CrowdFPN to effectively capture the complexities
inherent in dust density estimation tasks.

3.3.2 CrowdFPN Modules

Fuser. The fuser module receives embeddings S0, S1, S2, S3 from the FPN, with
S1 serving as the reference embedding. The other branches are upscaled and
downscaled to match the image size of S1, corresponding to a size of 1

8 of the original
images. The reference embedding is subtracted from the remaining embeddings,
which are then processed through a convolution module that consists of a 2D
convolution layer, a batch normalization layer, and a sigmoid activation function.
The resulting embeddings are element-wise multiplied by their respective residuals.
The same convolution module processes the reference embedding, and finally, all
feature maps are concatenated to form the embedding D0.

Backend. The backend architecture includes a squeeze and excitation block, several
conventional and dilated convolution modules, and concludes with a convolution
layer that predicts the dust density map. The use of dilated CNN layers is justified
to effectively enlarge the ERF. An overview of the various CNN layers can be seen
in Figure 2.4. Each convolution module includes a sequence of a 2D convolution
layer, batch normalization, and a ReLU activation function, ensuring effective feature
extraction and representation throughout the model.
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3.4 DeepDust

The core concept of our proposed algorithm, DeepDust presented in [104], is
illustrated in Figure 3.4. DeepDust builds upon the foundation established by
CrowdFPN, incorporating several architectural modifications. Notably, it replaces the
Feature Pyramid Network (FPN) with a matcher structure that utilizes 2D transpose
convolutional layers (Figure 2.4) and implements an alternative feature routing
approach. Additionally, the number of branches has been reduced from four to three,
while maintaining identical image resolutions across these branches. This reduction
not only contributes to a smaller memory footprint but also facilitates the use of
larger batch sizes during training. Furthermore, enhancements have been made to
the backend module, optimizing its performance and contributing to the overall
efficacy of the DeepDust architecture.

3.4.1 Architecture Overview

DeepDust utilizes high-resolution images to output continuous dust density maps.
The images are first processed in the backbone to create suitable embeddings for the
downstream task. In the next step, the embeddings of the different backbone blocks
are simultaneously fed into the matcher. It improves the feature flow between the
layers and outputs three embeddings of the same size. The features are then sent
to the fuser and are merged and concatenated. Finally, the backbone predicts the
density map using the formerly produced embeddings.

3.4.2 DeepDust Modules

Matcher. The matcher has an FPN-like [82] structure, enabling the features from
highly semantic enriched features extracted from the upper backbone blocks to
enrich low-level semantic features extracted from the lower backbone block. It is fed
with embeddings from four backbone blocks with the resolution scales {1

4 , 1
8 , 1

16 , 1
32}

of the original images. Hereby, the embeddings extracted from the higher backbone
blocks are upsampled by a transposed convolution module and respectively con-
catenated with the embeddings from the lower backbone block to three combined
embeddings. The transposed convolution module consists of a sequence of a 2D
transposed convolution layer, batch normalization, and ReLU activation function.
Each embedding is then resized to a scale of 1

8 of the original image and processed
by a further convolution module. The convolution module includes a 2D convolution
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layer, batch normalization, and ReLU activation function. After the resizing and the
convolution module, each embedding S0, S1, S2 possesses the same dimensions.

Fuser. The fuser utilizes the embedding S0 as the reference. The reference is
subtracted from the remaining embeddings and then processed by a convolution
module consisting of a 2D convolution module, a batch normalization layer, and a
sigmoid activation function. The resulting embeddings are then multiplied element-
wise with their residuals. The same type of convolution module also processes the
reference embedding. Then, all feature maps are concatenated to the embedding
D0.

Backend. The backend consists of a squeeze and excitation block, multiple con-
volution modules, and finally, a convolution layer that predicts the dust density
map. The convolution module includes a sequence of a 2D convolution layer, batch
normalization, and ReLU activation function.

3.5 DustNet

In the following, the proposed DustNet architecture [101] is introduced, as illustrated
in Figure 3.5. After presenting the submodules, attention is directed towards the
various temporal fusion approaches, depicted in Figure 3.6.

3.5.1 Overview of the Network Structure of DustNet

DustNet processes input image sequences X of the dimensions T × H ×W × 3
to a continuous dust density map of dimensions H

2 ×
W
2 × 1. T may consist of

a maximum of three consecutive images, where the target y is assigned to the
current image xt0 . The images are fed into the backbone, which produces multiple
feature maps with decreasing resolution and ascending information aggregation.
The backbone features are passed to a Pyramid Pooling Module (PPM) [178] and
the Attention Feature Pyramid Network (AFPN). Hereby, in order to reduce the
computational complexity, only half of the channels of feature maps are transferred
to the AFPN. The PPM head aggregates global information fed into the AFPN and
the fuser module. The AFPN mixes the feature maps of different resolutions and
information aggregation levels. The processed feature maps are transferred to the
matcher module, accumulating the features maps into one high-resolution map.
Then, the high-resolution features are merged with the global information features
aggregated from the PPM head in the fuser module. Eventually, the combined
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Figure 3.5: Overview of DustNet. The basic blocks are a backbone, the AFPN, the matcher,
the PPM, the fuser, and the backend. Given an input image, a CNN-based
encoder neural network extracts multiple feature maps in different scales. The
features are fed into the PPM head to extract global features, and into the AFPN.
The objective of the AFPN is to calculate the window cross-attention between
the different feature maps. Then, the AFPN feature maps are passed to the
matcher module, which combines the features by concatenating and upscaling
the features by transpose convolutions. Thereafter, the features are fed into an
adaptive convolutional layer in the fuser module. In order to mix local high-
resolution features with global low-resolution features, features from the PPM
head are pooled and serve as the kernel weights of the adaptive CNN. Finally, a
backend consisting of multiple sequences of CNNs, batch normalization, and
activation functions followed by a CNN predicts the dust density map.

features are processed by the backend, which consists of multiple sequences of
CNNs, into a dust map.

3.5.2 DustNet Modules

Backbone. The backbone consists of a stem module and four blocks. We use this
common backbone scheme in order to leverage pre-trained neural networks. We
prefer a convolutional backbone like ResNet [48] instead of a transformer backbone
due to the requirement to process high-resolution images. The backbone produces

34 Chapter 3 Dust Density Estimation



multiple feature maps with the resolution scales {1
4 , 1

8 , 1
16 , 1

32} of the original images
with the number of channels C of {256, 512, 1024, 2048}.

Pyramid pooling module. We utilize a PPM head [178] like in [2, 174] to aggregate
global information of the whole image. We use global average pooling of scales
{1, 2, 3, 6} to extract the information. After extracting the features, we concatenate
them and process them by a convolutional layer to the feature map Q4 with the
dimension of 512× H

32 ×
W
32 .

Attention feature pyramid network. The AFPN mixes high-resolution features with
low semantics with low-resolution high semantic features. Instead of a traditional
FPN like [82] utilizing CNNs, we are inspired by [2] and use four Swin blocks
with cross window attention to improve the feature flow between the feature map
layers. However, instead of applying scaled dot attention, we utilize cosine attention
similar to [89]. This modification enhances the attention mechanism’s ability to
scale effectively with large images. The key and value matrix inputs are derived from
the backbone feature maps, but to reduce computational complexity, we transfer
only half of the channels. The query matrix is filled by the output of the upsampled
stage from the step before. The query matrix with the coarsest resolution originates
from the global aggregated features of the PPM head.

Matcher. The matcher module also has an FPN-like architecture [82]. We upsample
feature maps from the AFPN via a Transposed Convolution Module (TCM). It consists
of a 2D transposed convolution with a stride and kernel size of two, followed by
batch normalization [58] and a Sigmoid Linear Unit SiLU [36] activation function.
Like [80] suggests, we apply only batch normalization without dropout [141]. The
coarsest resolution feature map derived from the AFPN is fed to the first TCM block.
The following AFPN feature maps are respectively concatenated to the output of
the TCM block and processed via the next TCM block. The output of the matcher
module has the dimension of C6 × H

4 ×
W
4 .

Fuser. The fuser module processes the high-resolution features D0 by leveraging the
aggregated features Q4 of the PPM head. Q4 is fed into a 2D pointwise convolutional
kernel, followed by a SiLU activation function, and pooled by global average pooling
to a feature map W0 of the dimension C6 ×K ×K. W0 serves as an adaptive kernel
for the adaptive convolutional kernel layer [175], which enriches the feature map
D0 from the matcher with global information.

Backend. The backend consists of N blocks of a sequence of a 2D convolution layer,
batch normalization, and SiLU activation functions that predict the dust density
map. We split the features into two parallel blocks for each stage and accumulate
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the outputs. Hereby, we choose a dilation of three for one branch to increase the
receptive field. After four stages, a pointwise convolutional layer predicts the dust
density maps.

3.5.3 Temporal Fusion

The preceding subsection focused exclusively on processing a single image, a variant
referred to as DustNet S. To leverage the temporal information between consecutive
images, several approaches were developed and investigated. Figure 3.6 illustrates
the various fusion strategies, which range from early to late fusion.

Image Concatenate Image. An obvious way to concatenate the images to D×H×W ,
is where the product of the number of images T and the number of channels C is
the new channel dimension D. This approach, called DustNet A, is illustrated in
Figure 3.6a. Examples of this approach can be found in [20] and [91]. Hereby, the
backbones are usually specifically adapted to 3D input.

Early Multi-scale Feature Fusion. Figure 3.6b shows the methodology behind this
fusion aspect. Features from three backbones, which share weights, are fed into the
temporal merger (TM) neural network. TM subtracts the feature maps of images
xt−1 and xt+1 respectively from xt0 and multiplies the difference. We pass the new
feature maps through a 2D pointwise convolutional layer and add skip connections
from the feature maps of the image xt0 to the output. This variant is described as
DustNet B.

Late Multi-scale Feature Fusion. This approach, called DustNet C, represents a
simple fusion of AFPN features (see Figure 3.6c). Backbone and AFPN weights
are shared between the instances. The PPM head is only fed with the backbone
features from image xt0 . In order to reduce the computational complexity and avoid
convergence problems, only two consecutive images may be used.

Adaptive Global Feature Fusion. The goal hereby is to calculate the global aggre-
gated features from a PPM head for each image. Backbone and PPM weights are
shared. The local feature branch is only fed with the multi-scale backbone features
from image xt0 . The fusion of the temporal information occurs in the fuser module.
For each PPM head, an adaptive convolutional layer is added. This variant is called
DustNet D.

36 Chapter 3 Dust Density Estimation



(a) Concatenation before processing.

(b) Early multi-scale feature fusion.

(c) Late multiscale feature fusion.

(d) Adaptive global feature fusion.

Figure 3.6: Different fusion approaches of DustNet: The fusion strategy spans from early
(a) to late (d) feature merging of each consecutive image.
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3.6 DustNet++

In the following, we introduce our proposed DustNet++ [100] illustrated in Fig-
ure 3.7. Our goal is to simplify the architecture of DustNet [102] while still facili-
tating the interaction between local and global features for high resolution images.
In order to achieve this goal, inspired by MaxViT [149], we propose a Cross multi-
axis Feature Pyramid Network (CmaxFPN). The basic blocks are a backbone, the
CmaxFPN, a feature map matching module, and the backend.

3.6.1 From MaxViT to CmaxFPN

MaxViT [149] represents a scalable and efficient approach for computer vision
applications by utilizing windowed local and dilated global attention. Let X ∈
RH×W ×C be an input feature map, which is processed by a stem consisting of a
convolutional layer and multiple stages of sequences of MaxViT blocks. The basic
MaxViT block consists of three modules: an MBConv [55] and a pair of self-attention
blocks with each respectively using window and grid attention.

MBConv. The MBConv without downsampling can be described as follows:

X ← X + Convsh (SE (DWConv (Convex (Norm(X))))) , (3.1)

where Norm represents Batch Normalization (BN) [58], Convex denotes the expan-
sion convolution layer in context of the numbers of channels with a kernel of 1× 1,
DWConv denotes a depthwise convolution layer with a kernel of 3× 3, SE denotes
the Squeeze Excitation Layer [56], and Convsh denotes the corresponding shrinking
convolution layer with a kernel of 1× 1. Each convolution layer is followed by BN
and the Gaussian Error Linear Unit (GeLU) activation function [52]. For the first
MBConv Block in every stage, the depthwise convolution layer has a stride of two
and the skip connection is replaced with a 2D pooling layer.

Multi-Axis Attention. Multi-Axis Attention is based on relative attention [27, 133].
Relative attention adds a relative positional bias B to vanilla self-attention. B is a
learned static location-aware matrix and influences the adaptive attention outputs.
Consequently, relative attention offers several advantageous features for 2D vision
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tasks such as input-adaptivity, translation equivariance, and global interactions. In
the case of a single head, relative attention is formulated as

RelAttn(Q, K, V ) = softmax

(
QKT

√
d

+ B

)
V, (3.2)

where Q, K, V ∈ RH×W ×C are the query, key and value matrices and d is the
hidden dimension. In the case of MaxViT, Q, K, V are a linear projection with each
weight respectively from the same input vector. Based on the convention for 1D
input sequences for Eq. (3.2), the second-to-last dimension of an input (..., L, C),
represents the sequence length and can be defined as the spatial axis. MaxViT does
not modify relative attention directly, but modifies the input for the spatial axis. In
the case of block attention, MaxViT reshapes the input tensor into the shape

(H, W, C)→
(

H

P
× P,

W

P
× P, C

)
→
(

H

P
× W

P
, P × P, C

)
(3.3)

with a partition size of P . Therefore, instead of calculating self-attention globally,
self-attention is only calculated locally within a partition for window attention. In
order to enable sparse global interactions,

(H, W, C)→
(

H

G
×G,

W

G
×G, C

)
→
(

G×G,
H

G
× W

G
, C

)
→
(

H

G
× W

G
, G×G, C

)
︸ ︷︷ ︸

swapaxes

(3.4)

the spatial dimensions denoted as H and W are partitioned by the grid size G. This
division, followed by transposition and axis swapping, results in the spatial axis
representing a fixed uniform grid. The application of self-attention to the reshaped
tensor facilitates sparse global interactions. For both attention mechanisms, an
inverse partitioning function is required.

Cross Multi-Axis Feature Pyramid Network (CmaxFPN). The CmaxFPN, a fusion
between AFPN from Subsection 3.5.2 and MaxViT [149], not only facilitates local-
global interactions among the feature maps, but also introduces connections between
feature maps across different resolution scales and semantic levels. The reason for
the global field of view is the grid attention introduced by MaxViT, which enables a
global field of view without adding another branch like in DustNet.
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Initially, the feature maps are uniformly interpolated to a square dimension. The
reason for that is computational efficiency.

Subsequently, the CmaxFPN for the feature map with the highest semantic level and
lowest resolution scale structurally resembles a MaxViT block, where each MBConv
[55] is succeeded by two pairs of grid and window attention blocks. The motivation
behind expanding the original MaxViT block is that the number of layers is similar to
the following stages and to avoid architectural complexity. Cross- and self-attention
alternate in the window and grid attention pairs in the following stages. Cross-
attention is used in order to fuse the features between the the different feature
maps:

Q3 ← CmaxFPNs3(E3, E3) (3.5)

Q2 ← CmaxFPNs2(E2, Upsample(Q3)) (3.6)

Q1 ← CmaxFPNs1(E1, Upsample(Q2)) (3.7)

Q0 ← CmaxFPNs0(E0, Upsample(Q1)), (3.8)

where Qi, i ∈ {0, 1, 2, 3} describes the output for each stage sx of the CmaxFPN. The
upsample operation can be described by the following term:

Q̂i ← Conv(PixelShuffle(Qi)), i ∈ {0, 1, 2, 3} (3.9)

Pixel Shuffle [134] is employed to upsample the output from the preceding CmaxFPN
stage, subsequently aligning it with the channel number of the subsequent feature
map Ei, for i ∈ {0, 1, 2, 3}. The selection of Pixel Shuffle over alternative methods
such as interpolation functions or transpose convolutional layers is predicated on its
demonstrated efficacy within the AFPN structure, as introduced in PixelFormer [2]
and subsequently employed in DustNet [102]. Figure 3.8 delineates the fundamental
architecture of a CmaxFPN block, where an MBConv module is succeeded by a pair
of window and grid self-attention blocks, mirroring the structure of a MaxViT block.
However, the subsequent pair is configured distinctively. Rather than utilizing a
single input tensor for query, key, and value matrices, our CmaxFPN employs the
upsampled output of the previous stage Qi+1 as the query matrix, while the output
from the initial multi-axial attention block serves as the key and value matrices.
This configuration fosters interactions between features from disparate resolution
scales and semantic levels. The implementation of this cross-attention mechanism
is a prominent feature of our methodology, distinguishing it from other multi-scale
feature strategies that utilize MaxViT blocks, such as those in MaxViT-UNet [64],
which typically concatenate features across various feature maps. Our approach
distinctively leverages the cross-attention scheme to enhance feature integration.

40 Chapter 3 Dust Density Estimation



Backbone Block I

Backbone Block II

Backbone Block III

Stem

E1

Backbone Block IV

E0

E2

Upsample

CmaxFPN Block I

CmaxFPN Block II

CmaxFPN Block III

Q3

Q0

Q1

Q2 Concat

Transpose
Conv Module

Concat

Transpose
Conv Module

Transpose
Conv Module

E3

Conv Conv Conv 

Concat

Backbone

CmaxFPN Backend

Matcher

Align CmaxFPN Block IV

Align

Align

Align

Figure 3.7: Architecture of DustNet++. The basic components of DustNet++ include
the backbone, the CmaxFPN, the matcher, and the backend. These elements,
except the Pyramid Pooling Module branch and its adaptive convolution layers,
maintain a structural similarity to DustNet. The removal of the latter compo-
nents has simplified the overall architecture. To facilitate global interactions,
the AFPN has been substituted with CmaxFPN. Unlike AFPN, CmaxFPN employs
cross-window attention and additionally integrates sparse grid cross-attention,
thereby expanding the effective receptive field.

3.6.2 Components of DustNet++

In [102], the significance of integrating both global and local features was em-
phasized. Primarily, the synergistic combination of a broad field of view and
high-resolution features contributes DustNet’s superior performance. This synergy
necessitates a relatively intricate architecture that incorporates an additional branch
for high-level semantic features, albeit at a lower spatial resolution. Our proposed
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subsequent version, DustNet++, strategically eliminates this branch. Nevertheless,
in order to maintain a comprehensive field of view, MaxViT blocks are employed in
place of the conventional cross Swin blocks. MaxViT blocks exploit grid attention to
achieve global feature fusion.

Backbone. Considering an input image I ∈ RH×W ×C , where C denotes the number
of channels, W the width, and H the height. Analogous to DustNet, the image
I is processed through a backbone network, which generates four feature maps
Ei ∈ RHi×Wi×Ci , for i ∈ {0, 1, 2, 3}, corresponding to the spatial resolution scales
{1

4 , 1
8 , 1

16 , 1
32} of I.

CmaxFPN. Each of the derived feature maps are then aligned by a channel mapper to
a fixed number of channels. In contrast to DustNet, the already mentioned high-level
semantic branch, which consists of the PPM and AFPN, has been replaced by the
CmaxFPN, whose task is to fuse local and global features (cf. Section 3.6.1).

Matcher. The matcher module remains consistent with that of DustNet, processing
the output features from the CmaxFPN. It has an FPN-like architecture [82]. We
upsample the feature maps via a transpose convolution module (TCM). It consists
of a 2D TCM with a stride and kernel size of two, followed by batch normalization
[58] and a SiLU [36] activation function. As suggested in [80], we apply only batch
normalization without dropout [141]. The coarsest resolution feature map derived
from the CmaxFPN is fed to the first TCM block. The following CmaxFPN feature
maps are respectively concatenated to the output of the TCM block and processed
via the next TCM block.

Backend. The backend consists of N blocks of a sequence of a 2D convolution layer,
batch normalization, and SiLU activation functions that predict the dust density
map. We split the features into two parallel blocks for each stage and accumulate
the outputs. Hereby, we choose a dilation of three for one branch to increase the
receptive field. After four stages, a pointwise convolutional layer predicts the dust
density maps.

3.6.3 DustNet++ Duo

DustNet++ Duo is heavily inspired by its predecessor, DustNet C. The goal of the
design process for the fusion approach is to simplify the architecture, particularly
to reduce the number of branches. Like DustNet C, DustNet++ Duo utilizes two
consecutive images that are processed by a shared backbone. But in contrast to
DustNet, DustNet++ utilizes grid attention. Grid attention enables DustNet++ a
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Figure 3.8: CmaxFPN Block. The CmaxFPN block enhances the MaxViT block by incorpo-
rating cross-attention into the basic blocks. Similar to MaxViT, an MBConv is
followed by window and grid self-attention layers. In addition, a cross window
and cross grid attention layer are included. In this block, the output of the
previous feature map is utilized as a query matrix. This facilitates a feature
pathway from higher semantic levels with low spatial resolution to features
with a lower semantic level and higher spatial resolution.

