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Abstract

Convolutional neural networks (CNNs) have demonstrated remarkable
performance in semantic segmentation, typically relying on extensive la-
beled datasets. However, obtaining such data in practical applications is
challenging and entails significant human and time costs. This thesis aims
to explore methods for achieving semantic segmentation with limited man-
ual annotation. We investigate three primary approaches to reducing the
need for manual labelling: utilizing pseudo-labels, leveraging single-class
samples, and employing graph-cut methods with prior information.

First, in scenarios where a large number of unlabeled samples are ac-
cessible, pseudo-labels can be generated to train a model with improved
test accuracy. Specifically, pseudo-labels are automatically generated by
a machine learning model trained on a small set of manually annotated
samples. The pseudo-labeled data are then used to train a so-called data-
reinforced model that is shown to achieve a better test accuracy than the
one obtained by a model solely trained on the manually annotated data.
Our work demonstrates that data-reinforcement is stimulated by exploit-
ing soft pseudo-labels, when knowledge about label certainty is available,
or by increasing the diversity of manual annotations through iterative ac-
tive learning mechanisms, in conjunction with a sufficiently expressive
model as pseudo-label generator.

Second, at the data collection stage, when single-class samples are avail-
able, our work demonstrates that they can be leveraged to learn a multi-
class model. This approach utilizes a straightforward background /fore-
ground segmentation solution to isolate the single class foreground objects,
thereby effectively reducing the annotation effort required for training the
multi-class model. For instance, annotating mixed pollen images is diffi-
cult, but pure pollen images, containing only one type of pollen, are easier
to annotate. By training a universal pollen segmentation model on a small
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set of semi-manually labeled pure pollen images, we can automate the seg-
mentation of a larger pure pollen dataset. This dataset then supervises the
training of a pollen species segmentation model, which is shown to accu-
rately segment species within mixed pollen images despite being trained
on pure images.

Third, when prior information about the topology of objects to be seg-
mented is available, graph-cut methods can be employed. These meth-
ods naturally integrate the prior knowledge to provide an initial rough
segmentation, which can then be manually refined, thereby reducing the
overall time required for manual annotation. For example, in the medical
imaging domain, annotation requires high expertise and is labor-intensive.
We propose utilizing existing anatomical knowledge and traditional image
segmentation techniques to generate initial segmentation results. These re-
sults are refined by non-experts to create an annotated dataset for CNN
training.

Through these methods, this research demonstrates significant advance-
ments in semantic segmentation with practical implications across various
domains, reducing the dependency on extensive labeled datasets and its
associated cost in expert time.

ii



Acknowledgements

Since arriving in Belgium in 2020, my unforgettable four-year doctoral
journey is now drawing to a close. As countless memories flood my mind,
I feel a mix of emotions, but gratitude stands out the most.

First and foremost, I want to express my deepest thanks to my supervi-
sor, Prof. Christophe De Vleeschouwer. He provided me with the opportu-
nity to pursue my doctorate, offered unwavering support throughout my
research, and guided me when I felt lost. Despite his numerous research
commitments, he always took the time to patiently and meticulously guide
me. Words cannot fully convey my gratitude. His passion, curiosity, rigor,
and professionalism in academics, along with his trust in his students and
the freedom he granted us, will profoundly influence my future studies,
career, and life.

Secondly, I would like to thank my colleague, Victor Joos de ter Beerst.
In the early days of my doctoral studies, he consistently contributed unique
insights during our work discussions and helped me overcome various
challenges. I am also grateful to Professor Anne-Laure Jacquemart for her
support with the data in my research. When I was initially unfamiliar
with pollen data, she patiently explained everything and assisted me in
my studies. My gratitude also extends to my thesis jury for their thorough
reading and invaluable feedback.

A big thank you to all my colleagues for their assistance and for foster-
ing a humorous, free, and friendly working atmosphere.