Figure 3.9: Temporal Fusion. The fundamental premise of the temporal fusion methodol-
ogy implemented in DustNet++ Duo is to harness the potential of grid attention.
This is not solely for the purpose of augmenting the field of view, but also to
facilitate the feature flow among temporally sequential images. This is achieved
by spatially concatenating the images along the minor dimension after process-
ing through the backbone and then feeding them into the CmaxFPN.

simple and straightforward way to fuse the images. Before each image’s feature maps
are sent to CmaxFPN, both images are spatially concatenated along the axis with
the smaller dimension. This can be seen in Figure 3.9. This configuration enables
grid attention to orchestrate the interaction of information between consecutive
images. This method presents a more streamlined approach to fusion compared to
the techniques previously proposed by DustNet.
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Figure 3.10: Meteodata Dust Dataset. The Meteodata dust dataset comprises a collection
of sequential temporal images accompanied by their respective data distribu-
tions. Each data sample includes a triplet of consecutive images captured at
varied temporal intervals, wherein the ground truth is associated with image
at the time t0. Each image possesses dimensions of 1000 × 1920 pixels, while
the resolution of the ground truth is halved relative to that of the images.
Adjacent to the dataset description, a chart visually represents the distribution
of labels on a per-pixel basis. Notably, the dataset demonstrates a pronounced
imbalance in label distribution, with high-intensity values, potentially indica-
tive of explosive events, being remarkably rare.

3.7 Experimental Results

In this section, we outline the implementation specifics of our experiments, expound
upon the results obtained, and provide an extensive discussion of our ablation study.
Initially, we introduce the datasets employed in our research. Subsequently, we
clarify the criteria for benchmark selection and address the intricate details of our
experimental implementation. Following this, we engage in both qualitative and
quantitative evaluations of the performance of our proposed approaches. Lastly, we
elaborate on our ablation study.

3.7.1 Datasets

Our experiments are conducted using two datasets. The focus is set on visual
regression for dust density estimation on the temporal Meteodata dust dataset [103],
whereas the URDE dataset [29] is involved in reasoning about the generalization
capabilities of the involved approaches.
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Meteodata Dust Dataset. Meteodata, a spin-off company from the Department of
Geophysics at the University of Chile, has collaborated with the Fraunhofer IOSB
Institute to develop the Meteodata dust dataset. The fundamental objective of
this dataset is not to represent a physically accurate depiction of dust but rather
to simulate human perception of varying dust levels. This approach offers the
advantage of eliminating the need for expensive measurement devices, allowing for
the use of conventional industrial-grade RGB cameras instead. Human assessments
of dust conditions are often sufficient for accurately identifying dust sources and
events, thereby facilitating appropriate countermeasures, such as the watering of
roads.

The dataset has been meticulously annotated over multiple iterations by a highly
qualified team of experts specializing in airborne dust. It encompasses a diverse array
of scenes from open-pit mines, featuring a wide spectrum of dust levels. Specifically,
the dataset includes 2,298 RGB image triplets, each with dimensions of 1,000 ×
1,920 pixels. Each triplet consists of three successive images, with the ground truth
dust density map corresponding to the middle image. The mean temporal interval
between consecutive images is approximately ten seconds. Dust density values in
the ground truth are quantified using an 8-bit unsigned integer data type, with
pixel values directly proportional to dust density levels. Notably, the ground truth
represents only a quarter of the total pixels within each image, primarily due to
the challenges associated with accurately labeling dust boundaries. Achieving pixel-
perfect labeling is often impractical. Therefore, in light of the limitations regarding
precise ground truth identification and the increased computational demands that
would accompany higher resolution, a decision was made to employ a reduced
resolution for this dataset.

Furthermore, the dataset is divided into training, validation, and testing subsets,
containing 1,906, 144, and 248 image triplets, respectively. The primary challenges
associated with this dataset include the significant computational demand arising
from the large image sizes, the inherent difficulty in accurately estimating diverse
dust levels due to the considerable variability in dust concentrations, and the pro-
nounced imbalance in the frequency of various dust levels. Figure 3.10 illustrates
the imbalance present in the ground truth data. As of the time of publication, the
Meteodata dust dataset is not publicly accessible.

URDE Dataset. To assess our methodology’s generalization capability, we conducted
quantitative and qualitative evaluations on the publicly available URDE dataset [29].
The URDE dataset consists of 7000 images depicting unsealed road segments with
ten distinct types of road surface materials under various conditions, designed specif-
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ically for the assessment of vehicle-induced road dust emissions. The images were
captured using a Canon EOS 200D single-lens reflex camera and were subsequently
downsampled to a resolution of 1024 × 1024 pixels. The ground truth data, which
required over 1500 hours of manual annotation, underpins the dataset’s reliability.
From the total, 897 images were selected to form the RandomDataset_897 dataset;
this subset was divided into 800 images for training and 97 for validation purposes.
The selection criteria aimed to minimize the presence of visually similar consecutive
images within the samples and to ensure a substantial variation in dust patterns
across the dataset.

The original training dataset from URDE RandomDataset_897 was employed solely
to evaluate the generalization ability for testing purposes. It is important to note
that no training was performed using URDE and was only used to assess the general-
ization capacity of the proposed method.

3.7.2 Evaluation Metrics

We focus on evaluating the localization and regression capabilities of our proposed
models. To assess the localization performance, we modify the pixel values, setting
all those below 30 to zero and converting the remaining pixels to one. This binary
mapping allows us to utilize standard classification metrics such as Accuracy (Acc),
Precision (Pre), and Recall (Rec) for performance evaluation. Additionally, to address
the challenges posed by imbalanced data distributions commonly encountered in
semantic segmentation, we employ the Intersection-over-Union (IoU) metric, which
provides a robust measure of overlap between predicted and actual classifications.
We use the same binary scheme as for the other classification metrics. Additionally,
we utilize the Dice [31, 140] coefficient.

For the validation of regression quality, we utilize conventional metrics including the
mean absolute error (MAE) and mean squared error (MSE). These metrics provide
insights into the average magnitude of errors in the predictions. Moreover, to ensure
a fair evaluation of performance across the tail values in imbalanced datasets, we
incorporate the concept of balanced metrics. This approach adjusts the evaluation
criteria to give proportional consideration to less frequent, yet significant, data
points, thereby providing a more comprehensive assessment of model performance
across diverse dataset characteristics [10]. Therefore, we bin our data into four bins:
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0-29: Zero dust density bin (ZB)
30-99: Low dust density bin (LB)
100-169: Medium dust density bin (MB)
170-255: High dust density bin (HB)

For each bin, we calculate the MAE and MSE. Following [10, 118], we compute the
mean across all bins and obtain the average binned mean absolute error (ØB-MAE)
and the average binned mean squared error (ØB-MSE).

3.7.3 Benchmark Selection

Dust density estimation represents an emerging niche within the broader field of
environmental monitoring. A review of the existing literature highlights a limited
amount of research focused on this topic. This observed scarcity underscores the
necessity for our benchmark to incorporate methodologies from other fields such as
pixel-by-pixel visual regression, drawing insights from crowd counting, and Monocu-
lar Depth Estimation (MDE). Our selection criteria were confined to methodologies
from different domains that concentrate on the analysis of individual images. This
decision was based on preliminary observations indicating that temporal density
estimation methods, commonly employed in crowd counting research [5], face
convergence challenges in scenarios characterized by substantial irregular temporal
intervals between large consecutive images. In our methodological framework, we
juxtapose DeepDust and DustNet with CanNet [88], a context-aware, lightweight,
fully convolutional network tailored for crowd counting. The rationale for selecting
CanNet hinges on its foundational employment of the VGG16 architecture, which
provides a basis for assessing the potential applicability of simpler network structures
to temporal dust density estimation tasks. Furthermore, our exploration extends to
cutting-edge MDE models, specifically NeWCRF [174] and PixelFormer [2], both of
which incorporate the Swin Transformer as their backbone. These models are con-
figured with a window size of twelve and are tested in both base and large variants.
This selection is aimed at evaluating the feasibility of advanced MDE techniques in
addressing the specific challenges associated with temporal dust density estimation.
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Table 3.1: Model Settings. The table below outlines the configuration of the training
process. The symbol #Img indicates the number of sequential images provided
as input into the model. When two images are used, the ground truth corresponds
to the second image or in the case of three images to the middle image. The time
refers to the model’s inference time for a 1000 × 1920 pixel image on a Nvidia
A100 GPU, repeated 1000 times for a batch size of one. This configuration is
also applied to determine the maximum memory usage. The abbreviations are as
follows: Swin-B stands for Swin Transformer Base, Swin-L for Swin Transformer
Large, CNV2-B for ConvNeXt V2 Base, and r101 for ResNet101.

Model Backbone Params Time MeM #Img
CanNet VGG16 18 M 28.53 ms 6.4 GB 1
CrowdFPN r101 54 M 70.02 ms 24 GB 1
NeWCRF Swin-B 140 M 80.36 ms 8.0 GB 1
NeWCRF Swin-L 270 M 114.6 ms 9.6 GB 1
PixelFormer Swin-B 128 M 66.7 ms 5.6 GB 1
PixelFormer Swin-L 258 M 105.8 ms 7.2 GB 1
DeepDust CNV2-B 101 M 149.0 ms 28.8 GB 1
DeepDust Swin-L 207 M 205.9 ms 29.6 GB 1
DustNet S r101 68 M 67.6 ms 12 GB 1
DustNet S Swin-L 227 M 116.4 ms 12 GB 1
DustNet++ r101 82 M 123.6 ms 8 GB 1
DustNet++ Swin-L 235 M 181.3 ms 9.6 GB 1
DustNet A r101 65 M 66.4 ms 10.4 GB 3
DustNet B r101 67 M 131.1 ms 12.0 GB 3
DustNet D r101 86 M 128.0 ms 11.2 GB 3
DustNet C r101 68 M 107.3 ms 12.8 GB 2
DustNet C Swin-L 227 M 203.4 ms 14.4 GB 2
DustNet++ Duo r101 83 M 143.9 ms 9.6 GB 2
DustNet++ Duo Swin-L 236 M 261.1 ms 12.0 GB 2

3.7.4 Implementation Details

The experimentation was facilitated using an array of four A100 Nvidia GPUs, each
equipped with 80 GB of memory. The foundational benchmark [103, 102] employed
the L2 loss function alongside the AdamW optimizer [92] (with β values of 0.9 and
0.999) and a weight decay parameter set to 10−5. Throughout the training phase,
a learning rate of α = 3 · 10−4 was maintained, and the models were subject to a
training duration of 50 epochs with a non-trainable (frozen) backbone. Subsequent
to this phase, the backbone was activated (unfrozen) and underwent further training
for an additional 20 epochs. For all training steps, we utilized Gradient Accumulation
with an accumlated batch size of 32. We normalize input images using the standard
ImageNet values [69].
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Alternative experimental configurations were explored in response to the observed
suboptimal performance of transformer-based backbones as reported in [103, 102].
Initially, checkpoint wrappers (CPWs) were implemented to enhance memory effi-
ciency during the training processes. Activation checkpointing, as described in [18,
61], involves the temporary removal of specific layer activations during backpropa-
gation, which are then recomputed in the backward pass. This method significantly
reduces memory consumption and may facilitate the use of larger batch sizes. The
Fairscale [38] implementation of this checkpoint wrapper was utilized on the back-
bones, effectively allowing for a doubling of the real batch size in several instances.

Further adjustments were made to the learning strategy, extending the training
period to 200 epochs with an active backbone, while reducing the learning rate
for the backbone layers to ten percent of the initial rate. The properties of the
employed models are presented in Table 3.1. Additionally, a comparative analysis
was conducted between traditional backbones such as ResNet101 [48] and the Swin
Large Transformer [90] to comprehensively evaluate the methodologies.

All models were trained on the Meteodata dust training dataset (See Figure 3.10) ,
ensuring consistency in the data used across different experimental setups.

3.7.5 Summarized Results on the Meteodata Dust Dataset

Table 3.2 outlines the comparative effectiveness of various density estimation meth-
ods applied to the Meteodata dust dataset. The column name #Img describes the
number of images processed simultaneously. The tag CPW stands for Checkpoint
Wrapper, and reduces the memory usage while training, and therefore increases the
batch size. More detailed results are provided in Appendix 3.8.1.

Single-Image Analysis.

The single-image results are produced by models which process only one image.
Firstly, it is noteworthy that models trained with a checkpoint wrapper yielded
superior results for almost all cases. This result emphasizes the importance of batch
size for performance. Notably, the Swin Transformer Large variants, which benefited
from increased batch sizes, surpassed the performance of the ResNet101 variants.
Despite this, both DustNet and DustNet++ significantly outperformed all other
methods by a substantial margin. CanNet, which was not retrained, demonstrated
early convergence prior to reaching 50 epochs in previous experiments, and its
relatively compact size allowed for the use of large batch sizes without the need
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Table 3.2: Meteodata Dust Dataset Results. Comparison of the best-performing density
estimation methods on the Meteodata dust dataset. The highlighted values
represent the best scores for using either one or more images simultaneously.

Model Backbone CPW #Img MAE MSE IoU
CanNet VGG16 × 1 20.21 855.40 0.648
CrowdFPN r101 × 1 19.95 848.18 0.659
NeWCRF Swin-B × 1 20.00 822.68 0.635
NeWCRF Swin-B ✓ 1 20.83 887.67 0.643
NewCRF Swin-L ✓ 1 19.27 740.54 0.654
PixelFormer Swin-B × 1 21.53 825.50 0.641
PixelFormer Swin-B ✓ 1 17.43 645.54 0.697
PixelFormer Swin-L ✓ 1 16.29 576.64 0.713
DeepDust CNV2-B × 1 19.60 749.36 0.687
DeepDust CNV2-B ✓ 1 17.11 561.89 0.702
DeepDust Swin-L ✓ 1 15.24 482.90 0.774
DustNet S r101 × 1 19.27 705.47 0.660
DustNet S r101 ✓ 1 14.10 458.96 0.756
DustNet S Swin-L ✓ 1 12.80 402.20 0.793
DustNet++ r101 ✓ 1 13.95 497.72 0.762
DustNet++ Swin-L ✓ 1 12.63 422.33 0.784
DustNet A r101 × 3 18.77 701.73 0.654
DustNet B r101 × 3 26.60 1528.08 0.481
DustNet D r101 × 3 17.44 639.10 0.677
DustNet C r101 × 2 16.77 601.49 0.685
DustNet C r101 ✓ 2 12.60 413.22 0.782
DustNet C Swin-L ✓ 2 12.52 414.92 0.786
DustNet++ Duo r101 ✓ 2 12.20 427.72 0.766
DustNet++ Duo Swin-L ✓ 2 11.73 396.10 0.753

for CPW. However, CanNet exhibited limited regression capabilities at higher dust
levels.

The method that least benefits from the new training scheme was NeWCRF, which
showed a decrease in regression performance despite a slight improvement in
localization for the Swin Transformer Base variant. In contrast, while NeWCRF expe-
rienced modest gains, PixelFormer saw significant enhancements in both regression
and localization capabilities through the new training scheme. Although DeepDust
still surpasses PixelFormer and CrowdFPN, the gap between the two methodologies
has narrowed, possibly due to PixelFormer’s adaptive bins.

The most successful approaches overall remain DustNet, closely followed by Dust-
Net++. DustNet++ exceeds DustNet in MAE, closely aligns with its overall perfor-
mance while offering a simpler architectural design.
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Figure 3.11: Results of DustNet++ Duo. The depicted outcomes encompass two scenes
demonstrating the efficacy of DustNet++ Swin-L Duo with two consecutive
images as input, which was trained utilizing the Meteodata dust dataset. The
scene to the left illustrates the regression proficiency of DustNet++ Duo,
whereas the scene on the right highlights its localization capabilities.

Multi-Image Analysis. The bottom part of Table 3.2 presents the outcomes on
the temporal Meteodata dust dataset. Similar to the single-image scenario, the
new training scheme significantly improved results, with the Swin Transformer
Large variants outperforming the ResNet101 variants. Here in this case, DustNet++
demonstrated superior regression capabilities compared to DustNet C, albeit with
a slight reduction in IoU. Incorporating temporal information consistently led to
enhanced overall results.

Figure 3.11 illustrates the performance of DustNet++ equipped with a Swin Large
Transformer backbone in two opencast mining scenes, showcasing the practical
application and effectiveness of the model in real-world settings.
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Table 3.3: Results on the URDE Randomdataset_897 Dataset. The following models are
trained on the Meteodata dust dataset and then applied with a threshold of 35%
on the original Randomdataset_897 training dataset without finetuning.

Model Backbone CPW Acc Pre Rec Dice IoU
CanNet VGG16 × 0.972 0.627 0.506 0.505 0.493
CrowdFPN r101 × 0.947 0.660 0.835 0.697 0.604
NeWCRF r101 ✓ 0.960 0.655 0.712 0.679 0.596
NeWCRF Swin-L ✓ 0.960 0.658 0.723 0.684 0.601
PixelFormer r101 ✓ 0.934 0.627 0.867 0.679 0.588
PixelFormer Swin-L ✓ 0.947 0.651 0.869 0.708 0.615
DeepDust CNV2-B ✓ 0.951 0.655 0.840 0.708 0.617
DeepDust Swin-L ✓ 0.960 0.677 0.798 0.720 0.630
DustNet S r101 ✓ 0.942 0.620 0.766 0.660 0.577
DustNet S Swin-L ✓ 0.957 0.663 0.791 0.707 0.618
DustNet++ r101 ✓ 0.852 0.544 0.714 0.545 0.472
DustNet++ Swin-L ✓ 0.957 0.671 0.837 0.723 0.631

3.7.6 Results on the URDE Dust Dataset

In our analysis, we employed models trained on the Meteodata dust dataset to
evaluate the generalization capability of our approach using binary segmentation
on the URDE dataset. Given the binary nature of the labels in this dataset, our
investigation was specifically confined to assessing the models’ localization ability
on the URDE RandomDataset_897 dataset.

Due to the different sensitivities to dust characteristics between the Meteodata dust
dataset and the URDE dataset, our analysis primarily focused on the lower 35%
of the prediction values generated by the models. This threshold was determined
empirically, utilizing 5% intervals to ensure precision in our assessment. The results
derived from the URDE RandomDataset_897 training dataset, which comprises
800 images, are detailed in Table 3.3. Notably, CanNet exhibits high accuracy and
precision, yet it demonstrates low recall alongside suboptimal Dice and IoU scores.
This suggests a low true-positive rate within a highly imbalanced dataset, rendering
CanNet as the only model that did not achieve satisfactory outcomes on the URDE
dataset.

Conversely, PixelFormer and NeWCRF delivered superior Dice and IoU scores, with
PixelFormer exhibiting marginally higher results comparable to those observed in
the Meteodata dust dataset. DeepDust transcends both models in terms of Dice and
IoU scores, surpassing DustNet as well. Additionally, the impact of the backbone size
on the performance of the DeepDust architecture is negligible when compared to
other models.
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Table 3.4: DustNet Ablation Study. This figure illustrates the results of the ablation
study on the Meteodata dust dataset: The base model is DustNet C with two
consecutive images as inputs. The modules following a ✗ are replaced. The base
model outperforms the other variants except for replacing the matcher. Thus,
localization accuracy slightly increases at the expense of decreased regression
ability.

Params MAE MSE Acc Pre Rec

1x Img Input 64 M 19.27 705.47 0.80 0.81 0.80
2x Img Input 68 M 16.77 601.49 0.81 0.83 0.82
3x Img Input 68 M 17.83 675.34 0.81 0.82 0.82
✗ AFPN 32 M 19.85 805.74 0.79 0.80 0.79
✗ Fuser 68 M 19.63 754.25 0.80 0.81 0.80
✗ Matcher 64 M 17.08 651.39 0.83 0.83 0.83

DustNet++ is the top performer overall, though its advantage over DeepDust is
not significantly substantial. Contrasting with the findings from the Meteodata dust
dataset, the localization ability of DustNet++ surpasses that of DustNet, suggesting
a potentially lesser degree of overfitting in DustNet++ relative to DustNet.

Figure 3.12 visually presents qualitative results of DustNet++ alongside DustNet S,
both employing Swin Large Transformer backbones, demonstrating their practical
application and effectiveness in handling the URDE dataset. Further results are
provided in Appendix 3.8.2.

3.7.7 Ablation Study of DustNet

In order to show the efficacy of our proposed DustNet, we choose the best-performing
proposed variant DustNet C, change the number of input images and replace several
modules (see Table 3.4). We replace the AFPN, the matcher, and the fuser module,
respectively.

Inputs. We compare the performance change of our proposed method by varying
the number of consecutive images. Backbone and AFPN weights are shared in our
experiment. The case of two consecutive images outperforms the other options.

AFPN. In the AFPN ablation experiment, the AFPN is removed, and the features
from the backbone are passed directly to the matcher. Removing the AFPN nearly
halves the number of parameters, but it causes a significant increase in MAE and
MSE.
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Figure 3.12: Display of the Generalization Ability of DustNet++. The shown results of
DustNet++ and DustNet S employed with Swin Large Transformer backbones
are produced on the URDE validation RandomDataset_897. Hereby, both
methods are trained on the Meteodata dust dataset and applied to the URDE
dataset without fine-tuning.

Fuser. In the matcher ablation experiment, a vanilla convolutional layer replaces
the adaptive convolutional layer. Hence, the aggregated global information features
cannot enrich the matcher’s features. This leads to a significant increase in MAE and
MSE.
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Table 3.5: Results of the Ablation Study on DustNet++. All models utilize the Swin Large
Transformer backbone and are trained with activation checkpoint wrappers for
200 epochs. The elimination of the MBConv necessitates the incorporation of a
2D max-pooling layer at the initial block of a stage and leads to a decrease in
the number of parameters. In instances where a MSA variant was removed, it
was substituted with the remaining MSA block variants to maintain a consistent
overall parameter count.

MBConv ✓ × ✓ ✓ ✓ ✓
Cross G-MSA ✓ ✓ × × ✓ ✓
Cross W-MSA ✓ ✓ × ✓ × ✓
G-MSA ✓ ✓ ✓ × ✓ ×
W-MSA ✓ ✓ ✓ ✓ × ×
MAE 12.63 13.74 15.46 15.62 17.94 18.93
MAE-ØB 22.43 24.66 22.94 28.35 27.04 36.07
MSE 422.33 493.87 512.89 633.24 686.77 813.20
MSE-ØB 1039.22 1371.80 1001.67 1503.64 1325.68 2285.55
IoU 0.784 0.776 0.761 0.677 0.678 0.634
Dice 0.879 0.874 0.864 0.807 0.808 0.775

Matcher. In the last ablation experiment, we replace the matcher with a simple
convolutional layer followed by an activation function for channel adaptation. The
feature map with the highest resolution from the AFPN is processed by the added
convolutional layer and fed into the fuser module. The accuracy increases slightly
for the tradeoff of a decreased regression ability. However, the main reason for
keeping the matcher is the increased differentiation ability between dust and similar
visual effects like clouds. Removing the matcher leads to a significant drop in in
distinguishing capability.

3.7.8 Ablation Study of DustNet++

The outcomes of the ablation study on DustNet++ are presented in Table 3.5,
wherein all models employ the Swin Large Transformer backbone and are trained
with activation checkpoint wrappers for 200 epochs. In instances where the MSA
block was removed, it was substituted with an MCA block to maintain a consistent
overall parameter count.

Replacing MBConv. The removal of the MBConv mandates the integration of each
2D max-pooling layer at the first block of a stage to preserve comparable resolution.
Consequently, this modification results in a reduction in model size. Overall, the
omission of the MBConv results in a marginal decline in performance.
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Window Attention vs. Grid Attention. The exclusion of window attention leads to
a more pronounced degradation of overall performance. In contrast, the removal of
the grid attention module impairs the model’s capacity to discriminate between dust
and visually analogous phenomena, such as clouds. Global interactions are critical
in reducing the false positive rate associated with similar visual effects, and local
interactions are indispensable for precise dust detection. Nevertheless, employing
both variants concurrently results in superior outcomes compared to utilizing only
one.

MCA vs. MSA. Utilizing solely the MCA as opposed to the vanilla MSA results in a
greater decline in performance. This may be attributed to the fact that although the
subsequent matcher module facilitates interactions between different feature maps
from varying backbone stages, the absence of the Vanilla MSA could potentially lead
to disruptions in the feature flow. Analogous to the comparison between window
and grid attention, employing both MCA and Vanilla MSA enhances performance.

3.8 Additional Results from Models Trained on the
Meteodata Dust Dataset

Figs. 3.13, 3.14, and 3.15 display additional results from models trained using the
Meteodata dust dataset.

Figure 3.13 shows various mining events with noticeable differences in the size
and density of the dust plumes across the images. CanNet generally performs well
in terms of regression ability, but it fails to accurately delineate the boundaries of
the dust plumes. Specifically, in the image on the left, the dust plume generated
by the truck is not tracked correctly, indicating that CanNet’s simpler architecture
might be insufficient for this task. On the other hand, PixelFormer exhibits superior
localization capabilities, although its regression performance is lacking. DeepDust
shows enhanced outcomes but is outperformed by DustNet. DustNet S exhibits good
localization capabilities, potentially better than DustNet++, but its regression per-
formance is marginally inferior. However, DustNet++ Duo significantly outperforms
the other methods in terms of regression ability in these scenarios.

Figure 3.14 focuses on scenarios characterized by significant cloud coverage. The
data illustrate that DustNet++ effectively differentiates between dust particles and
cloud formations. In contrast, the relatively simplistic CanNet model frequently
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Figure 3.13: Different Mining Events. This figure shows various mining events and their
associated dust estimation predictions. It is apparent that the considerably
smaller CanNet has difficulties with accurate boundary localization, especially
with the dust plume in the right images generated by the truck, whereas
PixelFormer struggles with effective regression. DeepDust delivers improved
outcomes but is readily surpassed by DustNet. Although DustNet S and
DustNet++ show similar performance levels, DustNet++ Duo is clearly the
best performer in terms of regression ability.
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Figure 3.14: Cloudy Scenes. This figure presents the performance outcomes of models
trained using the Meteodata dust dataset in scenarios involving opencast
mining sites with substantial cloud cover. The results demonstrate that Dust-
Net++ adeptly distinguishes between dust particles and cloud formations.
In contrast, the rudimentary CanNet model frequently misclassifies clouds as
dust. Specifically, in the image on the left, only DustNet++ and DustNet S
correctly ascertain the absence of dust, while other models incorrectly detect
its presence. In the central image, all models, aside from CanNet, exhibit
reasonable performance. In the rightmost image, DustNet S achieves the most
precise regression results in the right image, closely followed by DustNet++.
The performance of the remaining models is markedly poorer by comparison.
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Figure 3.15: Assessment Of Model Performance On Unseen Mining Sites. This figure
illustrates the outcomes from models trained using the Meteodata dust dataset
on mine sites excluded from the training and validation datasets. The depicted
scenes are characterized by their complexity and ambiguity. In the left image,
discerning the most effective model is challenging, though it is evident that the
basic CanNet model is the least effective. In the central image, the provided
ground truth appears to underestimate dust concentrations, suggesting that
DustNet++ may offer a more accurate assessment that exceeds these original
estimates. Conversely, DeepDust tends to overestimate the dust levels. In the
rightmost image, DustNet S outperforms the alternative methodologies.

misidentifies clouds as dust. In the left image, only DustNet++ and DustNet S
accurately identify the absence of dust, whereas other models erroneously detect
dust presence. The central image indicates that all models, except CanNet, perform
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adequately. In the right image, DustNet S delivers the most accurate regression
results, closely followed by DustNet++. The performance of the other models is
notably inferior.

Figure 3.15 presents the performance of various models on mining sites that were
not included in the training and validation datasets of the Meteodata dust project.
These scenes are marked by their complexity and ambiguity. In the left image, it
is challenging to discern the most effective model, though it is evident that the
basic CanNet model performs the least effective. In the central image, the provided
ground truth underestimates dust concentrations, suggesting that DustNet++ might
offer a more accurate assessment surpassing these initial estimates. Conversely,
DeepDust tends to overestimate the dust levels. In the rightmost image, DustNet S
surpasses the performance of the other models.

3.8.1 Detailed Results on the Meteodata Dust Dataset

Tables 3.6 and 3.8 supplement Table 3.2 with more metrics: Accuracy, Precision,
Recall, binned MSE and MAE. The findings remain very comparable to Table 3.2. In
addition, Tables 3.7 and 3.9 provide detailed insights into individual MSE and MAE
bins.

3.8.2 Results on the URDE Validation Dataset

Table 3.10 depicts the results from the binary dust segmentation URDE Random-
Dataset_897 validation dataset, consisting of 97 images. Analogous to the exper-
iments conducted on the RandomDataset_897 training dataset, as referenced in
Table 3.3, models were trained on the Meteodata dust dataset and subsequently
tested with a threshold set at 35% of the value range to assess their generalization
capabilities. Overall, the outcomes demonstrate a marked resemblance across both
dataset variants. Furthermore, the localization proficiency of DustNet++ surpasses
that of the competing methodologies.

3.8.3 Influence of the Different Dust Levels

DustNet++ utilizing a ResNet101 backbone is meticulously trained on each bin
individually and on the entire dataset for 200 epochs, adhering to configurations
comparable to those specified in Table 3.1. The models are trained using the
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Table 3.10: URDE Randomdataset_897 Validation Dataset. Following models are trained
on the Meteodata dust dataset and then applied with a threshold of 35% on the
Randomdataset_897 validation dataset

Model Backbone CPW Acc Pre Rec Dice IoU
CanNet VGG16 × 0.974 0.700 0.503 0.500 0.490
CrowdFPN r101 × 0.948 0.660 0.834 0.699 0.606
NeWCRF r101 ✓ 0.962 0.662 0.728 0.689 0.605
NeWCRF Swin-L ✓ 0.961 0.655 0.720 0.681 0.599
PixelFormer r101 ✓ 0.933 0.625 0.883 0.677 0.587
PixelFormer Swin-L ✓ 0.945 0.645 0.879 0.702 0.610
DeepDust CNV2-B ✓ 0.951 0.652 0.845 0.706 0.615
DeepDust Swin-L ✓ 0.961 0.675 0.812 0.722 0.631
DustNet S r101 ✓ 0.939 0.613 0.778 0.654 0.572
DustNet S Swin-L ✓ 0.959 0.662 0.786 0.705 0.616
DustNet++ r101 ✓ 0.851 0.543 0.722 0.543 0.470
DustNet++ Swin-L ✓ 0.957 0.669 0.848 0.724 0.632

Table 3.11: Training on Different Bins. The pixel values of the Meteodata dust dataset
are categorized into distinct dust density bins: zero dust (ZB), low dust (LB),
medium dust (MB), and high dust (HB). DustNet++ is systematically trained
on each of these bins using a ResNet101 backbone. It is observed that training
on the comprehensive dataset generally yields superior outcomes compared to
focusing on specific bins, with the exception of the ZB category.

LB MB HB All
ØB-MAE 77.45 70.53 69.84 27.09
ZB-MAE 10.35 0.67 0.06 6.63
LB-MAE 24.73 51.29 57.22 16.99
MB-MAE 92.55 87.25 115.03 36.76
HB-MAE 182.15 142.93 107.06 47.96
ØB-MSE 11178.723 8239.257 8212.195 1394.996
ZB-MSE 300.873 12.536 3.010 208.415
LB-MSE 971.591 3006.320 3642.044 507.177
MB-MSE 9635.054 8364.547 13997.481 1783.074
HB-MSE 33807.371 21573.625 15206.244 3081.318

Meteodata dust training dataset and evaluated on the validation dataset, with the
outcomes presented in Table 3.11.

Training exclusively on bins with low dust (LB) values results in the least favorable
mean binned MSE. While it outperforms models trained solely on medium (MB)
and high dust (HB) values when evaluated on LB values, it is surpassed by the
model trained on the holistic dataset. Consequently, training to encompass all
bins demonstrates enhanced efficacy compared to an exclusive focus on the LB
category. A similar pattern is observed with the models trained on MB and HB
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values. These models excel within their respective bins but are surpassed by the
holistic training approach. Thus, adopting a comprehensive training strategy across
all bins consistently leads to more robust results than specializing in individual bins.

3.9 Discussion

In this section, we provide a comprehensive discussion of the chapter’s main themes.
We begin with a general overview, then examine the limitations of our study.

3.9.1 General Discussion

Our studies indicate a significant correlation between batch size and performance.
Despite implementing Gradient Accumulation, it was not sufficient to significantly
enhance the models’ performance. This suggests that performance improvement
may not be solely attributed to backpropagation with a larger batch size. Batch
normalization could be a determinant factor in this context, particularly as the
Meteodata dust dataset’s ground truth often presents imprecise boundaries.

The impact of metrics in real-world applications, such as in an open-cast mine or
construction site, is another essential aspect. An increase in regression ability, gauged
by MAE and MSE, may be more pivotal than localization ability, supported by IoU,
Accuracy, Recall, and Precision. The ambiguity of dust cloud boundaries makes minor
variations in metrics like IoU less crucial. However, differences in regression ability
could have a more profound effect. Intense dust events, for instance, those triggered
by intentional explosions, are relatively rare but need to be accurately identified in
terms of their intensity. All models struggle with such events, particularly those of
medium intensity, underlining the importance of a strong regression ability.

In the single-image scenario, the DustNet variants are clearly superior to the full con-
volutional approaches CrowdFPN and DeepDust. DustNet++ outperformed DustNet
on the original URDE training dataset (cf. Table 3.3) but slightly underperformed in
terms of IoU and MSE on the Meteodata dust validation dataset. Since all methods
are trained on the Meteodata dust dataset (cf. Table 3.2), the generalization ability
of the method is more closely examined. In this regard, DustNet++ likely provides
superior overall performance. While its regression ability in absolute terms is better,
DustNet++ is more vulnerable to outliers than DustNet.
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For the reasons outlined above, the evaluation can overlook the localization ability
closely related to the model, making DustNet++ Duo the evident superior model.

In a real-world scenario, DustNet++’s higher inference time compared to DustNet
does not pose a significant issue. Given that the processing time is well below
one second (cf. Table 3.1), it is unlikely to exceed the one-second mark even on
lower-power GPUs. The lower memory requirement, on the other hand, is a far
superior trade-off as it allows for less powerful GPUs or potentially larger images.

3.9.2 Limitations

Our model demonstrates a tendency to overlook minor dust plumes, which we hy-
pothesize is a trade-off for reducing false positives, ultimately leading to a lower loss
during training. This trade-off, however, could be viewed as a negative byproduct of
the training process. Additionally, we hypothesize that the use of the L2 loss function
may exacerbate the MSE in bins characterized by sparse occurrences. Notably, bins
containing rare high dust values exhibit significantly poorer performance compared
to those containing more frequently occurring lower values.

Moreover, the ground truth for the Meteodata dust dataset is not derived from phys-
ical measurements but rather relies on subjective annotations by human annotators.
This method of data annotation can introduce a degree of subjectivity and variability
in the ground truth. Furthermore, the boundaries of dust within this dataset are
notably indistinct, leading to heightened levels of ambiguity compared to datasets
utilized in classification or object detection tasks. Consequently, there are instances
where our model may actually reflect the real dust conditions more accurately than
the annotated ground truth.

Given these factors, a superior metric result within our testing framework does not
necessarily translate to enhanced performance in practical, real-world applications.
Although our model is also evaluated using the URDE binary segmentation dust
dataset, a comprehensive comparison between density estimation and semantic seg-
mentation approaches to dust remains crucial to fully understanding the capabilities
and limitations of these methodologies in varying contexts.
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3.10 Conclusion

In this chapter, we have proposed several techniques for estimating dust density,
including CrowdFPN, DeepDust, DustNet, and DustNet++. The latter represents
an advanced neural network specifically designed for dust density estimation. Dust-
Net++ computes the dust density for each pixel within a given image by effectively
harnessing and integrating local, global, and temporal information. This model not
only excels in regressing various dust levels but also in differentiating dust from vi-
sually similar phenomena, such as clouds. Our proposed methodology demonstrates
superior performance, surpassing all competing methods in regression capability
on the Meteodata dust dataset and exhibiting improved localization abilities on the
URDE dataset.
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In the following, quotations to related publications are highlighted by colored
bars placed on the outer border of the text, even though minor editorial
changes have been made. The color encoding used is as follows:

• Michel, A., Mispelhorn, J., Schenkel, F., Gross, W. & Middelmann,
W. (2020, September). An approach to improve detection in scenes
with varying object densities in remote sensing. In Image and Signal
Processing for Remote Sensing XXVI (Vol. 11533, pp. 107-113). SPIE.
Reprinted with permission. It is cited as [98].

• Michel, A., Gross, W., Hinz, S. & Middelmann, W. (2022). ARM-NMS:
Shape Based Non-Maximum Suppression For Instance Segmentation
in Large Scale Imagery. ISPRS Annals of the Photogrammetry, Remote
Sensing and Spatial Information Sciences, 2, 291-298. Reprinted with
permission. It is cited as [96].

• Kiefer, B., ..., Michel, A., Gross, W. & Weinmann, M. (2024). 2nd Work-
shop on Maritime Computer Vision (MaCVi) 2024: Challenge Results.
In Proceedings of the IEEE/CVF Winter Conference on Applications of
Computer Vision (pp. 869-891). Reprinted with permission. It is cited
as [66].

In this chapter, we delve into object detection techniques designed for contexts
characterized by varying object densities and scales. Rather than focusing on the
network architecture, like in Chapter 3, we concentrate on other critical factors:
training schemes, post-processing techniques, and the proper handling of data. This
process is motivated by the success of [153], which not only focuses on architecture
optimization but also on the optimization of the training process. This is also true for

69



Object Detection TechniquesObjectives

Dataset
Optimization

ARM-NMS

Figure 4.1: Topics of Chapter 4. In Chapter 4, we conduct an in-depth examination of
methodologies for refining object detection techniques tailored to varying object
densities and scales. The primary objective is to achieve robust monitoring
capabilities in scenes characterized by these variations. This includes dataset
optimization and the application of advanced Non-Maximum Suppression tech-
niques.

the inference. Training and inference optimization techniques are particularly signif-
icant in the field of remote sensing, where precise identification and classification of
objects are crucial for a multitude of applications, including environmental monitor-
ing, urban planning, disaster management, and object counting. An overview of the
chapter is illustrated in Figure 4.1.

We begin by enhancing object detection in the context of fluctuating object den-
sities and scales using a post-processing technique called Area Rescoring Mask
Non-Maximum Suppression (ARM-NMS) [96]. This approach does not require mod-
ifications to the underlying architecture but focuses on advanced post-processing
techniques. We achieve superior detection outcomes by intelligently filtering de-
tected objects based on their corresponding masks and incorporating size consid-
erations into the decision-making process. This enhancement not only streamlines
the post-processing phase but also ensures that the final detections are more robust
and reliable, thereby advancing object detection in scenarios with varying object
densities and scales.

Next, we demonstrate the importance of employing appropriate training schemes
when working with a maritime dataset characterized by objects of varying densities
and scales. Our technique enhances detection performance during inference by
leveraging multiple representations of the input data, all without modifying the
model’s architecture.

With these two techniques, we want to demonstrate the importance of non-architectural
optimization techniques, especially for different object densities and scales.
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Figure 4.2: Object Detection Building Blocks. This figure depicts the fundamental com-
ponents of deep learning-based object detection systems. It highlights the
two primary variants: CNN-based architectures and DETR-based architectures,
showcasing their distinctive structural elements and functionalities.

4.1 Related Work

This section outlines the foundational works in the field of object detection that
inform the discussions in this chapter. Object detection can be divided into two
primary subtasks: the localization of objects within an image and their classification.
We will first examine the various object detectors, detailing their methodologies and
advancements. Following this, we will explore filtering algorithms that are crucial
for enhancing the effectiveness of object detection systems.

4.1.1 Object Detection

Object detection methods are generally categorized into one-stage and two-stage
detectors. One-stage detectors [117, 87, 83, 8] employ a dense prediction head,
which typically results in greater time efficiency. In contrast, two-stage detectors [45,
44, 119, 113] tend to achieve higher accuracy by utilizing an additional sparse
prediction head. Contemporary object detection techniques are often class-aware,
providing both localization information and estimated counts of objects.
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Faster R-CNN [119] is one of the most widely used two-stage object detectors.
Its architecture comprises a backbone network, a class-agnostic Region Proposal
Network (RPN), and a sparse prediction head. Moreover, Faster R-CNN can be
seamlessly upgraded to Mask R-CNN [47] by integrating a mask head into its
structure, enabling the tasks of bounding box prediction and instance segmentation
through the generation of object masks.

A critical component of various object detection algorithms is the use of anchor
boxes. These anchors, which consist of windows of diverse shapes and scales, process
feature maps through a sliding window approach to estimate bounding boxes for
object detection. While some methods employ fixed anchor shapes [47], others allow
for learned shapes [169]. Typically, anchors are distributed uniformly and densely,
resulting in high computational complexity. However, methods such as the guided
anchor [154] demonstrate superiority over the baseline RPN, achieving higher evalu-
ation results with fewer generated anchors. In natural scenes, the variability in object
scale and density often results in false positives and missed detections. For instance,
objects such as ships can vary dramatically in size. Feature Pyramid Networks (FPNs)
[82] can partially alleviate scaling issues. Moreover, urban environments tend to
have a higher density of vehicles per square kilometer compared to rural areas,
presenting significant challenges to object detectors, particularly in scenes with high
object concentrations.

The introduction of the Detection Transformer (DETR) by Carion et al. [12] signifies
a notable shift in object detection methodologies. DETR leverages the transformer
model to streamline the traditional object detection pipeline, moving away from
reliance on hand-designed components such as anchors and Non-Maximum Suppre-
sion (NMS). Instead, it utilizes the self-attention mechanism inherent to transformers
to directly predict object classes and bounding boxes, thereby eliminating the need
for anchor generation and region proposals. Subsequent advancements, including
a sparse attention mechanism [181], a contrastive approach for training denois-
ing [176], and the integration of multiple parallel auxiliary heads [182], have
further optimized the performance of DETR. An additional advancement involves
integrating a mask branch into the DINO framework [79], aimed at enhancing the
performance of instance segmentation tasks.