I am also profoundly grateful to my family for their help, understand-
ing, and support. Special thanks to my father and mother for their comfort,
understanding, and tolerance, which provided me with the motivation to
persevere.

Finally, I would like to thank UCLouvain for offering a free and friendly
academic environment and for its partial financial support. I also extend

1ii



Acknowledgements

my thanks to the China Scholarship Council for its financial assistance.

iv



List of publications

* Yang, Nana, Victor Joos, Anne-Laure Jacquemart, Christel Buyens,
and Christophe De Vleeschouwer. "Using Pure Pollen Species When
Training a CNN to Segment Pollen Mixtures." Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) Workshops, pp. 1695-1704. 2022.

* Yang, Nana, Charles Rongione, Anne-Laure Jacquemart, Xavier Draye,
and Christophe De Vleeschouwer. "On the Importance of Diversity
When Training Deep Learning Segmentation Models with Error-Prone
Pseudo-Labels." Applied Sciences 14, no. 12 (2024): 5156.

* Yang, Nana, Robin Verschuren, and Christophe De Vleeschouwer.
"Graph-cut-assisted CNN training for pulmonary embolism segmen-
tation." ESANN 2024.

¢ Han, Sutao, Nana Yang, Lihua Wang, and Magd Abdel Wahab. "Mod-
elling of microscopic crack initiation behaviour of fretting fatigue
based on X-ray micro-computed tomography scan." International Jour-
nal of Fatigue 186 (2024): 108374.






Contents

Abstract
Acknowledgements
List of publications
Contents

1 Introduction
1.1 Context . ... ... .. ... .. ...
1.2 Research questions, objectives and significance . . . . . . . .
1.3 Contributions . ... ... ....... .. ... ... ... ..
14 Thesisoutline . ... ... ..... ... ... ... .....

2 Semantic segmentation methods
2.1 What is semantic segmentation? . ... ............
2.2 Metrics of Semantic Segmentation . . .. ... ... ... ..
2.3 Evolution of Semantic Segmentation . . . ... ... ... ..
23.1 Traditionalmethods . ... ...............
2.3.2 Deep learning based segmentation methods . . . . .
2.4 The challenge of insufficient labeled data . . . . . ... ...
2.5 Current strategies for addressing insufficient labeled data . .
251 Dataaugmentation . . . . ... ... ... .......
252 Transferlearning . . ... ... .............
253 Semi-supervised learning . . ... ... ... ... ..
254 Self-supervised learning . . . . ... ... ... ...,
255 Generative algorithms . . . . ... ... .. ...
256 Activelearning . . . ... ... ... . L L.
26 Conclusion . . . ......... ... ... .. .

vii

iii

vii

U1 W W = =

O N N



CONTENTS

3

viii

On the importance of diversity when training deep learning seg-
mentation models with error-prone pseudo-labels 37
31 Introduction . . ... ..... ... ... .. ... ... ... 38
32 RelatedWork . . ... ... ... ... .. L L. 42
33 Methods . ... ... ... .. .. 44
3.3.1 (Semi-)Manual Annotation . ... ... ..... ... 45
3.3.2 Training a Pseudo-Label Generator. . . . . . ... .. 46
3.3.3 Training a CNN from Pseudo-Labels . . . . . . .. .. 48
3.4 Experimental Validation . . .............. ... ... 49
341 Datasets . ... ............ ... . ..., 49
3.42 Methods and Terminology . . ... .......... 50
3.43 Metrics and Implementation Details . . . . ... ... 53
3.44 Resultsand Discussion. . . . ... ........... 54
35 Conclusions . . ... .. ... .. ... o 57