Figure 4.2 illustrates the fundamental building blocks of an object detector. It
addresses the two main variants: CNN-based and DETR-based architectures. Both
versions incorporate a multi-scale feature extractor and heads. The CNN typically
employs FPN structures. Following this, prediction occurs along with a sparse
prediction module for two-stage detectors. In contrast, the DETR variant utilizes a
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full transformer. When the queries from the transformer are exclusively learned, it
is described as a one-stage approach. However, if additional information from the
encoder contributes to the generation of the queries, it is classified as a two-stage
model.

4.1.2 Non-Maximum Suppression

This section surveys the most relevant works for NMS. NMS is an integral part of
many algorithms for object detection. It is rooted in edge detection techniques [125],
and further developments lead to the following algorithms.

Greedy-NMS. Greedy-NMS [28] remains a widely adopted method in state-of-
the-art object detectors for filtering out unnecessary object proposals. The core
concept of Greedy-NMS is that bounding boxes with high detection scores suppress
overlapping boxes with lower scores. The algorithm begins by sorting the bounding
box detections b ∈ B according to their respective scores s ∈ S in descending order.
In an iterative process, the bounding box hb with the highest score smax is moved to
the list of final detections F .

To determine if a bounding box is eligible for elimination, the Intersection over Union
(IoU) scores between the selected box hb and the remaining boxes are calculated.
The new score si ∈ S for the i-th remaining detection bi ∈ B is defined as follows:

si ←

si, if IoU(hb, bi) < nt

0, if IoU(hb, bi) ≥ nt

(4.1)

where nt ∈ [0, 1] is the specified threshold. This procedure continues until all initial
detections in B have been processed. While Greedy-NMS is efficient and popular,
its reliance on a hard threshold nt can introduce errors; a high nt may retain many
false-positive bounding boxes, while a low nt may fail to eliminate them effectively.

Soft-NMS. Soft-NMS [9] was developed to overcome the limitations of Greedy-NMS.
Instead of removing overlapping bounding boxes, Soft-NMS reduces the scores of
lower-scored boxes that overlap with the bounding box hb that has the maximum
score. This approach leads to a more continuous penalty function and enhances the
average precision of the detection results. However, because overlapping boxes are
not removed from B, the computational complexity of Soft-NMS is slightly higher
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compared to Greedy-NMS. The Gaussian penalty function used in Soft-NMS can be
expressed as:

si ← sie
− IoU(hb,bi)2

σ , ∀bi /∈ F , (4.2)

where σ is a less sensitive threshold parameter compared to nt. Similar to Greedy-
NMS, this update rule is applied iteratively until all detections from B drop below a
certain threshold or are transferred to F .

Further Developments. Recent advancements such as Softer-NMS [50], Adaptive-
NMS [86], and IoU-Net [62] modify the object detection model but require extensive
retraining for marginal performance improvements. Methods like Cluster-NMS [179]
aim to accelerate the NMS process while performing comparably to Greedy-NMS.
Another noteworthy method is Weighted Boxes Fusion (WBF) [138], which merges
overlapping boxes into new boxes instead of eliminating or rescoring them. WBF
shows exceptional performance in test-time augmentation settings, although it
underperforms compared to Soft-NMS in conventional scenarios.

As a result, Greedy-NMS and Soft-NMS remain among the most frequently used
methods in object detection. However, all discussed methods primarily focus on
bounding boxes rather than shapes. Recently, several approaches have emerged
that utilize shape-based NMS, such as Mask-based NMS [158] or Matrix-NMS [159].
The objective of this chapter is to enhance the effectiveness of shape-based NMS
methods.

4.2 Datasets

This section provides a comprehensive description of the datasets employed in this
chapter. To demonstrate the generalization capabilities of the methods used, a
selection of diverse datasets has been utilized. Firstly, we examine the maritime
LaRS [183] object detection dataset, which serves as a crucial benchmark for
evaluating obstacle detection algorithms in maritime environments. Subsequently,
we discuss the VisDrone [33] dataset, a drone-based detection dataset that presents
unique challenges associated with aerial imagery captured from unmanned aerial
vehicles. Finally, we explore the iSAID [160] dataset, an aerial and satellite imagery
dataset that extends the scope of our analysis to include airborne and spaceborne
remote sensing data. By leveraging this variety of datasets, we aim to highlight the
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robustness and adaptability of the proposed methods across different domains and
acquisition conditions.

4.2.1 LaRS Dataset

LaRS (Lakes, Rivers, and Seas) is a object detection dataset [183] developed to
advance research in maritime obstacle detection. The data were acquired employing
a wide variety of both consumer-grade and industry-grade RGB cameras. It comprises
over 4,000 per-pixel labeled key frames, each accompanied by nine preceding frames
to enable the utilization of temporal texture, amounting to a total of over 40,000
frames. Each key frame is annotated with 8 ’thing’ classes, 3 ’stuff’ classes, and
19 global scene attributes. We present the results of applying 27 semantic and
panoptic segmentation methods to this dataset, along with several performance
insights and future research directions. LaRS boasts the largest diversity among
related datasets in terms of recording locations, scene types, obstacle classes, and
acquisition conditions.

4.2.2 VisDrone-Det 2019

The Vision Meets Drone Object Detection (VisDrone-DET2019) dataset [33] consists
of 10,209 images with ten categories. The images are acquired from drone platforms
without specific details provided. Object categories include classes such as ’person’,
’car’, and ’bicycle’ from different viewing angles. In our experiment, we do not reduce
the number of classes. Experiments conducted in this chapter rely on a training on
the dedicated training dataset, which contains 6,471 images. The validation dataset
contains 548 images and we evaluate the training progress on the test-dev dataset,
consisting of 1,610 images.

4.2.3 iSAID Dataset

The Instance Segmentation in Aerial Images Dataset (iSAID) [160] is a large-scale
aerial image dataset and is derived from the Object deTection in Aerial images
(DOTA) [166] dataset. To mitigate sensor biases, images are collected from a
variety of sensors and platforms, including Google Earth. iSAID contains 2,806 high-
resolution images collected from multiple sensors and platforms, including 655,451
object instances of 15 categories. The object categories vary from mobile categories
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like ’ship’ or ’car’ to static categories like ’storage tank’ or ’bridge’. Every category
consists of a large number of instances. Furthermore, the dataset exhibits a high
object scale variation. The full list of classes can be seen in Figure ??. For example,
the ship class ranges from small boats to large aircraft carriers. The distribution of
the objects in a given scene is often imbalanced and uneven to represent real-life
conditions. Due to performance issues of the COCO API with a large number of
objects, we select only images up to a maximum of 1500 ground-truth objects, which
are 439 of 458 images from the iSAID validation dataset.

4.3 Effective Postprocessing Strategies for Enhanced
Object Detection Inference

Detecting objects in aerial scenes is an essential and critical task in the field of
remote sensing. However, state-of-the-art object detectors often produce correlated
scores among neighboring detections, leading to an increased number of false
positives. Moreover, performing detection on large-scale images typically necessitates
a tiling scheme that employs overlapping windows, further exacerbating the issue
of duplicate detections. To mitigate these challenges, a non-maximum suppression
(NMS) approach is commonly integrated into the detection pipeline. NMS effectively
suppresses overlapping detections based on their scores. Current NMS algorithms
typically filter detections by assessing their corresponding bounding boxes. However,
this method assumes that comparing bounding boxes to evaluate the overlap of
non-rectangular objects entails a certain degree of inaccuracy. In response to this
limitation, we propose Area Rescoring Mask-NMS (ARM-NMS), which utilizes object
shapes for filtering. ARM-NMS leverages instance masks instead of conventional
bounding boxes to eliminate redundant detections, thus enhancing the accuracy
of the detection process without necessitating retraining of instance segmentation
pipelines. Although ARM-NMS does not incorporate a density estimation approach,
it is particularly well-suited for improving object detection results, especially in
scenarios characterized by varying object densities and scales.
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Figure 4.3: Challenges for NMS.
(1) Ideal case for box-based NMS. (2) Double detections. (3) Partial detections.
(4) Cluster of objects. (5) Overlapping concave objects. (6) Diagonally-aligned
objects.

4.3.1 Introduction

The expected input of object detectors is usually limited by pixel resolution [120,
117]. Input images with a higher resolution than the maximum resolution defined by
detector architectures are usually resized. Resizing can lead to a loss of information
or result in scaling issues. An alternative to resizing is to partition large-scale images
into patches on which the detectors operate separately. Fusing the discrete detections
into the original scenes leads to additional challenges. Utilizing non-overlapping
patches can lead to missing detections along the borders. In contrast, overlapping
patches result in duplicate detections, which the NMS can address.

4.3 Effective Postprocessing Strategies for Enhanced Object
Detection Inference
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In this work, we propose an improved approach to using bounding boxes by utilizing
object shapes and their corresponding size. However, filtering overlapping detections
comes with many difficulties. Figure 4.3 illustrates some of the main challenges for
NMS:

• The ideal case for box-based NMS involves rectangular, non-overlapping
objects that are aligned parallel to the borders of the image. In this scenario,
the proposed bounding boxes can precisely encompass the present objects.

• Overlapping detections are the default-case addressed by NMS. Ideally, the
better-aligned detection exhibits a higher confidence score and suppresses
neighboring scores with lower confidence. However, if both detections have
a similar score or the worse-aligned detection scores higher, the elimination
process can lead to errors in the final detections. Also, most applied NMS
algorithms filter each class separately, which leads to double detections with
different labels being ignored by NMS.

• Partial detections are particularly hard for NMS. NMS utilizes intersection
over union (IoU) as an overlap metric. IoU is size-independent, which is gener-
ally considered a positive characteristic. However, in the case of detections that
differ strongly in size, the IoU between both is low, and thus partial detections
are often overlooked by NMS.

• Cluster of objects is another issue for NMS algorithms. Many overlapping
objects can lead to false detections due to inaccuracies in the alignment of the
detection boxes.

• Overlapping concave objects are a significant issue of box-based NMS. The
detection boxes are usually not well-aligned to the underlying objects, and the
detection of neighboring objects can be suppressed.

• Diagonally-aligned objects in high object densities exhibit a substantial
overlap of detected bounding boxes without actual overlapping objects. This
can easily lead to wrongfully eliminated detections.

In order to address these cases and inspired by Mask-NMS [158], we propose the
shape-based non-maximum suppression algorithm Area Rescoring Mask-NMS (ARM-
NMS). ARM-NMS cannot be directly used in object detection algorithms, but object
detection can be easily expanded to instance segmentation by predicting the shapes
of the detected objects. Typical representatives of instance segmentation are Mask
R-CNN [47] and DetectorRS [114]. Our proposed method does not require any
retraining and can thus easily be implemented into existing instance segmentation
pipelines. Additionally, we provide a solution to keep the computational complexity
at an acceptable level, even with the more elaborate task of comparing shapes
instead of boxes. Furthermore, we examine an additional overlap metric and further
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modifications to NMS.
Contributions. (1) We propose an improved shaped-based NMS approach for
instance segmentation, ARM-NMS. Our approach does not require any retraining
and can be easily integrated into instance segmentation pipelines. (2) We propose an
area-rescoring strategy which considers the size of an object in order to reduce partial
detections. Area-rescoring can be easily integrated into ARM-NMS. (3) In order
to display the effectiveness of ARM-NMS, we compare our method with box-based
Greedy-NMS and Soft-NMS on the instance segmentation dataset iSAID.

4.3.2 Methodology

The basic idea behind ARM-NMS is quite intuitive: Use shapes instead of boxes to
filter unnecessary detections. Shapes can align better with the underlying objects
than just bounding boxes and lead to a more precise filtering process. However,
comparing masks is a more computationally complex task than matching boxes.
Hence, adjustments to the traditional NMS methods for an efficient workflow are
required. Furthermore, we apply additional improvements to increase the filter
performance. The pseudocode of our proposed algorithm can be seen in Figure 4.4.

ARM-NMS. ARM-NMS is computed on a list of detected instance masks M =
{m1, ..., mN} with corresponding scores S = {s1, ..., sN} for a given scene with
N detections. The first step is to adjust the scores after their relative pixel size
A = {a1, ..., aN} . We hypothesize the following: larger detections are probably
more accurate than smaller ones with the same confidence score. We follow this
hypothesis as larger detections are based on more pixels and, consequently, on more
information. Ideally, area-rescoring leads to the suppression of partial detections
and preserves complete detections. In the first step, the areas of the instance masks
are calculated separately. Then, we compute the mean area A of the instance masks.
The area-rescoring function can be described as follows:

si ←
siai

A
w−1

a

, (4.3)

where the parameter wa controls the impact of the corresponding area ai. As a
result, detections with a larger area are assigned higher corresponding scores and
smaller areas result in a score reduction. After the area-rescoring, we iterate through
the list of detections in a descending order regarding their scores. The detection hm

with the highest score smax is removed from the listM and added to the list of final
detections F . Likewise, we utilize hm to remove further detections fromM. Similar
to box-based NMS approaches, we are looking for detections mi which overlap with
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hm. Yet comparing shapes is a more complex task, and therefore, we compare hm

only with detections mi within a specified distance dt. For these detections, we apply
the Gaussian Soft-NMS penalty function to reduce the score of the detections with
respect to their shape-based IoU. We repeat this step untilM is empty. Finally, we
return the final detection list F with their corresponding scores S ′.

4.3.3 Implementation Details

Our proposed method is flexible and can be easily adjusted. The pseudocode is
illustrated in Figure 4.4. We have implemented the following variations:

• Shapes: Two-dimensional object shapes can be described as a binary mask, a
run-length encoded mask, or as a polygon. State-of-the-art instance segmenta-
tion pipelines usually output a binary mask in the size of the original image
for every detected object. This can easily lead to a computational bottleneck
for large-scale images with a high object density. Consequently, a compression
method is needed. Merging all binary shapes into a single one-hot encoded
map is not feasible due to overlapping masks. In contrast, run-length encoded
masks for every object can be an efficient approach to store and compare object
shapes. For example, the MS COCO API [84] uses run-length encoding for
evaluation purposes. Another procedure is to transform the masks into poly-
gons. Polygons can be stored efficiently, are easier to visualize than run-length
encoded masks, and can be comfortably implemented in other applications.
As a result, we utilize polygons to store and calculate the overlap of object
shapes.

• Classes: Our proposed method can be applied individually to each object
category or jointly to all of them. Using our proposed approach jointly can
improve detection accuracy if many double detections occur across different
classes.

• Distance: In order to reduce the computational complexity, we compare only
objects if their distance dt is smaller than a certain radius. We use the Eu-
clidean distance between the center points of the detections to calculate the
distance. Other alternatives would be using only the first vertex of the polygon
to save further computational steps or utilizing bounding boxes to determine
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Input: M = {m1, ..., mN}, dt, wa

S = {s1, ..., sN}, σ, nt

M is the list of initial detections masks
S contains corresponding detection scores
wa influences the area rescoring
dt is the distance threshold
nt is the NMS threshold for Greedy-NMS
σ is the Gaussian parameter for Soft-NMS

begin
F ← {};

A ← area(M) ;
A ← mean(A) ;
for si in S do

si ← rescore(si, ai,A, wa)
end

Area-Rescoring

whileM ≠ empty do
smax ← argmax S ;
hm ← msmax;
F ← F

⋃
hm;

M←M− hm ;
for mi inM do

if distance(hm, mi) < dt then

if IoU(hm, mi) ≥ nt then
M←M−mi;
S ← S − si

end
Greedy-NMS

end
end

end
return F ,S

end

Figure 4.4: The Pseudocode.Our proposed approach can, as shown, be used in conjunction
with Greedy-NMS, but it can also be replaced by Soft-NMS. The main difference
is utilizing instance masksM instead of bounding boxes B. The pseudocode in
the blue box exhibits additional modifications. Area-rescoring leads to favoring
larger areas in order to select better-aligned detections. The distance function
decreases the computational complexity.
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Figure 4.5: Tiling Schemes. We train our model on independent image patches, but for
the evaluation process, we produce detection lists on overlapping patches.

proximity.

• Overlap metric: IoU is still the primary metric to compare the overlap between
two shapes. IoU can be formulated as follows

IoU = mi ∩mj

mi ∪mj
, mi,j ∈M, (4.4)

where mi and mj are two shapes, and we divide their intersection by their
union. One of the most suitable characteristics of IoU is that it is scale-
independent. This can lead to problems with partial detections. The IoU of a
partial detection is usually low and may, therefore, be overlooked. For the case
of an accumulation of partial detections, we implement an additional metric:
IoMin. IoMin can be described as

IoMin = mi ∩mj

min(ai, aj) , mi,j ∈M, ai,j ∈ A. (4.5)

The difference between IoU and IoMin is that we divide the intersection of
both shapes by the area of the smaller shape instead of the union.

4.3.4 Experiments

In order to demonstrate the effectiveness of our approach, we apply Mask R-CNN on
the dataset iSAID to get lists of detections for large-scale images. We use these lists of
detections to evaluate our method and compare them to box-based Greedy-NMS and
Soft-NMS. For the evaluation, we use a considerable parameter grid. Furthermore,
we show in the ablation study that our improvements to Mask-NMS are reasonable.

82 Chapter 4 Enhancing Object Detection Training and Inference Techniques
Across Diverse Object Densities and Scales



Figure 4.6: Density and Class Distribution. This analysis focuses on the iSAID validation
dataset, selecting all images containing fewer than 1500 objects for evaluation.
(a) The chart displays the number of images corresponding to specified object
count intervals. (b) The bar plot illustrates the class distribution of the evalua-
tion dataset, presented on a logarithmic scale for enhanced clarity.

Detection lists with shape information are required to comprehensively evaluate our
proposed method. For this, we utilize the popular instance segmentation method
Mask R-CNN [47]. For training the network, we crop the iSAID images into patches
with a size of 800× 800. We split the original iSAID training dataset randomly into a
training dataset and a validation dataset. 95% of the images are used for training,
the rest for validation. We train Mask R-CNN on all 15 categories of iSAID on two
Nvidia V100 graphic processing units without pre-training except for the backbone.
As a backbone, we use an ImageNet [127] pre-trained ResNet101 [48] to extract
features for further processing steps. We utilize the default anchor configuration
following [47]. Nevertheless, we modify hyperparameters that limit the amount
of maximum detections per image. Hence, we significantly increase the number of
possible detections per image to 1000. During training, we start with a learning rate
of α = 3 · 10−3 and uniformly reduce α to 10−3 over 50 epochs. We choose a batch
size of 16 and utilize the AdamW optimizer [171] with a weight decay of 10−4.

4.3.5 Evaluation Details
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Table 4.1: Evaluation Parameter Grid. Overview of the key parameters used in our study.

method [shape-based, box-based]
penalty function Soft-NMS Greedy-NMS
IoU threshold - [0.01, 0.25, 0.5, 0.75]
σ [0.1, 0.2, 0.3] -
score threshold [0.01, 0.1, 0.2, 0.5]
unique labels [True, False]
overlap metric [IoU, IoMin]
area-rescoring [True, False]

To demonstrate the effectiveness of our method, we compare our approach to the
widely used Greedy-NMS and Soft-NMS in large-scale images. We perform the
experiments on the iSAID validation dataset. Instead of evaluating our method
on images tiles, we test on the full images. One example is given in Figure 4.5.
However, our used object detector is trained on image tiles with a size of 800× 800
pixels. Consequently, we utilize the object detector in a sliding-window approach
with a kernel size of 800 × 800 pixels and a stride of 600 pixels in each direction.
The resulting overlap of 200 pixels is quite large, but it ensures that no object is
overlooked or divided into two parts because it lies on the border between two tiles.
The produced binary masks are transformed into polygons, and their local vertices
are adjusted to their global location in the full image. For performance evaluation,
we utilize the common metrics represented by mean Average Precision (mAP) and
mean Average Recall (mAR), which are implemented by the COCO API [84].

4.3.6 Parameter Grid

NMS methods are parameter-sensitive approaches. Table 4.1 shows the used pa-
rameters and the performed method variations. Fields marked with an ’-’ are not
considered for the evaluation. We implement Greedy-NMS and Soft-NMS box-based
and also integrate them into our shape-based ARM-NMS. For Greedy-NMS, we apply
different IoU thresholds nt, which range from 0.001 to 0.75. In the case of Soft-NMS,
we use a σ of 0.1, 0.2, and 0.3. Additionally, we apply different score thresholds,
ranging from 0.01 to 0.5. Furthermore, we perform additional variations for the
shape-based approaches. We filter each class separately and jointly. Additionally, we
utilize IoU and IoMin as overlap metrics. Finally, we examine the effectiveness of
the proposed area-rescoring. In addition, we set the distance threshold dt to 250,
and we filter for each unique label both separately and in conjunction.
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4.3.7 Results

In this section, we evaluate the effectiveness of our shape-based NMS. First, we show
the quantitative results of the box-based and shape-based ARM-NMS approaches.
Then, we discuss some qualitative results. Finally, we display the ablation study.

Quantitative Results. In Table 4.2, we compare shape-based and box-based NMS
approaches on detection lists produced by Mask R-CNN on the iSAID validation
dataset. Fields with an ’-’ are considered irrelevant for the corresponding method.
We apply the COCO-style mAP and mAR for segmentations and boxes. The unfiltered
detection results are labeled ’none’ under the method row and are used as a baseline.
For each case, segmentation, and box, the average precision is generally higher
for the unfiltered detections without overlapping tiles. In contrast, for the non-
overlapping tiles, the detections indicate a higher average recall. This is reasonable
because overlapping tiles lead to double detections, but they reduce the possibility
of missing detections on the border of the tiles. On average, the mask-shaped
approaches are 2.8 times slower than the box-shaped ones.

The results seen here are selected from experiments on a comprehensive parameter
grid and for each method. We present the best results regarding overall mAP.
Regarding the metric for the segmentations, we can see that our proposed shape-
based approach with a Gaussian soft-max penalty function achieves not only a
higher average precision than the unfiltered detections but can beat the box-based
alternative by 3.3 points. The implementation with the Soft-NMS performs better in
all metrics than the Greedy-NMS variant. Our approach has a slightly lower average
recall for a max detection limit of 1500 instances than the unfiltered detections with
overlapping tiles but obtains a higher average recall than those without overlapping
tiles. However, the average precision improves by 7.9 points compared to the
unfiltered detection with overlapping tiles and by 4.0 points without overlaps.
Furthermore, ARM-NMS accomplishes a higher average recall than the box-based
NMS methods. The best combination of parameters and variants for our method
is using a Gaussian penalty Soft-NMS function, detections with overlapping tiles,
a sigma of 0.1, a score threshold of 0.01, filtering for each label separately, IoU as
a comparison metric and with area-rescoring. A similar result can be seen for the
box metrics. Our method accomplishes the highest mean average precision while
reaching, except for the unfiltered overlapping baseline, the highest mean average
recall score.

Qualitative Results. We show a few qualitative results in Figure 4.7 and Figure 4.8.
The detection results on entire images are filtered by ARM-NMS. Furthermore, we
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Figure 4.7: Visualization Results Achieved on the iSAID Dataset: Coast. The image
sections show the unfiltered base detections, the box-based Soft-NMS, and our
proposed shape-based ARM-NMS results. (1) The annotation density in this
clustered image section can be used to indicate the detection density. Box-NMS
can reduce the number of detections, but ARM-NMS outperforms its counterpart
significantly. (2) We display a relatively sparse scene with double detections
among the vessels.
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Table 4.3: ARM-NMS Ablation Results. We present the best mAP and mAR results under
the defined settings.

metric segmentation
unique labels True True True False
overlap metric IoU IoMin IoU IoU
area-rescoring True True False True
AP [0.50:0.95] 28.6 28.2 25.9 27.6
AP 0.50 53.5 52.7 50.7 52.0
AP 0.75 26.9 26.5 23.2 25.8
AP[0.50:0.95] small 18.9 18.9 17.2 18.3
AP [0.50:0.95] medium 32.0 31.8 28.9 30.9
AP [0.50:0.95] large 35.6 35.0 33.8 34.4
AR [0.50:0.95] @100 32.1 31.1 31.7 31.4
AR [0.50:0.95] @1000 37.0 35.7 36.8 36.2
AR [0.50:0.95] @1500 37.1 35.7 36.8 36.2
AR [0.50:0.95] small 26.9 25.8 26.8 26.4
AR [0.50:0.95] medium 38.0 37.2 37.8 36.9
AR [0.50:0.95] large 43.8 42.2 43.4 42.8

illustrate some image sections in more detail and display the unfiltered detections,
detections filtered by ARM-NMS, and detections filtered by a box-shaped method.
The settings of the NMS methods are based on the best results from Table 4.2. In
Figure 4.7 we show a coastal scene with many vessels. In image section one, we
can see how ARM-NMS outperforms Box-NMS significantly in a cluster of object
detections. Likewise, as seen in image section two, ARM-NMS handles sparse double
detections well. Figure 4.8 displays an airplane graveyard. Airplanes are concave
objects with a high overlap potential for bounding boxes. Image section one shows
how ARM-NMS excels in partial detections. The box-based approach performs
worse in this scene. This is also the case for the second image section. The narrow
concave objects cause an overlap of bounding boxes despite the underlying objects
not actually overlapping. Furthermore, this image section is part of the intersection
of two overlapping image patches. Therefore, high-scored partial detections are
present. ARM-NMS excels in this case, while Box-NMS falls behind.

4.3.8 Ablation Studies

In order to determine the best composition for our approach and compare it to Mask-
NMS, we evaluate the impact of the different variations on ARM-NMS. ARM-NMS
with no area-rescoring, unique labels and IoU is identical to Mask-NMS. Table 4.3
shows the best results on the iSAID dataset for a specific parameter combination
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regarding the COCO-style mAP metric.

• Labels: In the default case of NMS, each class is filtered separately. Therefore,
double detections with different labels are ignored in the filtering process.
Filtering all classes simultaneously may lead to better results in certain cases,
but overall it decreases the average precision and the average recall score.
Furthermore, it leads to an increased computing time due to the increase of
objects compared to each other.

• Overlap: IoU is an integral part of most of the NMS methods. In this case,
where the compared detections differ strongly in size, NMS does not suppress
any detections. IoMin may perform better in some cases than IoU, but it
slightly decreases average precision.

• Area-rescoring: Area-rescoring adjusts the detection scores favoring larger
areas. Ideally, partial detections should receive a drop in their score and, thus,
are less likely to suppress better-aligned detections. However, reducing the
scores of all small objects by a large margin can lead to missing final detections.
In general, area-rescoring leads to a significant increase in average precision
in our experiments. A possible reason for this observation could be the use
of the applied tiling scheme. Partial detections on the edges of a patch could
still reach a high detection score and, therefore, suppress the overlapping
patch’s better-aligned detections. The partial detections are smaller than
their better-aligned counterparts and, therefore, receive a higher penalty from
area-rescoring. Consequently, the chance that partial detections suppress
better-aligned detections is reduced.

4.4 Effective Data Optimization Strategies for
Enhanced Object Detection Training

Maritime obstacle detection is crucial for enabling secure autonomous maritime
vehicles and preventing collisions with wildlife. In maritime environments, objects
can vary greatly in scale and density. In particular, wildlife may appear either
densely clustered within scenes or sparsely distributed. To address this challenge,
we implemented a three-stage training approach that utilizes Co-DETR [182]. Our
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method achieved the second place in the MACVI 2024 USV Obstacle Detection
Challenge [66].

4.4.1 Implementation

The used detection pipeline is based on the Co-DETR [182] object detector. Co-
DETR exploits multiple parallel auxiliary heads in order to increase the learning
effectiveness of the detection transformer. In our case, the underlying detector is
DINO [176] with six encoder- and decoder-layers with sinusoidal positional encoding.
We used the implementation provided in the MMDetection toolbox version 3.2 [17]
to train our detector. As a backbone, we utilize an ImageNet-22K [30] pre-trained
Swin-L [90] vision transformer. Our training is conducted on two NVIDIA A100
80GB graphics cards.

The detector is pre-trained on the Objects365 [132] and the MS COCO [84] datasets.
In the next stage, we combine all images from MS COCO, including the category
ship, with the LaRS [183] dataset and train for twelve epochs. The last training
stage includes only the LaRS dataset with the dynamic obstacle class and is only two
epochs long. While training, we apply data augmentation in the form of random
vertical image flipping, random multiscale resizing, and random crop operations.
AdamW [92] was used as an optimizer with an initial learning rate of 2 · 10−4 and
a weight decay of 10−4. Furthermore, we apply gradient clipping and apply a 0.1
learning rate multiplier to the backbone. Testing was performed on an NVIDIA A100
80GB graphics card. The inference speed was about four FPS. Rather than utilizing
the standard COCO evaluation metric we have adopted the Maritime Obstacle
Detection Score (MODS) protocol as described by Cane et al. [11]. The MODS
protocol employs the F1-score as its principal performance metric, which offers
a balanced consideration of both precision and recall. The test pipeline includes
resizing to a 2048 × 1280 scale but no Test Time Augmentation (TTA).

4.4.2 Experimental Results

Table 4.4 presents a comparative analysis of our proposed method against other
approaches utilized in the MACVI 2024 USV Obstacle Detection Challenge [66].
Our method significantly outperforms the baseline YOLO-v7 model by a substantial
margin, demonstrating its effectiveness in maritime obstacle detection tasks.
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Table 4.4: MACVI 2024 USV Obstacle Detection. Overview of the three top submissions
for the USV Obstacle Detection challenge, with results [66].

Place Author Model Name F1 (%)
1 FER-LABUST YOLOv8x pre-trained 51.50
2 Fraunhofer IOSB Co-DETR + 3StageTrain(OURS) 43.56
3 DLR MI-SIT ScatYOLOv8CBAM+SAHI 39.79
- Baseline UL YOLO v7 baseline 18.16

Table 4.5: Ablation Study MACVI. We conducted an ablation study on the LaRS test dataset
to evaluate different training and inference schemes. The three-stage training
process begins by utilizing pre-trained weights from ImageNet, Objects365, and
COCO datasets. Subsequently, the detector is trained on specific COCO classes
that are included in the LaRS dataset. Finally, we fine-tune the model on the
LaRS dataset itself. In contrast, the two-stage approach skips the middle stage of
training on specific COCO classes.

Method Training Sceme TTA FPS F1 (%)
Co-DETR From Scratch No 4 38.42
Co-DETR 3 Stage Yes 0.9 40.80
Co-DETR 2 Stage No 4 42.96
Co-DETR 3 Stage No 4 43.56

Moreover, our approach also surpasses the performance of the YOLO-v8 model
enhanced with scattering transform and attention mechanisms for maritime aware-
ness [13]. This indicates that our method provides superior accuracy even when
compared to more advanced models incorporating additional feature augmentation
techniques.

Notably, the only method that exceeded our results was the YOLO-v8 [63], which was
trained on a larger and more diverse dataset. The wider dataset likely contributed
to its enhanced performance, highlighting the importance of extensive training data
in improving model accuracy. Qualitative results can be found in Figure 4.9.

In our ablation study, illustrated in Table 4.5, we found that employing TTA with
multi-scale resizing not only results in the expected substantial decrease of processing
speed by approximately 3 FPS (frames per second) but also unexpectedly degrades
detection performance. Furthermore, omitting the second training stage—training
directly on the LaRS dataset for twelve epochs—leads to a reduction of over three
points in the F1-score on the test dataset. These results indicate that the optimal
approach is the three-stage training scheme without TTA.
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Figure 4.9: Detection Results on the LaRS Dataset. This illustration presents the detec-
tion outcomes on the LaRS dataset using our proposed training scheme for
the Co-DETR. The top image depicts the ground truth annotations, while the
bottom image displays our model’s predictions. The results demonstrate the
effectiveness of our approach in accurately identifying maritime obstacles.

4.5 Discussion

This section explores the implications of ARM-NMS’s superior performance over
Box-NMS variants. The superiority of ARM-NMS in both bounding box detection
and mask predictions suggests a significant advancement in non-maximum suppres-
sion techniques for object detection and segmentation tasks. This advancement is
particularly noteworthy given the challenges associated with accurately detecting
and delineating objects in complex visual scenes.
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Our ablation experiments have further highlighted the efficacy of our approach
compared to Mask-NMS [158]. While Matrix-NMS shares similarities with our
method, particularly in handling multiple overlapping detections, the absence of
area rescoring in Mask-NMS limits its performance. Area rescoring plays a pivotal
role in refining detection scores based on the size of the detected objects, thereby
enhancing the overall accuracy of the detection system.

However, the current conclusions are drawn from experiments conducted on a
single dataset. This limitation underscores the necessity for conducting extensive
experiments across multiple datasets to ensure the robustness and generalizability
of the proposed method. Testing on diverse datasets will help understand how ARM-
NMS performs under varying conditions and data distributions, which is essential
for real-world applications. Furthermore, using masks instead of bounding boxes
leads to a higher computational burden and requires a more elaborate ground truth
annotation process. Additionally, the method could be compared with rotating
bounding boxes for further evaluation.

The dependency of NMS on multiple parameters presents another layer of complexity.
Optimizing these parameters can be both challenging and resource-intensive. The
optimal parameter values may vary significantly with different datasets or in the
presence of data shifts, such as changes in the underlying data distribution or
the introduction of new object categories. This variability necessitates a flexible
approach to parameter tuning, potentially involving automated or adaptive methods
to reduce the burden of manual optimization.

While the introduction of area-rescoring enhances detection performance, it adds
additional parameters to the model. This exacerbates the difficulty of the param-
eter search process. An extensive search may be required to identify the optimal
combination of parameters that balance detection accuracy with computational
efficiency.

Moreover, area-rescoring can introduce issues related to detection glitches. Glitched
masks can emerge in certain situations, particularly with complex or noisy data.
These masks may be anomalously large and carry low initial confidence scores.
However, these low-confidence, large-area masks might receive an inflated score due
to area-rescoring. This inflation can result in the erroneous elimination of correct
masks with smaller areas but higher relevance. Such occurrences can adversely
affect the overall performance of the detection system.

To mitigate these issues, exploring strategies that can detect and handle glitched
masks effectively is essential. Potential solutions could involve implementing ad-
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ditional validation checks or integrating robustness measures that account for the
detected masks’ size and quality.

The second study emphasizes a data-centric approach instead of the development
of machine learning models. The findings reveal that conventional strategies for
machine learning inference do not always lead to improved performance. One
possible explanation is that augmentation techniques, such as multi-scale resizing,
may introduce data shifts that adversely affect the model’s accuracy. Additionally,
the fusion process of results using filtering methods might introduce errors that
compromise the overall performance. By concentrating on a data-centric methodol-
ogy, an increase in performance was achieved. Notably, it has been demonstrated
that a straightforward approach—modifying existing datasets for a new domain by
selecting only the relevant classes—can significantly enhance performance. This
underscores the critical role that data quality and relevance play in machine learning
outcomes. Furthermore, the 2024 MACVI challenge demonstrated that detection
algorithms often deemed superior, such as Co-DETR [182] in standard benchmarks
like COCO, can be outperformed by models trained on diverse and relevant data
samples, including YOLOv8 [63]. This finding implies that the importance of data
selection and diversity may surpass that of the neural network architecture. In
essence, optimizing the training dataset can have a more profound impact on model
performance than relying solely on advanced neural network designs.

4.6 Conclusion

In this chapter, we have demonstrated how leveraging non-architectural methods
can enhance the performance of object detection and its extension, instance segmen-
tation, in scenes characterized by significant variability in scale and density.

First, we present ARM-NMS, a novel technique that utilizes shape information to
filter out unnecessary object detections. ARM-NMS does not require any retraining,
allowing for straightforward implementation in existing instance segmentation
methods. To demonstrate the effectiveness of our approach, we generate detection
lists using the well-regarded Mask R-CNN detector applied to the entire iSAID
validation dataset. Our results indicate that ARM-NMS outperforms traditional
box-shaped filtering algorithms by more than three points on the COCO-style (mAP)
metric. Furthermore, we have confirmed our hypothesis that rescoring detections
based on the shape and area of the objects enhances overall detection performance.
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Future research will focus on refining final detections by exploring various strategies
for merging overlapping detections.

Next, we present a methodology to improve maritime object detection through a
novel three-stage training scheme. Our technique enhances detection performance
during inference by leveraging multiple representations of the input data, all without
modifying the model’s architecture. This approach outperforms all existing methods
except for one that benefits from using a superior dataset tailored to the task.

Overall, we demonstrate that object detection performance does not rely solely on
architectural optimization. Training schemes, data handling, and post-processing
techniques are equally important factors.
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Fusion of Density Estimation
and Object Detection
Methods

5

In the following, quotations to related publications are highlighted by colored
bars placed on the outer border of the text, even though minor editorial
changes have been made. The color encoding used is as follows:

• Michel, A., Gross, W., Schenkel, F. & Middelmann, W. (2022). Class-
aware object counting. In Proceedings of the IEEE/CVF Winter Confer-
ence on Applications of Computer Vision (pp. 469-478). Reprinted with
permission. It is cited as [97].

• Michel, A., Mispelhorn, J., Schenkel, F., Gross, W. & Middelmann,
W. (2020, September). An approach to improve detection in scenes
with varying object densities in remote sensing. In Image and Signal
Processing for Remote Sensing XXVI (Vol. 11533, pp. 107-113). SPIE.
Reprinted with permission. It is cited as [98].

In this chapter, we combine the density estimation methods introduced in Chapter 3
with the object detection techniques discussed in Chapter 4. We explore this inte-
gration in three main ways: improving object counting, enhancing object detection
performance, and refining dust density regression.

To achieve these objectives, we adapt and extend the CrowdFPN framework pro-
posed in Section 3.3. Although originally developed for dust density estimation,
CrowdFPN’s versatility extends to object detection tasks. Traditional object detectors
often face substantial limitations in environments with high object densities. To
address these challenges, we propose a synergistic approach that combines object de-
tection algorithms with density estimation techniques, thereby enhancing detection
performance in densely populated contexts.

A notable application of this integrated methodology is in class-aware object count-
ing. In this context, we enhance CrowdFPN to detect and count multiple object
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DRPN

DustSpot

Fusion Approaches

CrowdFPN

MCDEN

Objectives

Figure 5.1: Topics of Chapter 5. In this chapter, we focus on methodologies that fuse
density estimation with object detection methods to develop techniques for
object counting, object detection, and dust density estimation. These meth-
ods explicitly account for varying object densities and integrate multiple data
sources or models to enhance accuracy in complex scenes where object density
significantly affects detection performance.

classes, significantly improving accuracy across varying densities. This advancement
not only deepens our understanding of object distributions but also increases preci-
sion in applications such as monitoring fishing activities and analyzing urban traffic
patterns.

Furthermore, we explore the direct application of CrowdFPN to enhance overall ob-
ject detection performance. By refining the region proposal mechanisms—essential
for identifying areas of interest in subsequent detection processes—we achieve
notable improvements in both precision and recall rates, thus strengthening the
efficacy of object detection tasks.

Finally, we address the limitations identified in Chapter 3, particularly regarding
small dust events and high dust density occurrences. To overcome these challenges,
we introduce DustSpot, a fusion approach that combines object detection and dust
density estimation. By integrating these methodologies, we specifically target these
shortcomings and improve regression capabilities, leading to more accurate detection
and quantification of dust events across various scenarios.
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Figure 5.2: Class-aware Object Counting. The basic idea behind our approach is to detect
relevant objects while simultaneously creating multi-class density maps. Results
from both branches are fused to create a more precise object count for each
class.

5.1 Fusion of Density Estimation and extended Object
Detection for Improving Counting

Estimating the accurate number of objects within a given natural scene constitutes
a significant challenge in the field of remote sensing. Natural environments typi-
cally encompass a plethora of object categories alongside varying object densities,
complicating the counting process. While detection-based algorithms are adept
at performing class-aware object counting, particularly in scenarios characterized
by low object counts, they often exhibit diminished efficacy when confronted with
high or fluctuating object numbers. To tackle this intricate problem, we propose a
novel end-to-end methodology that augments an existing detection-based framework
through the incorporation of a multi-class density estimation branch. This density
estimation component is built on the CrowdFPN architecture (Section 3.3), as de-
lineated in Chapter 3. The outputs from both the detection and density estimation
branches are subsequently integrated within a successive count estimation network,
which systematically estimates the object counts for each distinct category. Although
the resulting counts generated by our approach lack explicit localization information,
they serve as invaluable indicators for assessing the accuracy of the object detector’s
outputs and enhancing its overall counting performance. The fundamental concept
behind our approach is visually represented in Figure 5.2. This integration of density
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Figure 5.3: Overview of Real-world Scenes. We study the problem of class-aware counting
in natural scenes, which pose many challenges for real-world applications.
Leading counting approaches are usually focused on single-class counting, but
realistic scenarios do not only vary strongly in object density and scale but
usually include multiple relevant categories.

estimation with detection not only improves the count accuracy but also contributes
to a more nuanced understanding of object distribution within complex scenes.

5.1.1 Introduction

Tasks, which are usually easy for a human, can be hard for a machine [105].
Counting objects and people is such a task. In real-world scenes, the challenges
are diverse, including but not limited to occlusions, the presence of multiple object
categories, and varying object densities [54]. Figure 5.3 shows examples of natural
scenes. In particular, for the Coast Guard, not only the number of ships is relevant,
but also the vessel type. Furthermore, counting has many valuable applications,
such as traffic monitoring, surveillance, public safety, and urban planning [131].
Since manual object counting is a time-consuming task, it is not feasible on a large
scale and with time-critical applications.

To address this issue, crowd counting provides a solution, as it can be generalized
to object counting. Commonly, crowd counting approaches are based on detection,
regression, or density estimation [43]. The main assumption of this work is that
object detection methods excel in scenarios with low-density counts and low to
moderate occlusion, whereas they underperform in scenes with high and diverse
object counts. In contrast, direct regression methods [14, 129] are better suited
for these challenging conditions; however, they lose information about the spatial
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distribution of objects. This is a reason why density estimation methods have become
popular in recent years [177, 131, 81, 88].