Using pure pollen species when training a CNN to segment pollen

mixtures 61
41 Introduction . .. ... ... ... ... . ... ... 62
42 RelatedWork . .. ... ... . ... ... .. ... ... .. 64
43 Methods . .. ... ... . . ... 65
43.1 Pollen Grain Segmentation . . .. ........... 65
432 Pollen Species Segmentation . .. ... ... ... .. 67
4.4 Experiments and Discussion . . . . ... ... ... .. .... 67
441 Implementation Details . . . ... ........... 68
442 Visual Assessment . . . ... ... ........... 70
443 Quantitative Assessment . . . ... ... ... .... 73
45 Conclusion . . . . . . . . . e 76

Graph-cut-assisted CNN training for pulmonary embolism seg-

mentation 79
51 Introduction . . ... ... ..... .. ... .. .. .. ... 79
52 Materialsand methods . . . . ... ... .. .. .. .. ... 81
521 Dataset . . ... ... ... . ... L. 81
5.2.2 Label generator based on graphcuts . . . . . ... .. 81
523 Pseudo-label generator. . . . .. ... ... ... ... 84
53 Experimentresults . . ... ... ... .. .. .. .. .. ... 85
54 Conclusion . . . ... ... ... oo 86



CONTENTS

6 Conclusion 87
61 MainResults . . . . ... ... .. .. oo 87
6.2 Futureperspectives . . . . ... ... .. ... .. ... 89
Bibliography 91

iX






Chapter 1

Introduction

1.1 Context

In the Information Age, images serve as a vital medium for conveying
information . They communicate information efficiently and intuitively,
playing an increasingly role across a multitude of applications. Digital im-
ages, defined as images represented by discrete numerical values, can be
likened to a mosaic of tiny squares, where each square is referred to as a
pixel.

Digital image processing encompasses a range of methods and tech-
nologies aimed at enhancing images, removing noise, segmenting regions,
and extracting features, all through computational means. As computing
power and mathematical techniques progress, the demands across fields
such as agriculture, forestry, industry, and medicine, digital image pro-
cessing has seen rapid and substantial development.

Among the various tasks in digital image processing, semantic seg-
mentation stands out as one of the most crucial. Semantic segmentation
involves assigning each pixel in an image to a specific semantic category,
thus enabling pixel-level understanding and analysis of the image. This
task is fundamental in the field of computer vision, and is useful in nu-
merous applications. For instance, in autonomous driving, it assists vehi-
cles in making accurate decisions by identifying traffic signs, pedestrians,
roads, vehicles, and more. In medical imaging, semantic segmentation aids
doctors in identifying and segmenting tumors, organs, lesions, and other
critical areas.



Chapter 1. Introduction

Early semantic segmentation techniques were often dependent on man-
ually designed features and rules, which may not perform well in complex
scenes or datasets with significant variation. Today, most popular semantic
segmentation methods are based on deep learning.

Deep learning is a subset of machine learning. Just as humans learn
from experience, deep learning models acquire knowledge through large
volumes of data (i.e., experience). Through this "learning” process, they
can uncover intricate patterns and features within the data.

The introduction of the fully convolutional networks (FCNs) [LSD15]
in 2014 signaled the beginning of semantic segmentation’s journey into the
deep learning era. FCNs achieve end-to-end pixel-level prediction by sub-
stituting the fully connected layers with convolutional layers, thereby ac-
complishing pixel-wise classification tasks.

From the mid-2010s to the present, deep learning methods have con-
tinued to evolve. In recent years, researchers have refined and optimized
these methods, proposing various network architectures and technologies
specifically for semantic segmentation, such as U-Net [RFB15a], Residual
U-net [ZLW18], the DeepLab series [CPK ' 14, CPK 17, CPSA17, CZP"18],
Attention U-Net [OSF*18], and Inception U-Net [ZWCK20]. These inno-
vations have enhanced model architecture, feature fusion, and context un-
derstanding, leading to significant improvements in segmentation perfor-
mance.

Despite the impressive performance of deep learning, it still faces nu-
merous challenges in practical applications. This paper focuses specifically
on the limitations associated with the collection of data labels. Most effec-
tive deep learning models rely on supervised learning, where the model
learns from a set of labeled data. Labeling the data means the model is
explicitly told which class is represented by each pixel during the learning
process. Labeled data provides a supervisory signal for model training,
guiding the model on the expected output given a specific input.

By training on labeled data, the deep learning model adjusts its internal
parameters, enabling it to make accurate predictions. This process helps
the model learning patterns and features within the data, hopefully gen-
eralizing this ability on unseen data. In essence, labeled data is crucial for
model learning, determining both performance and generalization capabil-
ities, and playing an indispensable role in training deep learning models.

However, using supervised learning to train deep learning models ne-
cessitates a substantial amount of labeled images. Obtaining high-quality
pixel-level labeled data is often challenging, as the annotation process is
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time-consuming and labor-intensive for human experts. This paper is ded-
icated to addressing the issue of reducing the annotation effort in deep
learning training.

1.2 Research questions, objectives and significance

Research question In image classification, a picture has only one label,
while in semantic segmentation, each pixel has a label. The labeling work-
load in semantic segmentation is considerable, and the difficulty and cost
of obtaining labeled data are high. Insufficient labeled data may cause the
model to fail in learning the true data distribution, instead memorizing
noise in the training data or characteristics of specific samples. This can
lead to overfitting, poor generalization ability, performance degradation,
and training instability.

Research purpose This thesis aims to address the challenges of CNN
training for image semantic segmentation when labeled data is insufficient.

Research Significance By addressing the challenges of CNN train-
ing with insufficient labeled data, this research can reduce dependence
on labeled data, thereby lowering training costs. Additionally, it can en-
hance the generalization ability of semantic segmentation models on small
datasets, providing efficient and low-cost solutions for practical applica-
tions. This is expected to promote the development of related fields and
expand the applicability of deep learning across various application sce-
narios.

1.3 Contributions

On the Importance of Diversity When Training Deep Learning Segmen-
tation Models with Error-prone Pseudo-labels Traditional machine learn-
ing methods for image segmentation are less expressive and thus less re-
liant on labeled data than deep learning models. To address the challenge
of limited labeled data, we leverage both traditional machine learning and
deep learning methods to propose data-reinforced models. In practice, an
initial (conventional or CNN) model is trained from a small set of manually
labeled data, and is used to generate pseudo-labels on unlabeled data. We
demonstrate that by using those pseudo-labels to train a so-called data-
reinforced model, with the help of large unlabeled datasets, it is possi-
ble to achieve higher segmentation accuracy even when using erroneous
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pseudo-labels. Interestingly, our work reveals that increasing diversity
in the generation of pseudo-labels can enhance the performance of data-
reinforced models. This increase in diversity can be achieved by enriching
manual annotations through interactive selection and accurate labeling of
hard! samples or by considering soft pseudo-labels for each sample when
prior information about their certainty is available. Specifically, our ex-
periments demonstrate that, at constant pseudo-label generator accuracies,
stronger data-reinforced models are obtained when using diverse annota-
tions. Moreover, when using the manual annotation time to measure the
quantity of annotation, they also reveal that less annotations are needed to
achieve a given data-reinforced model accuracy when annotation diversity
increases.

Training multiclass segmentation models from single class images This
study has considered the use of using pure pollen species when training a
CNN to segment pollen mixtures. Labeling mixed pollen images is a chal-
lenging task even for highly skilled biological experts, as pollens are often
very similar and difficult to distinguish. However, labeling pure pollen im-
ages (i.e., images containing only one type of pollen) is relatively straight-
forward since pollen grain significantly differ from their background in
microscopy images. To reduce labeling effort, we propose a method to
segment mixed pollen images using a dataset of pure pollen images. First,
we train a universal foreground/background pollen segmentation model
on a small set of (semi-)manually labeled pure pollen images. This model
is then used to automatically segment a larger pure pollen dataset, which
in turn supervises the training of a multi-species segmentation model. Al-
though trained on pure images, we demonstrate that the model can accu-
rately segment pollen mixtures. Additionally, by learning a set of models,
each of them recognizing only a subset of species, it becomes feasible to
define a bin pollen class, making the set of models effective in handling
unexpected species in a mixture.