Instead of predicting a global count or localizing objects precisely, a density map
of the relevant targets is estimated. The global count can be acquired by summa-
tion over the density map. Density estimation methods favor overestimating the
number of sparse scenes and, consequently, underperforming in low object counts.
Furthermore, nearly all recent density estimation methods are unfit for a class-aware
approach. In real-world applications, this poses a significant disadvantage compared
to detection-based methods. Only a few methods drive research towards multi-class
density maps [23, 168]. Object counting in the context of a real-world application
often requires predicting the number of objects in different categories, e.g., in traffic
monitoring. In this scenario, it can be important to count all road users and simul-
taneously differentiate between cars and trucks. One of the main obstacles in this
scenario is the strongly varying object density. Urban regions will usually contain
more vehicles compared to rural areas. Detection-based methods will likely be
contested on urban scenes, and density estimation-based methods will underperform
on rural scenes with a sparse object density. Furthermore, diverse object densities
are a common condition in air- and spaceborne images, e.g., given in the iSAID
Dataset [160]. This can lead to a decrease in the reliability of the counting accuracy.
One way to improve the counting accuracy is to combine different counting models.
Liu et al. [85] proposed a fusion of detection-based and regression-based methods
for crowd counting. Although DecideNet [85] achieves great performance, it is only
developed for the single-class problem.

Class-aware object counting in varying object densities is a real-world problem, but
common object detection datasets like COCO [84] have a strong bias towards one-
digit object counts per image [15]. In contrast, common crowd counting datasets like
ShanghaiTech [177] usually have diverse object densities yet include only one class.
Yet single class solutions are not sufficient for many real-world applications. As a
result, research in the field of class-aware object counting is still needed. Therefore,
inspired by DecideNet, we propose a fusion of a modern object detector with a
multi-class density estimation network. We utilize for our multi-class density estima-
tion branch a backbone and a FPN. Furthermore, we utilize detection and density
estimation results to predict accurate object counts for different categories. We see
for our approach two use cases: The first use case is class-aware object counting. The
second use case is to utilize it as a support structure for object detection. From the
deviation between the predicted object count and the detection count, the presence
of false positive or false negative detections can be inferred.
Contributions: (1) We propose a novel way to combine class-aware density esti-
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mation with object detection. Our approach is well-suited to be integrated into the
most common object detection and instance segmentation models and is end-to-end
trainable. (2) Our approach includes a count estimation network optimized to
predict object counts with different categories in scenes with diverse object densities.
The predicted object counts can be used as an indicator to verify the detection results
and, therefore, increase its reliability. (3) To display our approach’s effectiveness,
we evaluate our method on common object detection datasets.

5.1.2 Approach

Our proposed methodology combines a multi-class density estimation network (MC-
DEN) with a detection pipeline, serving as the precursor for the count estimation
network (CEN). As previously articulated, natural scenes are characterized by the
presence of multiple objects that exhibit significant variations in density and encom-
pass diverse categories. To enhance counting performance, we propose a synergistic
approach that fuses object detection with class-aware density mapping.

An overview of the architecture is presented in Figure 5.4. Initially, we employ a fea-
ture pyramid network (FPN) as the backbone to extract feature maps across varying
receptive fields and semantic levels. The flow of these feature maps is separated into
two distinct branches: the detection pipeline and the density estimation branch.

The detection pipeline comprises a region proposal network (RPN), a non-maximum
suppression filter, a box head, and, optionally, a mask head. In parallel, the density
estimation branch utilizes the MCDEN to generate class-aware density maps that
encapsulate the distribution of objects across different categories. Subsequently,
the outputs from both the detection pipeline and the density estimation branch
are concatenated as inputs for the CEN. The primary objective of the CEN is to
deliver accurate object counts for each category within the specified scene. By
leveraging the strengths of both detection and density estimation, our approach
aims to significantly enhance the performance of object counting in complex natural
environments.

Multi-class Density Estimation Network. We consider a set of N training images
{Ii}1≤i≤N with corresponding ground truth density maps {Dgt

i,j}1≤j≤c, for c different
object categories. We aim to learn a non-linear mapping Fj for each object category
parameterized by θ to estimate c different density maps approximating Dgt

i,j by
minimizing the L2 norm of the ground truth and the predictions.

Dest
i,j (Ii) = Fj(Ii, θ), (5.1)
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Figure 5.4: Network Architecture. A general overview of our proposed method. Features
extracted from the backbone are processed in the RPN and in the MCDEN.
Subsequently, detection results and density maps are sent to the CEN to refine
counting results.

where θ are the learned parameters. Without loss of generality, we describe the
proposed method for a single image I to facilitate the notation.
To start with, the FPN outputs four relevant feature maps Si with i ∈ {0, 1, 2, 3}, one
for each of the scaling factors s ∈ {1

4 , 1
8 , 1

16 , 1
32}. The feature map S1 with the spatial

size 1
8 -th of the original image size is used as the base feature and all other features

are resized to this spatial size calculated by

Rl = resize(Sl) l ∈ {0, 2, 3}, (5.2)

where Rl is the resized feature map. The upsampling is done by an bilinear interpo-
lation, the downsampleing learned by applying a dilated convolutional layer with a
stride of two. Then, we create scale-aware features Cl with l ∈ {0, 2, 3} according
to

Cl = S1 −Rl l ∈ {0, 2, 3}. (5.3)

In a next step, we calculate the individual contrast features Wl according to

Wl = Fsa(Fsa(Cl)⊙Rl) l ∈ {0, 2, 3}, (5.4)

where Fsa is the output of a 1× 1 convolution layer followed by a sigmoid activation
function. The resulting features are multiplied element-wise by Rl, denoted by ⊙.
The contrast feature W1 are calculated by

W1 = Fsa(R1). (5.5)
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Figure 5.5: Multi-class Density Estimation Network. In this figure, we compare the multi-
class density estimation network (MCDEN) with the CrowdFPN architecture.
Unlike CrowdFPN, which typically focuses on generating a single density map for
the entire scene, MCDEN aims to predict multiple density maps corresponding to
each object category. This differentiation allows MCDEN to capture the nuanced
distributions of various object classes more effectively, thereby enhancing the
precision of density estimation in complex environments.

The contrast features W are then concatenated to F. After encoding the relevant
information, particularly the scale of the original image I, into the feature block, we
initiate the decoding process. Rather than using a single decoder as in [99], we
employ a dedicated decoder network Fdc for each object category c

Dest
j = Fdc,j(F ) ∀j ∈ {1, ..., c}. (5.6)
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The decoder consists of three sequences of dilated convolutional layers followed by
batch normalizations and ReLU activation functions. In contrast to CrowdFPN we
reduce the number of weights significantly in the decoder block, as each additional
category increases the number of required parameters to be learned.

Detection Pipeline. The detection pipeline is derived from Mask R-CNN. The
essential parts of the detection pipeline are the RPN and the box head. Furthermore,
we add a mask head, which is an optional step for our approach in order to create
instance masks. The first step is the processing of the feature maps from the backbone
in the RPN. The RPN proposes regions in which objects can be found. Then, the
NMS filters the output region proposals. Afterwards, the filtered region proposals
are sent to the box head, where the classification of the objects in the region are
performed. The box head also refines the spatial properties of the region proposals.
In an optional step, a mask head estimates the segmentation masks of the potential
objects.

Count Estimation Network. Figure 5.6 shows an overview of the CEN. The CEN for
a single object category j ∈ c can be formulated as follows:

CENj = Fstage2(ndet
j + λres · resize(Fstage1(Dest

j ))). (5.7)

Here, Fstage1 and Fstage2 are the operators describing the corresponding parts from
Figure 5.6. Fstage1 is a sequence of convolutional layers, Fstage2 consists of multiple
fully connected layers, and the resize function has a fixed output of the size c× ϵ.
The constant ϵ influences the complexity of the first dense layer, which must be tuned
during training, and c denotes the number of object categories. Dest and ndet and
are the results from the density estimation and the detection pipeline. The rescaling
factor λres,j ∈ [0, 1] denotes the quotient between the size of the tensor before and
after the resizing operation following the first stage of CEN. The multi-class density
maps Dest

j and the number of detected objects ndet
j of the detection pipeline are fed

forward to the CEN. In the first step of the CEN, the multi-class density maps are
processed in a 2D-convolutional layer with a filter size of 32. The convolutional
layer is followed by a batch normalization and a ReLU activation function. After a
repetition of this sequence of operations, the resulting features are further processed
by a 2D-convolutional layer. After applying another set of batch normalizations
and ReLU activation functions, the results are interpolated to a matrix with the
dimensions c× ϵ. Due to the different sizes of the input density maps, resizing the
feature map can lead to wrong assumptions about the number of objects. Density
maps are trained to approximate a normalized Gaussian distribution in which the
sum of all pixels corresponds to the number of objects in a given scene. Applying
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Figure 5.6: Count Estimation Network Architecture. The count estimation network (CEN)
consists of two stages. Initially, the density maps are processed. Subsequently,
the embeddings are concatenated with the class detection counts, and an
estimation of the number of objects per class is performed through regression.
This two-stage approach ensures a comprehensive integration of both density
information and classification data, enhancing the accuracy of the final count
estimations for each object category.

a simple resize operation to a fixed value can skew the distribution. Therefore, a
resizing function has to be followed by the rescaling factor λres.

This featuremap and the previously predicted number of detections ndet
j are concate-

nated and fed into a sequence of two dense layers with a batch normalization layer,
which is activated by ReLU functions. Finally, an additional dense layer outputs the
estimated count result ncen

j for each class.

Loss Functions. We employ a multi-loss function consisting of the detection loss
Ldet, the density loss Lds, and the CEN loss Lcen. The overall loss function can be
formulated as follows:

L = Ldet +
∑c

j=1
1
c (Lds,j + Lcen,j), (5.8)
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where Ldet is implemented according to [47]. Furthermore, Lds,j is aggregated over
all object categories c and calculated by the L2-norm with a batch size N ′ < N of
the training images I ′ ⊂ I

Lds,j = 1
2N ′

∑N ′

i=1

∥∥∥Dgt
i,j −Dest

i,j

∥∥∥
2

. (5.9)

Finally, Lcen,j per object category can be defined as

Lcen,j =
λcen,j

2N ′

∑N ′

i=1

∥∥∥ngt
i,j − ncen

i,j

∥∥∥
2

ngt
i,j

, (5.10)

where ngt
j is correct number of objects The Lcen also utilizes the L2-norm. In order

to reduce the effect of the Lcen on the weight update process, we apply an additional
constant λcen ∈ [0, 1] to Lcen. Additionally, we divide the loss term by the number of
objects per category to create a relative loss function for balancing the loss between
high- and low-density object counts.
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Figure 5.8: Visualization of Results achieved on the iSAID Dataset. From left to right
column: ships, trucks, cars, and planes. DET is the number of detections, MDS
is the sum over the density map, and CEN displays the number of the count
estimation network, which combines the former results.
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Table 5.1: Counting Results for the Visdrone Dataset. This figure illustrates the counting
results on the VisDrone dataset.

Visdrone [0-1000] [0-10] [11-50] [51-100] [101-1000]
Faster R-CNN
(standalone)

MAE 4.93 2.60 11.31 17.87 29.21
RMSE 13.45 3.98 13.56 33.34 64.88

Faster R-CNN
(det-branch)

MAE 4.71 2.40 11.25 17.86 29.43
RMSE 13.17 3.91 13.82 32.39 64.18

DetectorRS
(standalone)

MAE 4.77 2.35 14.71 18.35 22.86
RMSE 9.58 3.13 16.85 34.13 51.59

CenterNet
(standalone )

MAE 5.79 3.07 15.69 18.35 22.86
RMSE 10.92 4.19 18.23 36.65 54.25

MCDEN-OURS
MAE 6.53 4.29 14.39 14.81 26.92

RMSE 11.50 5.74 16.00 25.78 53.88

CEN-OURS
MAE 3.76 2.07 10.49 13.84 23.55

RMSE 9.56 3.25 12.52 25.07 51.11

5.1.3 Experimental Results

In this section, we evaluate the effectiveness of our proposed approach. First, we
present details of our implementation. Then, we introduce the evaluation metrics
and the benchmark datasets. After that, we discuss the counting results and compare
them to state-of-the-art object detection methods. Finally, we conduct an ablation
study.

Implementation Details. We use a ResNet50 [48] pre-trained on ImageNet [127]
as our backbone. For the detection pipeline of our network, we use Faster R-CNN for
object detection and Mask R-CNN as a baseline for instance segmentation. We apply
the default anchor configuration following [47], but we increase the number of
proposals to keep before and after applying the GreedyNMS filter to 2000 proposals.
T Furthermore, we modify the number of possible detections per image to 1000.
With this, we want to ensure that our detection pipeline is not limited in scenes
with high object densities. In the training phase, the learning rate for the density
estimation branch is set to one-tenth of that for the detection branch. This strategy
facilitates a gradual increase in the learning rate of the density estimation branch
with each epoch, leading to a more efficient training process overall. In the CEN, the
constant loss reduction factor λcen and the interpolation constant ϵ are heuristically
determined to be 0.2 and 128, respectively. During training, we start with a learning
rate of α = 3 · 10−3 and uniformly reduce α to 10−3 over 50 epochs. We choose a
batch size of four and utilize the AdamW optimizer [171] with a weight decay of
10−4. For training, ground truth density maps are created by a geometry adaptive
Gaussian kernel [177] from the bounding box coordinates. We utilized the iSAID
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[160] and VisDrone [33] object detection datasets to evaluate the effectiveness of our
proposed approach. Specifically, for the iSAID dataset, we employed only a subset
of the data, focusing on object instances from the movable object categories: ’ship’,
’car’, ’truck’, and ’plane’. This selective use of categories allowed us to concentrate on
objects that exhibit significant variability in both appearance and spatial distribution,
thereby providing a robust assessment of our counting methodology.

Evaluation Metrics. Similar to previous works in object counting [23] and crowd
counting [88, 177], the mean absolute error (MAE) and the root mean squared error
(RMSE) are used as evaluation metrics. MAEc per category for all N test images in
the dataset can be defined as follows:

MAEj = 1
N

∑N

i=1
|nest

i,j − ni, jgt|, (5.11)

and RMSEc can be calculated by:

RMSEj =
√

1
N

∑N

i=1
(nest

i,j − ngt
i,j)2, (5.12)

where N is the number of test images, nest
i,j is the estimated number of relevant

targets in the i-th image for an object category j and ngt
i,j the corresponding ground

truth. Furthermore, we define the mMAE as follows:

mMAE = 1
c

c∑
j=1

MAEj (5.13)

and the mRMSE as:

mRMSE = 1
c

c∑
j=1

RMSEj (5.14)

nest is calculated for each branch individually. In the detection pipeline, nest,det

is calculated by counting the number of detections. Meanwhile, nest,ds is derived
by integrating over the pixels of the estimated density map in the density branch.
Finally, the CEN outputs nest,cen directly.

Counting Results. Figure 5.7 presents a sample of the VisDrone test-dev dataset.
The complete results are shown in Table 5.1, which displays the MAE and RMSE
for all categories. In order to verify the effectiveness of our approach, we compare
our method to the state-of-the-art object detectors DetectorRS [114], and CenterNet
[34]. Both methods are trained for 50 epochs with hyperparameters similar to the
standard settings described in [114, 34]. Even though they usually predict more
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Table 5.2: Counting Results for the iSAID Dataset. This figure illustrates the counting
results on a subset of the iSAID dataset.

iSAID Mean Ship Truck Car Plane
Mask R-CNN
(standalone)

MAE 8.52 3.84 3.82 24.32 1.20
RMSE 50.68 11.11 9.94 99.15 3.73

Mask R-CNN
(det-branch)

MAE 8.32 3.73 3.87 24.49 1.21
RMSE 50.58 10.25 9.43 100.13 3.53

OURS-MCDEN
MAE 10.97 5.16 3.94 30.95 3.83

RMSE 37.30 9.48 9.97 73.03 6.65

OURS-CEN
MAE 7.85 5.65 4.31 20.02 1.41

RMSE 31.64 15.01 9.73 60.59 3.70

precise bounding boxes, their counting results are similar or worse in comparison to
Faster R-CNN.

The detection branch outperforms the density branch in brackets with low object
counts and vice versa for high object densities. This follows the expected perfor-
mance discussed in Subsection 5.1.1. Both branches are outperformed in all brackets
by our proposed CEN. Furthermore, the Faster R-CNN of our detection pipeline has a
similar counting performance as the detection pipeline. Therefore, the multi-branch
approach does not influence its detection part negatively in counting performance.
Multiple images of the iSAID dataset are visualized in Figure 5.8 along with the
corresponding CEN output. Similar to the VisDrone dataset, the density branch
predicts fewer outliers than the detection branch, but it performed worse in the MAE
for all categories (Table 5.2).

5.1.4 Ablation Study

The following section details an ablation study conducted to confirm the architectural
decisions.

Multi-class Decoder. Our goal for the MCDEN is to estimate a density map for each
category. The first approaches were challenged by crosstalk between each unique
density map. In this case, the high-density level in one category influenced the
density estimation of other categories. Figure 5.9 shows the qualitative results of
our progress. At first, only a joint decoder for all categories is used. The number of
trainable parameters is roughly the same as in the multi-decoder structure. Note
that ships are the most numerous category in this example. This leads to strong
crosstalk between the density map and the traces of the ship density map, which can
be observed in Figure 5.9(a). Therefore, the MCDEN systematically overestimated
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Figure 5.9: Comparison between Multi-Decoder and Single-Decoder Approach. This
figure illustrates the density maps created from a single-decoder and a multi-
decoder approach. Part (a) shows the single-decoder method with crosstalk
between the density maps. In contrast, the density maps from the multi-decoder
approach of Part (b) are almost crosstalk-free.

the predicted numbers of the other categories. By adding an additional decoder part
for each category and simultaneously reducing the number of trainable parameters
in each backbone, the crosstalk decreased dramatically. Figure 5.9(b) displays the
results after applying these improvements. Simultaneously, due to the reductions in
crosstalk, the number of predicted objects in the scene became more precise.

CEN Variants. The proposed CEN stands out for its efficient and versatile design.
Table 5.3 shows the counting results of the CEN on the iSAID dataset over multiple
intervals. The first row of Table 5.3 shows the CEN without the rescaling factor
λres. A performance loss can be seen in comparison to the base implementation of
the CEN. This effect becomes more substantial with the increasing variety of input
image resolutions. The second row shows the counting results without dividing the
L2-loss by the number of objects. We expected a performance increase in the most
common interval and a decrease in the performance of the remaining brackets. But
surprisingly, by applying a relative loss term instead of the original L2-term, the
counting performance improved in all intervals.
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Table 5.3: CEN Ablation Results. This table presents the results of multiple CEN variations
on the iSAID dataset.

iSAID 0-10000 0-10 11-50 51-100 101-10000
CEN

(simple resize)
MAE 9.82 3.02 9.80 25.29 66.90

RMSE 35.29 11.34 22.38 34.71 112.02
CEN

(simple loss)
MAE 8.40 2.56 8.49 18.41 57.28

RMSE 34.73 10.46 20.133 28.19 109.31
CEN

(base)
MAE 7.85 2.50 6.51 17.86 50.31

RMSE 31.64 10.26 12.18 26.38 95.57

5.2 Fusion of Density Estimation and extended Object
Detection for Improving Object Detection

Object detection methods frequently struggle with diminished performance in the
presence of high object densities, a challenge that significantly impacts various
real-world applications. To mitigate this issue, we introduce the Density Region
Proposal Network (DRPN), a novel architectural component explicitly designed to
enhance object detection capabilities in scenarios characterized by substantial object
clustering. The DRPN leverages object density maps generated by the CrowdFPN, as
detailed in Section 3.3. By employing these density maps, the DRPN excels at pro-
ducing region proposals that are particularly well-suited for subsequent processing
by two-stage object detectors. Furthermore, we advance the field by integrating our
DRPN within the Mask R-CNN framework. This integration not only enhances object
detection capabilities but also generates concurrent object density maps. These
density maps can be effectively utilized alongside the detection results, enabling a
comparative analysis that strengthens detection reliability. By combining detection
data with corresponding density information, our approach enhances detection
outcomes, effectively addressing the complexities of high-density environments.

5.2.1 Introduction

The ability to count, localize, and identify objects in aerial images yields valuable
insights for researchers and decision-makers. However, the manual exploration and
evaluation of vast tracts of land on a large scale remain impractical.

To address this challenge, the application of computer vision techniques is essential
for extracting meaningful information from the vast quantities of visual data gener-
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ated. A family of methodologies known as object detectors presents a viable solution
for this task.

Another relevant technique in computer vision is density estimation, specifically
designed for recognizing congested scenes. Algorithms like MCNN [177] estimate
density maps that encapsulate the density of objects in specific areas, effectively
determining the number of objects per section. In crowd counting applications,
density estimation predicts the number of individuals in congested environments
and allows delineating zones of high density.

The fusion of object detection and density estimation [85] allows for the synergistic
exploitation of both methodologies. To that end, we propose a novel approach that
simultaneously generates density maps and object detections, thereby enhancing the
object detection process through the incorporation of density information into the
region proposal mechanism. In summary, we present the following contributions:

1. We introduce an alternative scheme for region proposal in scenes exhibiting
varying object density: the Density Region Proposal Network (DRPN). The
DRPN leverages object density maps to enhance the anchor generation process.

2. We integrate the density estimation network CrowdFPN and the DRPN into
the modern instance segmentation framework, Mask R-CNN.