Graph-cut-assisted CNN Training for Pulmonary Embolism Segmen-
tation Medical image annotation requires highly skilled experts and is
both time-consuming and labor-intensive. To address this, we propose to
embed prior anatomical knowledge of experts in a graph-cut and tradi-
tional image segmentation framework to obtain initial segmentation re-
sults. These results are then refined by non-professionals to create an an-
notated dataset for training CNN models.

n the sense that the sample is wrongly predicted by the current state of the pseudo-label
generator.
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1.4 Thesis outline

This thesis is structured as follows. In Chapter 2, we introduce the concepts
of semantic segmentation, providing an overview of its historical devel-
opment, application areas, challenges, solutions, and evaluation metrics.
This section aims to furnish readers unfamiliar with semantic segmenta-
tion with foundational knowledge relevant to our research field. Chapters
3, 4, and 5 delve into detailed descriptions of the contributions outlined
earlier. Each chapter elaborates on specific aspects crucial to our research.
Chapter 6 offers future perspectives based on the contributions presented
in this thesis.






Chapter 2

Semantic segmentation
methods

This chapter begins by defining semantic segmentation, outlining its goals,
and differentiating it from traditional image segmentation and instance
segmentation. Section 2.2 introduces the evaluation criteria for semantic
segmentation. Section 2.3 provides a historical overview of semantic seg-
mentation development. Section 2.4 discusses the challenges associated
with semantic segmentation, which are central to the research topic of this
thesis. In Section 2.5, we summarize the solutions to these challenges.

2.1 What is semantic segmentation?

Traditional image segmentation divides an image into several regions based
solely on visual similarity between pixels, without considering the seman-
tic information within each region. As a result, each region may contain
multiple different semantic categories despite having similar visual fea-
tures. In contrast, instance segmentation focuses not only on the semantic
information within the image but also on distinguishing the boundaries
between different instances. This approach assigns pixels to semantic cate-
gories while also differentiating between distinct instances within the same
category.

Semantic segmentation is a crucial task in computer vision. Unlike tra-
ditional image segmentation and instance segmentation, it focuses on the
semantic information within an image and disregards differences between
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individual instances. Semantic segmentation classifies objects at the pixel
level, requiring each pixel to be labeled according to its category. Unlike
image classification, which assigns one label per image, semantic segmen-
tation assigns one label per pixel.

The task of semantic segmentation can be defined as follows: given an
input image I, the goal is to generate an output image O of the same size,
where each pixel O;; represents the semantic category of the corresponding
pixel [;;. By assigning a semantic category to each pixel, the image is di-
vided into different semantic regions, enhancing the understanding of the
image content. Mathematically, semantic segmentation can be represented
as a mapping function f from the input image I to the output segmented
image O, expressed as: f : [ — O, where O;; = f(I;j) denotes the semantic
category assigned to the pixel Jj;.

Semantic segmentation has numerous applications, including crop
monitoring [PTB19, MRCW 19, YLL20], medical image analysis [[GR"18,
KGLK21, KNN21, QYA *23], autonomous driving [FHSR*20, SGAR"18,
HUAMT19, SDG23], and industrial automation [ULPG22, Qial9, EAN20,
SZC*23]:

* Crop Monitoring: High-resolution remote sensing images from drones
or satellites monitor crop growth and changes, evaluate crop health,
and guide agricultural production.

* Medical Image Analysis: Semantic segmentation is widely used in
medical imaging, with significant clinical importance. It can auto-
matically identify and segment tumor tissues in CT and MRI images,
aiding in precise tumor localization and diagnosis. It also helps iden-
tify and segment various organs, such as the heart, lungs, and kid-
neys, supporting clinical diagnosis and surgical planning.

¢ Autonomous Driving: In autonomous driving, semantic segmenta-
tion systems identify pedestrians, vehicles, traffic signals, road edges,
and more, adjusting the vehicle’s speed and route. This ensures accu-
rate lane keeping and effective path planning, especially on complex
urban roads and highways.

* Industrial Automation: Semantic segmentation technology detects
surface defects on products during manufacturing, such as cracks,
flaws, and foreign matter, facilitating automated quality control.
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2.2 Metrics of Semantic Segmentation

Commonly used evaluation metrics in semantic segmentation tasks in-
clude:

e I0OU. IOU (Intersection over Union) is a metric used to measure the
similarity between predicted results and true labels in semantic seg-
mentation tasks. It calculates the ratio of the intersection to the union
of the predicted and true sets, serving as an indicator of their over-
lap. In binary semantic segmentation, the IOU for foreground is IOU
=TP / (TP + FP + EN), where TP (True Positive) denotes the amount
of pixels whose class is correctly predicted, FP (False Positive) de-
notes incorrectly segmented parts predicted as a certain label, and FN
(False Negative) denotes parts incorrectly predicted as background
which are not actually background. In multi-class semantic segmen-
tation tasks, the IoU is calculated for each category to measure how
well the predicted segmentation matches the ground truth for each
specific class. To provide an overall evaluation metric that considers
all categories, the Mean Intersection over Union (mloU) is used. The
mloU is the average of the IoUs for all the categories.

* Pixel Accuracy. In binary sementic segmentation, overall pixel accu-
racy refers to the percentage of correctly predicted pixels out of all
pixels, which is calculated as Acc = (TP + TN) / (TP + TN + FP + FN),
where TN (True Negative) denotes correctly predicted background
parts in the prediction. It is a straightforward metric but may not
accurately evaluate model quality when the category distribution is
uneven. Therefore, it is often used in conjunction with other evalu-
ation metrics. If it is a multi-class segmentation task, the mean pixel
accuracy (mPA) is used as an evaluation indicator. This is done by
calculating how many pixels of each class are correctly classified and
then averaging them.

* Precision. Precision calculates the proportion of correctly predicted
pixels among the pixels predicted by the model as positive examples,
that is, precision = TP / (TP + FP). In semantic segmentation, it indi-
cates the model’s ability to accurately identify positive samples.

* Sensitivity. Sensitivity, also known as recall or true positive rate,
measures the proportion of correctly classified positive examples among
all actual positive examples, which is TP / (TP + EN).
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2.3 Evolution of Semantic Segmentation

2.3.1 Traditional methods

Traditional semantic segmentation methods primarily rely on manually
designed features crafted by domain experts and traditional machine learn-
ing algorithms. In these methods, experts extract various features from
images, encompassing low-level features (such as color, texture, and shape
features extracted directly from pixels), local features (including key point
features [ECCO02] and local binary patterns (LBP) [Piel0, LS08] derived
from local image regions), and global features (such as color histograms,
gradient orientation histograms (HOG) [Tom12, NB07], and Fourier trans-
forms [Sne95, SG12] that characterize the overall image properties). These
designed features serve as inputs to traditional machine learning algo-
rithms like k-means clustering [DMC15, WLCO07] and random forests [SCZ08,
LLV16] for achieving semantic segmentation. Traditional semantic seg-
mentation methods can be categorized as follows.