3. To validate the effectiveness of our approach, we conduct tests of the DRPN
on two distinct crowd counting datasets and evaluate its performance on a
remote sensing instance segmentation dataset.

5.2.2 Approach

Following this introduction, we detail our proposed enhancements to object detection
for datasets characterized by varying object densities. Our primary objective is to
augment two-stage object detectors, such as Faster R-CNN or Mask R-CNN, by
calculating a density map and dynamically generating region proposals tailored to
specific scenes. To achieve this, we employ a density estimation network known as
CrowdFPN, which is described in Section 3.3.

Basic Idea. Figure 5.10 illustrates the standard flow of Mask R-CNN, extended
with a density estimation branch. Initially, features are extracted from a backbone
network, which are subsequently used to propose regions of interest in the Region
Proposal Network (RPN). The proposed regions undergo a filtering process that
is heavily influenced by a set of hyperparameters. After filtering, the regions of
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Figure 5.10: Integration of DRPN into Mask R-CNN. We incorporate CrowdFPN and the
Density Region Proposal Network (DRPN) into the Mask R-CNN framework.
CrowdFPN generates object density maps, which serve as input for the DRPN
to create enhanced region proposals. These region proposals can be seamlessly
integrated with the default proposals. Ultimately, the combined region propos-
als are input into the box head for further processing.

interest are aligned with the features to predict bounding boxes and corresponding
class labels. Finally, masks for the detected objects are estimated. In addition
to feature extraction, the extended backbone generates a density map, which is
processed within the Density Region Proposal Network (DRPN) module to calculate
region proposals for the Mask R-CNN workflow. Both the RPN and the DRPN can
function independently or in conjunction. In the second case, the region proposals
are concatenated for further processing steps.

Density Region Proposal Module. The first step within the DRPN module involves
the generation of anchor points. This is achieved by applying a filtering process to
the density map, where each pixel must exceed a predetermined density threshold
dst to qualify as an anchor point. For each anchor point, we generate a region
proposal in a predefined set of scales and shapes. These region proposals can be
further processed in additional detection heads for fine-tuning and classification.

5.2.3 Experimental Results

We integrate our backbone into the standard workflow of Mask R-CNN and evaluate
our proposed DRPN method on the instance segmentation dataset iSAID [160].
During the training process, we employed the Adam optimizer for a total of 200
epochs, with a batch size of 4, a learning rate of 1·10−5, and a weight decay of 1·10−5.
Empirical evaluations indicate that the default Mask R-CNN hyperparameters, with

116 Chapter 5 Fusion of Density Estimation and Object Detection Methods



Figure 5.11: Quantitative Results of DRPN. This figure presents processed iSAID examples
across varying levels of object density, highlighting the performance of the
Density Region Proposal Network (DRPN).
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Table 5.4: Results on iSAID. Results of DRPN, RPN and their combination on the instance
segmentation dataset iSAID. Combining both approaches leads to a slight de-
crease in mAP, but a large gain in mAR.

settings IoU metric: box IoU metric: segm
metric IoU maxDets RPN Both DRPN RPN Both DRPN

AP 0.50:0.95 10 20.2 20.1 15.7 16.5 16.4 1.34
AP 0.50 10 28.3 28.1 22.7 27.6 27.4 2.20
AP 0.75 10 23.9 23.8 18.4 18.8 18.7 1.54
AP 0.50:0.95 100 35.8 35.4 23.8 30.8 30.3 2.17
AP 0.50 100 52.5 51.7 36.3 51.7 50.7 3.63
AP 0.75 100 41.8 41.4 27.2 34.8 34.3 2.47
AP 0.50:0.95 500 36.7 36.5 23.9 31.8 31.5 2.19
AP 0.50 500 54.7 54.0 36.9 53.9 53.1 3.72
AP 0.75 500 42.7 42.4 27.2 35.5 35.3 2.48
AR 0.50:0.95 10 23.9 24.8 18.6 18.4 18.8 1.51
AR 0.50:0.95 100 41.9 44.1 29.7 35.0 36.0 2.68
AR 0.50:0.95 500 43.0 46.0 30.2 36.3 38.1 2.77

the exception of a box score threshold set to 1 ·10−3, yielded the best results. Notably,
the DRPN module was integrated into the workflow without the need for additional
training and with a density threshold dst of 0.5.

The performance of the base Mask R-CNN workflow, the configuration utilizing
DRPN in place of the RPN, and an alternative setup combining both DRPN and RPN
is assessed using the Microsoft COCO [84] API (see Table 5.4). While the DRPN
module demonstrates the capability to detect objects within scenes, its performance
falls short compared to the standard Mask R-CNN flow. The combination of DRPN
and RPN results in a slight decrease in mAP; however, it achieves a 3% improvement
in mAR for densely populated scenes.

Figure 5.11 presents examples of the outputs generated by the mixed region proposal
architecture. Furthermore, when focusing solely on the total count of objects
present in a given scene, the density map provides a more accurate count in densely
populated scenarios, underscoring the effectiveness of our approach in capturing
object density metrics.
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5.3 Fusion of Density Estimation and extended Object
Detection for Improving Dust Density Estimation

Density estimation is essential for enhancing dust monitoring, as discussed in Chapter
3, and can improve the object detection techniques described in Sections 5.1 and
5.2. Moreover, advanced object detection methods that are extended by segmenting
object shapes, known as instance segmentation, can further enhance the accuracy of
density estimation. This section explains how instance segmentation can refine and
elevate density estimation methods, highlighting the beneficial connection between
these two domains.

5.3.1 Introduction

Airborne dust significantly influences both climate and human health. Comprehen-
sive monitoring of dust can facilitate the identification of environmental hazards
and the formulation of effective mitigation strategies. Nevertheless, traditional dust
measurement instruments tend to be expensive and often fall short in capturing the
spatial characteristics of dust. While widely available RGB camera systems present a
promising alternative for assessing these spatial attributes, the automatic detection
of airborne dust within such images remains an underexplored area of research. The
development of algorithms for this automated detection faces numerous challenges,
including the inherent opacity of dust, the diverse range of density levels, the visual
similarities to phenomena such as smoke or clouds, and the indistinct boundaries
that characterize airborne dust.

In Chapter 3, the development of several dust density estimation algorithms is out-
lined. Although the capabilities for dust monitoring are impressive, some challenges
remain. One key limitation, as discussed in Subsection 3.9.2, is the insufficient
regression ability during high dust density events, especially with very small dust
plumes. To address this challenge, we propose integrating instance segmentation
algorithms into our density estimation workflow. This approach specifically tar-
gets high dust density events, thereby improving accuracy in these situations. The
combination of these two methodologies enhances dust monitoring performance,
particularly in scenarios with elevated dust density.
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Figure 5.12: Overview of Our Proposed DustSpot. This is a comprehensive overview of
our proposed DustSpot. Features extracted from the backbone are processed
through two separate branches: the detection branch and the density branch.
The object masks generated by the mask component of the object detection
branch are subsequently integrated with the density maps, resulting in the
creation of refined dust density maps.

5.3.2 Approach

The fundamental premise of our methodology is to integrate object detection tech-
niques with density estimation approaches to enhance the accuracy of dust density
estimation. An overview of our method is illustrated in Figure 5.12. We employ a
standard backbone architecture, as outlined in [48, 90], consisting of four layers
designed to extract feature maps at four different resolution scales: {1

4 , 1
8 , 1

16 , 1
32} of

the original image. This design allows for a straightforward replacement of feature
extractors, enabling us to remain aligned with ongoing technical advancements in
the field.

In the density estimation branch, we utilize algorithms such as DustNet and Dust-
Net++, which were elaborated upon in Chapter 3. For instance, DustNet processes
the feature maps extracted from the backbone to generate a dust density map D

with dimensions H
2 ×

W
2 × 1. Building upon these methods, we introduce our

new approaches, DustSpot and DustSpot++, which are derived from DustNet and
DustNet++, respectively.

We adhere to the convention established by DustNet, where the ground truth corre-
sponds to a quarter of the original image size in pixels.
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In the detection branch, we can implement convolutional-based instance segmen-
tation algorithms, such as Hybrid Task Cascade [16], as well as transformer-based
detectors like MaskDINO [79]. This process yields N dust instance segmentation
masks M . These instance segmentation masks correspond to the ground truth masks
derived from the density estimation ground truth.

To create the density detection maps, we apply a threshold to the density maps,
removing all values below a defined threshold dthr. Following this thresholding step,
we employ a connected-component labeling algorithm, as outlined in [40], utilizing
4-connectivity. For each unique segmentation that meets a specified size in pixels,
we extract a binary mask and compute the corresponding bounding box. These
segmentation masks subsequently serve as our ground truth, providing a reliable
reference for training the detection branch.

After calculating the density map D and the instance segmentation masks M , both
outputs are subsequently processed through a fusion module. In the initial step,
the instance segmentation results M are downscaled to match the dimensions of D.
Following this, all masks M are aggregated into a single mask DDet that encompasses
multiple instances. To ensure proper alignment with the ground truth, we restrict all
values in DDet to a maximum of one and multiply it by the corresponding threshold
value dthr used in the ground truth creation process. In the final step, we combine
the two density maps, D and DDet, by selecting the maximum value from each
corresponding pixel position. This method ensures that if the density estimation
process does not accurately regress a value, the resulting density map is raised to
a lower bound in high-density regions, thereby enhancing the robustness of our
density estimation.

5.3.3 Experimental Results

In this section, we summarize the implementation specifics of our experiments,
present the quantitative results of our approach, and finally illustrate the qualitative
outcomes.

Implementation Details. Initially, we trained DustNet S and DustNet++ following
the scheme described in Section 3.7, utilizing a Swin Large backbone. We then froze
the backbone weights and integrated them into MaskDINO. To construct the object
detection dataset, we adhered to the methodology outlined in Section 5.3.2, deriving
it from the Meteodata dust dataset with a threshold dthr set at 70% of the maximum
value. During training, we applied data augmentation techniques, including random
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vertical image flipping, random multiscale resizing, and random cropping operations.
We employed the AdamW optimizer [92] with an initial learning rate of 2 · 10−3

and a weight decay of 10−3. Additionally, we implemented gradient clipping and
applied a learning rate multiplier of 0.1 to the backbone. After completing the
training phase, we fused both networks for inference and conducted testing on the
Meteodata dust test dataset.

The intention behind this approach was that training within a multi-learning scheme
led to convergence problems in the neural network. Specifically, joint training on
detection and density estimation tasks resulted in significantly poorer performance.
Training sequentially—first on detection and then on density estimation—also did
not yield satisfactory results. Therefore, we opted to train the networks separately
and then fused them during inference, which proved to be more effective.

Quantitative Results. We conducted a comprehensive quantitative evaluation of
our fusion approach, which integrates DustNet S and DustNet++ with an object
detection component. The results are illustrated in Table 5.5.

When comparing DustNet S to DustSpot S, we observe that the combined approach
exhibits a slight decrease in performance as measured by the MAE and MSE. This
slight degradation is also apparent in the low-density brackets for both metrics.
Notably, the classification accuracy between dust and no dust remains unchanged in
these comparisons. Despite the marginal decrease in MAE and MSE, the integration
of an object detector effectively addresses one of the primary weaknesses inherent in
the regression approaches. Specifically, while the overall mean MAE and MSE across
all brackets improved, the most significant enhancements are evident in scenarios
characterized by high dust densities. The object detection component enhances
the model’s ability to accurately capture high-density dust events, leading to better
performance in these challenging conditions. This improvement is also observed
with DustNet++. In this case, the fusion approach yields a more substantial en-
hancement in the high-bracket MAE and high-bracket MSE, as well as improvements
in the overall MAE and MSE. The greater degree of improvement with DustSpot++
suggests that the fusion approach synergizes effectively with models that are more
sensitive to variations in dust density, thereby providing more accurate estimations
in high-density scenarios.

Qualitative Results. Figure 5.13 presents three events occurring within a mining
scene. In the leftmost image, the fusion approach elevates the predicted dust levels,
although they remain somewhat lower than the ground truth measurements. A
similar observation can be made in the middle image, where the fusion approach
assists in detecting small, high-density dust events, a known weakness of the pure
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Table 5.5: Quantitative Results. We comprehensively evaluated our combined approach,
integrating DustNet S and DustNet++ with an object detection component.
The experimental results on the Meteodata dust test dataset demonstrate that
our fusion approach DustSpot enhances performance, particularly in scenarios
characterized by high dust densities. In addition to the default metrics MAE,
MSE, Acc, Pre, Rec, and IoU on the full images, the pixel values are binned into
zero dust (ZB), low dust (LB), medium dust (MB), and high dust (HB) densities,
while ØB-MAE and ØB-MSE represent the mean over all bins.

Model DustNet S DustSpot S DustNet++ DustSpot++
Backbone Swin-L Swin-L Swin-L Swin-L
CPW ✓ ✓ ✓ ✓
#Img 1 1 1 1
MAE 12.80 12.82 12.63 12.61
MSE 402.20 404.87 422.33 422.20
ØB-MAE 21.19 20.88 22.43 21.67
ØB-MSE 941.10 926.47 1039.23 993.78
Acc 0.885 0.885 0.879 0.879
Pre 0.888 0.888 0.883 0.883
Rec 0.886 0.886 0.881 0.881
IoU 0.793 0.793 0.784 0.784
HB-MAE 36.06 34.37 41.20 37.78
HB-MSE 2023.29 1938.62 2394.30 2189.27
MB-MAE 25.62 26.21 25.89 26.21
MB-MSE 1091.23 1093.88 1075.72 1093.88
LB-MAE 14.63 14.66 15.55 15.58
LB-MSE 428.98 432.56 463.08 466.69
ZB-MAE 8.47 8.47 7.09 7.09
ZB-MSE 220.89 222.47 223.80 225.27

regression approach. Finally, the rightmost scene also demonstrates improvement
through the fusion method. Specifically, the integration of the object detection
component with DustNet S and DustNet++ leads to more accurate dust density
predictions. The fusion approach effectively identifies and quantifies areas with high
dust concentrations, thereby enhancing the overall estimation accuracy compared to
the base model without detection.

Figure 5.14 illustrates scenes with varying levels of cloud coverage. Notably, our
detection approach demonstrates robustness against confounding factors such as
clouds; it does not misinterpret cloud formations as dust. This capability indicates
that our method effectively distinguishes between dust particles and clouds, ensuring
reliable dust detection even under challenging atmospheric conditions. The ability to
accurately discriminate between dust and clouds enhances the practical applicability
of our approach in real-world mining operations where such conditions are prevalent.
Moreover, the fusion approach is capable of detecting small-scale, high-density
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Figure 5.13: Mining Scene Under Varying Dust Levels. This figure illustrates the same
mining scene under varying dust levels. In nearly every scenario, our fusion
approach enhances the performance of the base density estimation method.
Specifically, integrating the object detection component with DustNet S and
DustNet++ leads to more accurate dust density predictions. The fusion ap-
proach effectively identifies and quantifies areas with high dust concentrations,
thereby improving the overall estimation accuracy compared to the base model
without detection.

dust events, which represents a significant advantage. However, it is essential
to acknowledge that the detection component is limited to identifying dust at a
single level of density. Despite this limitation, the combined approach constitutes
an improvement over the pure regression model, as it enhances performance in

124 Chapter 5 Fusion of Density Estimation and Object Detection Methods



Figure 5.14: Mining Scene with Different Cloud Coverage. This figure presents various
mining scenarios alongside their corresponding dust estimation predictions
under different cloud coverage conditions. The fusion approach effectively
distinguishes between dust and clouds, similar to the regression models. How-
ever, it also enhances performance in situations characterized by high dust
densities, particularly in detecting small-scale dust events. By integrating
the object detection component with DustNet S and DustNet++, the fusion
approach not only maintains accurate differentiation between dust and cloud
formations but also significantly improves the detection and quantification
of dust in challenging conditions. This enhancement is especially notable for
small dust events, which are often difficult to detect due to their subtle signa-
tures and the presence of cloud cover. The improved performance underscores
the robustness of our method in complex atmospheric scenarios commonly
encountered in mining environments.

detecting and quantifying dust, especially in scenarios involving subtle or high-
density dust occurrences.
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5.4 Discussion

The first study presented in this chapter examined the integration of a multi-class
density estimation network with an object detection branch to form a count estima-
tion network. This combined approach significantly enhanced counting results on
two widely used object detection datasets. By leveraging both, spatial distribution
information and precise object localization, the model achieved more accurate and
robust counting performance across a variety of scenarios.

Experimental results confirmed that object detection methods excel in situations
involving low-density counts with minimal to moderate occlusion. In such environ-
ments, objects are sufficiently separated and visible, allowing detection algorithms to
identify and localize each object effectively. However, these methods underperform
in scenes characterized by high and diverse object counts due to challenges posed
by occlusions and overlaps. Conversely, density estimation methods perform well in
high-density scenes but suffer in performance in low-density scenarios.

Furthermore, it was demonstrated that training the proposed end-to-end approach
in a multi-loss manner is feasible, simplifying the training process. Training all
components simultaneously resulted in only a slight decrease in the performance
of the detection branch. This minor reduction was anticipated because multi-loss
learning typically requires a precise balancing of the loss terms to prevent any single
task from dominating the training. Moreover, the results indicate that employing
a multi-decoder approach is crucial to avoid crosstalk between different classes.
Crosstalk occurs when signals or gradients associated with one class interfere with
those of another, potentially degrading performance. Although using separate
decoders mitigates this issue, it can be computationally expensive, especially when
dealing with a large number of classes, since each additional decoder increases the
computational load.

Additionally, the rescale factor in the CEN was found to be critical for the counting
performance. This rescale factor adjusts the network’s output to account for vari-
ations in image sizes, ensuring accurate counting regardless of input dimensions.
Without this adjustment, the CEN cannot correctly estimate object counts for images
of different sizes, leading to inconsistent results. Interestingly, applying a relative
loss term instead of the traditional L2 loss term improved counting performance
across all intervals of object counts. It was initially expected that the relative loss
would enhance performance in the most common interval while potentially decreas-
ing performance in intervals with very low or high object counts. However, the
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observed improvement across all intervals suggests that the relative loss provides a
more balanced and effective optimization across different count ranges.

In the next study, we combined density estimation with object detection to enhance
object detection performance. This approach resulted in a very slight decrease in
mAP, but it yielded a substantial increase of 3 points in mAR compared to the pure
RPN approach. The minor reduction in mAP can be explained by the fact that an
increase in potential detections may lead to more false positives; however, this is
more than offset by the significant gain in recall. Notably, using only the DRPN
module led to a considerable decrease in performance, indicating that it cannot
effectively function as a standalone indicative method. It should not be overlooked
that deep learning-based object detection algorithms often include parameters that
limit the number of objects they can detect. This limitation is particularly pronounced
in DETR algorithms, which operate with a fixed number of queries. Consequently,
when the actual number of objects exceeds this limit, these algorithms may fail to
detect all objects. To address this issue, incorporating an additional density map
can serve as an indicator of the validity of the results. Detecting high densities
suggests that the threshold for the maximum number of detected objects has been
surpassed. Recognizing this allows for necessary adjustments to be made, leading to
more reliable outcomes.

Finally, in the concluding study of this chapter, the accuracy of dust density esti-
mation is enhanced by combining it with instance segmentation. Utilizing instance
segmentation results for high dust levels addresses the suboptimal performance of
the dust density estimation algorithms presented in Chapter 3. This integration leads
to substantial improvements: regression metrics in regions with high dust densities
are enhanced, and smaller dust plumes are more readily detected. However, the
current instance segmentation approach employs only a single dust level in the
segmentation masks, leaving room for further research. Implementing a multilevel
approach could be beneficial, potentially improving the model’s ability to distinguish
between varying dust densities.

Collectively, these findings underscore the importance of integrating multiple method-
ological approaches and carefully considering training strategies and loss functions
in the development of effective counting models. Addressing challenges such as
accurately counting objects in high-density scenes and managing computational
complexity with multiple classes is essential for improving accuracy and efficiency
in complex real-world environments.
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5.5 Conclusion

In this chapter, we have demonstrated how to leverage fusion approaches between
density estimation and object detection to enhance detection and counting perfor-
mance in scenes characterized by significant variability in scale and density.

First, we propose a hybrid approach that integrates density estimation with object
detection for multi-class object counting. Our findings indicate that the density
estimation branch excels in scenarios with high object density, while the detection
branch performs better in contexts with fewer objects. Additionally, we introduce a
count estimation network that effectively fuses both branches, significantly improv-
ing prediction accuracy compared to relying solely on one branch. To validate the
effectiveness of the proposed approach, evaluations were conducted on two widely
used object detection datasets, and it was benchmarked against algorithms from
the R-CNN family. As previously discussed, establishing a robust benchmark for
multi-class object counting in environments with highly variable densities is essential
for advancing research in this field.

Next, we propose a method that fuses object detection with density estimation. This
approach generates density maps alongside object detections for a given scene. The
density estimation branch employs multi-scale features to create contrastive features,
thereby enhancing the density estimation process. Furthermore, non-uniform anchor
proposals guided by the density branch improve the detection process. Our model,
designated as DRPN, achieves a 3 points higher mAR when combined with a baseline
RPN. Additionally, the overall number of detections can be validated through the
density estimation branch.

Finally, we present a fusion approach called DustSpot to improve dust density
estimation. The methods proposed in Chapter 3 are combined with an instance
segmentation algorithm—in our case, the state-of-the-art method MaskDINO. While
a multi-task learning approach was not successful, a specific training scheme led
to a successful outcome. The DustSpot and DustSpot++ approaches address the
weaknesses of existing dust density estimation methods, particularly in handling
small and high dust density events. We demonstrate the capability of our approaches
on the Meteodata dust density dataset.
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In the following, quotations to related publications are highlighted by colored
bars placed on the outer border of the text, even though minor editorial
changes have been made. The color encoding used is as follows:

• Michel, A., Weinmann, M., Kuester, J., AlNasser, F. , Gomez, T., Falvey,
M., Schmitz, R., Middelmann, W. & Hinz, S. (2025, February). Dust-
Net++: Deep Learning-Based Visual Regression for Dust Density Estima-
tion. In International Journal of Computer Vision (pp. 1-25). Springer.
Reprinted with permission. It is cited as [100].

This chapter provides a comprehensive discussion of the main themes of the work.
Beginning with an impact analysis of dust density estimation research, it then
addresses research conducted on object detection and object counting. Finally, it
explores the broader societal implications of dust research.

6.1 Research Impact for Dust Density Research Impact

Our study has shown that throughout the evolution of the proposed neural net-
work architectures in Chapter 3, a crucial aspect of dust density estimation is the
simultaneous focus on the significance of integrating both global and local features.
CrowdFPN is built on a strong FPN structure to process and combine high- and
low-level semantic features. DeepDust improves this approach by simplifying the
FPN structures and the fusion module. DustNet further enhances this by ingesting
temporal information and adding a branch for high-level semantic features. By
exploiting adaptive convolutional neural networks, the feature fusion process is
improved. Finally, DustNet++ again utilizes only one branch but employs sparse
global attention in combination with window attention to process high- and low-
level semantic features. The ablation studies have shown that this is a critical aspect.
The local features are essential for detecting dust, while the high-level features are
vital to avoid false positive classifications with similar phenomena, such as clouds
or smoke. Furthermore, temporal data and the use of advanced machine learning
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training techniques like CPW to increase the batch size have led to impressive results
on the Meteodata dust dataset and the binary segmentation URDE dataset. Notably,
experiments on the latter datasets have demonstrated the excellent generalizability
of the proposed methods.

However, key drawbacks were observed. The proposed models tends to overlook
minor dust plumes, which is hypothesized to be a trade-off for reducing false
positives, ultimately leading to a lower loss during training. Additionally, it is
conjectured that using the L2 loss function may exacerbate the regression ability in
bins characterized by sparse occurrences. Notably, bins containing rare, high dust
values exhibit significantly poorer performance than those with more frequently
occurring, lower values.

Adding a detection branch, as described in Section 5.3, provides relief. The regression
metrics in areas with high dust densities can be improved, and smaller dust plumes
can also be detected more easily. However, the instance segmentation approach
currently employs only a single dust level in the instance segmentation masks, which
still leaves room for improvement. A multilevel approach could be utilized here.

The Meteodata dust dataset relies on subjective annotations by human annotators
rather than physical measurements, introducing inherent subjectivity and variability.
The indistinct dust boundaries within this dataset add further ambiguity compared
to datasets used for classification or object detection tasks. Consequently, the model
may occasionally reflect actual dust conditions more accurately than the annotated
ground truth. Therefore, achieving superior test metric results does not necessarily
correspond to enhanced performance in practical, real-world applications. Although
the model is also evaluated using the URDE binary segmentation dust dataset, a
comprehensive comparison between density estimation and semantic segmentation
approaches to dust remains essential.

6.2 Research Impact for Object Detection

Detecting objects at varying scales and densities presents considerable challenges,
often necessitating post-processing techniques to enhance accuracy. In this con-
text, ARM-NMS demonstrates significant superiority over box NMS variants in both
bounding box detection and mask predictions, marking an important advancement
in non-maximum suppression techniques for object detection and segmentation
tasks. Our ablation experiments show that ARM-NMS outperforms Mask-NMS due
to the inclusion of area-rescoring, which refines detection scores based on object
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size, enhancing overall detection accuracy. However, these conclusions are based on
experiments with a single dataset, indicating the need for further testing across multi-
ple datasets to ensure the method’s robustness and generalizability. The dependency
of NMS on multiple parameters significantly adds complexity to the optimization
process, as optimal values may vary with different datasets or data shifts. Although
area rescoring improves detection performance, it introduces additional parameters
and can cause glitches, such as anomalously large, low-confidence masks receiving
inflated scores and suppressing correct detections. Addressing these issues requires
strategies to detect and manage glitched masks effectively.

This study underscores the importance of a data-centric approach in machine learn-
ing model development. It reveals that conventional inference strategies do not
always enhance performance, potentially due to data shifts caused by augmentation
techniques like multiscale resizing or errors arising from the fusion process with
filtering methods. By focusing on modifying existing datasets—specifically by se-
lecting only the relevant classes—an improvement in performance was achieved,
highlighting the critical role of data quality and relevance. Furthermore, the 2024
MACVI challenge demonstrated that detection algorithms typically deemed superior
in standard computer vision benchmarks, such as Co-DETR [182] compared to
YOLOv8 [63], can be outperformed by models trained on a wide array of pertinent
data samples. This finding implies that the selection and diversity of data may have a
more significant impact on model performance than the neural network architecture
itself, emphasizing the profound effect of dataset optimization over solely relying on
advanced neural network designs.

Combining density estimation and object detection to improve object detection led,
in this case, to a negligible decrease in mAP but resulted in a substantial increase
of 3 points in mAR compared to the pure RPN approach. This can be explained
by the fact that more potential detections may lead to more false positives, but
this is more than compensated by the significant gain in recall. Nevertheless, using
only the DRPN module leads to a significant decrease in performance, which is the
reason why it cannot be used as a standalone indicative method. However, deep
learning-based object detection algorithms typically have parameters that limit the
number of detected objects, particularly in DETR algorithms with a fixed number of
queries. An additional density map can serve as an indicator of the validity of the
results because detecting genuinely high densities may suggest that the threshold
has been surpassed. This leads to more reliable outcomes.
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6.3 Research Impact for Object Counting

The study conducted in this work analyzed the fusion of a multi-class density es-
timation network with an object detection branch to establish a count estimation
network (CEN). Experimental results confirmed the assumption that object detection
methods excel in situations involving low-density counts with minimal to moderate
occlusion, while density estimation methods perform better in high-density counts.
Combining these approaches with the CEN led to the best counting results, especially
in environments with varying object densities. Training all components simultane-
ously resulted in only a minor decrease in the detection branch’s performance. This
slight reduction was anticipated, as multi-loss learning generally requires a precise
balancing of the loss terms to ensure that no single task dominates the training.

Surprisingly, applying a relative loss term instead of the traditional L2 loss term
improved counting performance across all intervals of object counts. It was initially
expected that the relative loss would enhance performance in the most common
interval while potentially decreasing performance in other intervals. Collectively,
these findings demonstrate that the fusion approach enhances counting performance
in scenarios with strongly varying densities.

6.4 Societal Impact

Mineral dust poses significant health risks to humans, serving as a medium for
transporting biological components such as bacteria, endotoxins, and fungi through
atmospheric pathways [106]. Although predominantly originating naturally, mineral
dust can frequently result from anthropogenic activities. Notable examples include
construction sites and stone-crushing plants, where dust adversely affects workers’
health [76]. Additionally, eroded agricultural fields can impact nearby rural popu-
lations, especially due to the potential for carrying pesticides [107]. Strong winds
can also facilitate the long-distance transport of dust from these sources to urban
areas.

Despite its harmful effects, mineral dust remains comparatively under-regulated
relative to industrial pollutants [106]. This is largely due to its primary impact
on smaller, less-monitored populations, such as rural communities and workers.
In the United States, the Environmental Protection Agency (EPA) predominantly
monitors densely populated cities, leaving smaller communities under-monitored
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[150]. Consequently, the limited monitoring efforts perpetuate a feedback loop that
intensifies the issue.

To address this problem, the development of effective detection methods is essential.
Enhanced detection and monitoring can help mitigate the health risks associated
with mineral dust, ensuring better protection for affected populations. Although the
total elimination of dust emissions is not feasible, it is possible to implement targeted
mitigation strategies. Such measures could encompass but are not limited to, the
hydration of untreated roads, the reduction of vehicle speeds, and the moderation
of mining operations. However, the implementation of effective and cost-efficient
monitoring systems is crucial to refine and optimize dust mitigation strategies.

We hope that DustNet++ and DustSpot, with their enhanced capabilities for detect-
ing airborne dust, will make a substantial contribution to improving dust monitoring
methodologies.
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Conclusion and Outlook 7
This chapter concludes our work by summarizing the research conducted and
provides an outlook based on the results produced, highlighting various aspects for
future exploration.

7.1 Conclusion

This work focuses on the analyzing of objects and particles across a wide range of
sizes and scales. The aim is to monitor small particles like dust, as well as larger
objects such as cars, planes, and ships. To achieve this, neural network architectures
for two-dimensional object detection, instance segmentation, and density estimation
within the context of remote sensing are analyzed and adapted.

Firstly, several techniques for estimating dust density have been developed, including
CrowdFPN, DeepDust, DustNet, and DustNet++ as presented in Chapter 3. Among
these methods, DustNet++ emerges as an advanced neural network specifically
designed for dust density estimation. DustNet++ computes the dust density for
each pixel within a given image by effectively harnessing and integrating local,
global, and temporal information. This comprehensive approach allows the model to
capture fine-grained details at the pixel level, as well as broader contextual patterns
across the image and over time, enhancing its overall predictive capabilities.

Notably, DustNet++ not only excels in regressing various dust levels but also demon-
strates a high proficiency in differentiating dust from visually similar phenomena
such as clouds. This distinction is crucial in remote sensing applications, where
accurate identification of dust particles is essential for environmental monitoring
and climate modeling. By accurately distinguishing between dust and clouds, Dust-
Net++ reduces false positives and negatives, thereby improving the reliability of
dust detection and analysis.

The proposed methodology demonstrates superior performance, surpassing all com-
peting methods in regression capability on the Meteodata dust dataset and exhibiting
improved localization abilities on the URDE dataset. These results underscore the
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effectiveness of DustNet++ in accurately estimating dust density and highlight its
potential for advancing research and applications in the field of remote sensing. The
integration of advanced neural network architectures with comprehensive data pro-
cessing strategies positions DustNet++ as a significant contribution to the ongoing
efforts in environmental monitoring and atmospheric science.

Furthermore, the success of DustNet++ suggests that combining multiple scales of
information—local, global, and temporal—can lead to substantial improvements
in model performance for complex environmental phenomena. Overall, the ad-
vancements presented through DustNet++ provide valuable insights and tools for
scientists and practitioners working on dust detection and density estimation, con-
tributing to a better understanding of atmospheric dust and its impacts on climate
and human health.

Hereafter, the focus shifts to larger objects, applying training and inference opti-
mization techniques as discussed in Chapter 4, while still concentrating on scenes
characterized by significant variability in density and scale.

A novel technique called ARM-NMS is introduced, which enhances object detection
by utilizing shape information to filter out unnecessary detections without requiring
retraining of existing instance segmentation methods. When applied to detection lists
generated by Mask R-CNN on the iSAID validation dataset, ARM-NMS outperforms
traditional box-shaped filtering algorithms by more than three points on the COCO-
style (mAP) metric. This improvement indicates that rescoring detections based on
the shape and area of objects enhances overall detection performance.

Additionally, a data-centric approach is utilized to enhance object detection, as
demonstrated in the exemplary case of maritime object detection. This technique
enhances detection performance during inference by leveraging multiple represen-
tations of the input data, all without modifying the model’s architecture. Overall,
the findings show that object detection performance depends not only on architec-
tural optimization but also on training schemes, data handling, and post-processing
techniques.

In Chapter 5, fusion approaches between density estimation and object detection are
utilized to enhance detection and counting performance in scenes with significant
variability in scale and density. Firstly, a hybrid method is proposed that integrates
density estimation with object detection for multi-class aware object counting. This
approach leverages the strengths of both branches: the density estimation branch
excels in high-density scenarios, while the detection branch performs better with
fewer objects. By effectively fusing these branches through a count estimation
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network, prediction accuracy is significantly improved over relying on a individual
method. This methodology is validated on two widely used object detection datasets
and benchmarked against R-CNN algorithms.

Next, a method is introduced that fuses object detection with density estimation to
simultaneously generate density maps and object detections. The density estimation
branch employs multi-scale features to enhance the process, and non-uniform
anchor proposals guided by the density branch improve detection performance. The
resulting model, designated as DRPN, achieves a great increase in mAR compared to
the baseline RPN, albeit at the cost of a slight reduction in mAP. Object detectors
typically have, by design, an adjustable upper limit on the possible number of
detections, whereas density maps do not possess such a limitation. Therefore,
density estimation maps can serve as reliable indicators for validating the total
number of detections produced by the object detection results.

Finally, the DustSpot approach is presented to improve dust density estimation
by combining methods from Chapter 3 with an instance segmentation algorithm,
specifically the state-of-the-art MaskDINO. Through a specific training scheme, a
successful outcome is achieved. DustSpot addresses the weaknesses of existing dust
density estimation methods, particularly in handling small and high dust density
events, as demonstrated on the Meteodata dust density dataset.

In conclusion, this study successfully addresses the challenges associated with
developing and training deep learning methods for analyzing objects and particles
across a wide range of sizes and scales. It outlines the development process of
dust density estimation methods, optimizes training and inference techniques for
object detection, and ultimately combines object detection with density estimation to
enhance the analyzing of remote sensing objects and particles at different scales.

Overall, this study contributes valuable insights to the field of remote sensing
by effectively combining object detection and density estimation methods. The
findings highlight the potential for advanced monitoring of various phenomena,
offering promising directions for future research and applications in environmental
monitoring, disaster management, and urban planning.

7.2 Outlook

Improving Dust Density Datasets. Developing precise dust density datasets
presents significant challenges due to the inherently ambiguous nature of dust
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boundaries and the difficulty in determining appropriate dust levels. To improve
datasets for dust density estimation, it is crucial to enhance the creation of subjective
ground truth data. An initial approach may involve utilizing predicted dust maps
in a semi-automated manner to generate new, refined data samples or to revisit
and augment existing datasets. Future developments should prioritize data-centric
strategies that leverage advancements in machine learning. For instance, while
the Segment Anything Model (SAM) [68] has limitations in handling ambiguous
backgrounds, integrating self-supervised techniques such as DINOv2 [109] may
yield significant improvements. Ultimately, generating more precise and extensive
datasets is likely to substantially enhance the accuracy of dust density estimations.

Enhancing Dust Density Estimation Methods. Enhancing the datasets used for
dust density estimation is crucial, but significant performance improvements can also
be achieved by refining or replacing existing methodological approaches, especially
when larger datasets are available. For instance, integrating a full-transformer
architecture into the DustNet++ framework could offer substantial benefits. This
architectural evolution is particularly promising in handling extensive datasets.
Recent advancements such as Co-DETR [182] for object detection, MaskDINO
[79] for instance segmentation, and Mask2Former [21] for semantic segmentation
have demonstrated notable success. These methods leverage deformable attention
mechanisms, which have proven effective in improving model performance across
various tasks. By adopting these innovative methodologies, significant gains in the
accuracy and reliability of dust density estimation may be achieved.

Moreover, it is essential to address the issue of imbalanced events, such as high-
density dust within the data. Implementing a balanced loss function can mitigate this
challenge, contributing to overall performance enhancement. Finally, incorporating
additional dust classes into a fusion approach, similar to that employed by DustSpot,
can further improve the model’s ability to handle diverse scenarios and increase its
robustness.

Instance Regression. The COCO [84] API includes a field named is_crowd, which
denotes the presence of multiple objects within a single mask and is generally
overlooked in most datasets. To address this oversight, an extension of instance
segmentation by integrating regression masks is proposed. This approach involves
specifically applying the regression process to areas where an instance is detected
and is suitable for regression. Such a method represents a natural extension of the
DustSpot technique presented in this work, which identifies instances but does not
regress them. Instance regression could be utilized not only for the detection of dust
but also for smoke, clouds, and other opaque objects. Additionally, its application in
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Dust Dust

 Instance Segmentation  Instance Regression

Figure 7.1: Concept of a New Task Called Instance Regression. The fundamental idea
behind instance regression is to extend instance segmentation, which is depicted
in the left image, to also include regression masks. This enables the creation
of more precise density masks and can be used in conjunction with instance
masks.

crowd counting is also conceivable. Figure 7.1 illustrates the fundamental concept
underlying the proposed task.

Evaluating Instance Segmentation versus Semantic Segmentation. In this work,
density estimation was compared and combined with both instance segmentation
and semantic segmentation. A natural continuation of this research would be to
compare and integrate semantic segmentation and instance segmentation methods.
For this purpose, the DustSCAN dataset [3] is particularly suitable. DustSCAN is
a over a period of five-year, hourly dust plume dataset derived from the Spinning
Enhanced Visible and InfraRed Imager (SEVIRI) on geostationary Meteosat satellites.
The plumes are clustered into discrete entities using the Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) algorithm [37], but still require
human supervision to achieve precise results. Therefore, a more automated approach
is needed.

Each plume in the dataset has an identifier, making it ideal for an instance segmenta-
tion approach. However, initial experiments have shown that although the instance
masks can be very close to the ground truth, sometimes two masks appear instead
of one large one, or vice versa, which disrupts the training and evaluation processes.
This issue seems to be less problematic in semantic segmentation, but initial ex-
periments indicate a lower recall compared to instance segmentation. Figure 7.2
illustrates a SEVIRI image from December 12, 2017, along with the correspond-
ing results. Future work could focus on exploring how to utilize or combine both
approaches for dust monitoring in order to reduce the need for human supervision.

Vision Language Integration. Finally, it is important to discuss the recent advance-
ments in multimodal learning, which combine computer vision and natural language
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Figure 7.2: Dust Monitoring on the DustScan Dataset. The DustScan [3] Dataset is an
hourly dust plume dataset derived from a geostationary-orbit satellite. We
present results from both instance segmentation and semantic segmentation
neural networks.

processing to interpret and generate images and text jointly. This field has seen
significant progress due to the availability of powerful open-source large language
models (LLM) such as LLAMA [148] and GWEN [6]. These models have lowered
the barrier to entry, enabling researchers without extensive hardware resources to
explore and contribute to the development of Vision Language Models (VLM)s. This
technology has begun to make an impact in the field of remote sensing as well. A
noteworthy example is GeoChat [70], which integrates vision and language models
for geospatial applications. GeoChat leverages a CLIP [115] model, designed to learn
visual concepts from natural language supervision to generate language embeddings
from images. In other words, it translates visual data into a numerical representation
that captures semantic information. These embeddings are then adapted to an LLM
using a MLP, that maps input data to desired outputs.

As a potential direction for future work, it is proposed that not only should CLIP
models and similar architectures be utilized, but traditional approaches such as
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DustNet

CLIP

MLP

LLM

In  this scene, an excavator is actively working at a construction site, generating a
significant amount of dust, particularly evident in the central portion of  the image
where a pronounced dust plume is visible. To mitigate the adverse effects of dust
emissions, we recommend implementing effective anti-dust measures, such as the
application of water to dampen the area. This approach  not only helps to reduce
airborne particulate matter but also enhances overall site safety and environmental
quality. Regularly watering the construction site  can effectively suppress dust
generation, ensuring a healthier working environment for personnel and minimizing
the impact on surrounding areas.

CLIP

Figure 7.3: Concept of a Potential Method for Vision Language Model Specialized on
Dust. In this figure, we present a concept for creating a Vision Language Model
(VLM). For our approach, we want to exploit density maps created in order to
improve the scene description or visual question answering (VQA).

DustNet should also be incorporated. DustNet is a specialized network tailored for
dust detection and analysis in satellite imagery. By integrating specialized networks
like DustNet with vision language models, the strengths of both approaches can
be harnessed. This strategy enables the use of networks specifically designed for
particular tasks, potentially improving accuracy and efficiency in those areas. Figure
7.3 provides a conceptual illustration of this idea, demonstrating how traditional
specialized networks can be combined with modern VLMs. Particularly in the
domain of remote sensing, which often involves processing multimodal data such as
images, spectral information, and textual metadata, there is a significant advantage
in leveraging pre-trained specialized networks. These networks have been trained
on domain-specific data and can capture nuances that general-purpose models might
overlook. By incorporating them into a vision-language framework, the model’s
ability to interpret complex geospatial information can be enhanced.
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Overall, the integration of vision and language is considered an important future
technological advancement, even within the specialized field of remote sensing.
Combining these modalities allows for more comprehensive analysis and under-
standing of data, facilitating advancements in areas like environmental monitoring,
disaster management, and resource exploration. As open-source models continue to
improve and become more accessible, it is anticipated that researchers will develop
increasingly sophisticated tools that leverage both vision and language to tackle
complex challenges in remote sensing and beyond.
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