Threshold based segmentation method

Threshold-based methods [RRDR09, NMI10] are mostly used for grayscale
images, including global thresholding, local thresholding, adaptive thresh-
olding, and multi-thresholding. In the global thresholding method, a sin-
gle threshold separates the foreground from the background in binary clas-
sification, that is, when the image pixel value is greater than the thresh-
old, it is considered to be the foreground, otherwise it is the background.
However, it is not easy to find a suitable threshold. Otsu’s algorithm is
the most popular method for finding an appropriate threshold [YM12].
The local thresholding method determines the threshold based on the lo-
cal characteristics of the image. [LSP"18] mentions a method of calcu-
lating the threshold within the neighborhood of each pixel. The adaptive
thresholding method combines the statistical characteristics of the image
and adaptively selects the threshold. Otsu’s algorithm is also an adap-
tive thresholding method. When the image becomes complex, a single
threshold cannot achieve the segmentation goal, and [RMO03] the multi-
thresholding method is widely used for image segmentation with higher
requirements.

10
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Edge detection based methods

Edge detection algorithms segment images into distinct regions, effectively
delineating different objects within an image. These algorithms operate
under the assumption that grayscale values change abruptly at edges, dis-
tinguishing them from smoother changes in surrounding areas. Edge de-
tection algorithms are categorized into first-order operators and second-
order operators based on the mathematical operations used. First-order
operators utilize first-order differentials to calculate edge strength. They
determine the local gradient direction and locate edges by identifying the
maximum gradient modulus in that direction. Examples include the Canny
operator [DWY13], Sobel operator [KVB88], and Prewitt operator [ZYCL19].
Second-order operators rely on second-order differentials to locate edges
by identifying zero-crossings in the second derivative of the image, such
as the Laplacian of Gaussian (LOG) operator [UM90] and Laplacian op-
erator [CSS10]. Edge detection algorithms are highly sensitive to noise,
necessitating post-processing techniques to achieve accurate semantic seg-
mentation.

Region based segmentation methods

Region-based segmentation algorithms partition images into distinct re-
gions based on specific shared attributes, such as color or intensity. Two
common approaches are region growing [PT01] and split-and-merge [LSO1].
Region growing begins with multiple seed pixels and iteratively incorpo-
rates connected pixels that are similar to the seeds, expanding the region
until distinct segmented regions are formed. In contrast, region splitting
and merging starts with the entire image and progressively divides it into
numerous sub-regions. It then merges smaller regions with similar at-
tributes. This method is effective when there is high contrast between
objects and backgrounds. However, it struggles to achieve accurate seg-
mentation results when grayscale values are similar between objects and
backgrounds.

Superpixel segmentation is a specialized region-based method that par-
titions images into irregular regions known as superpixels [RMO03]. These
regions are composed of adjacent pixels sharing similar characteristics such
as color, texture, and brightness. Superpixel segmentation transforms the
pixel-level representation of an image into a compact region-level graph,
abstracting pixel information and aggregating conceptually related pixels.
This process replaces numerous pixels with a smaller number of superpix-
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els, significantly reducing the complexity of subsequent image processing
tasks. Superpixel segmentation typically serves as a preprocessing step for
segmentation algorithms. Two widely used algorithms include Simple Lin-
ear Iterative Clustering (SLIC) [CO16] and Quickshift [VS08]. SLIC adapts
the K-means clustering algorithm by constructing a distance metric in the
color space and utilizing a five-dimensional feature vector of pixel coordi-
nates to generate uniform and compact superpixels. However, this method
is sensitive to parameter settings. In contrast, Quickshift leverages pixel
similarity and density information for segmentation without requiring a
predefined number of segments. It constructs a density estimation map
based on pixel similarities and updates pixel positions to move towards
higher-density regions, thereby achieving image segmentation. Region-
based segmentation harnesses pixel similarity and connectivity to simplify
image representation, reduce data complexity, and enhance computational
efficiency.

Energy minimization based segmentation methods

The fundamental concept of energy minimization [Nik11] involves adjust-
ing the state of a system to achieve its most stable or optimal state by min-
imizing its energy. In image segmentation, this principle is applied sys-
tematically to evaluate and optimize segmentation quality, posing it as an
energy minimization problem. The energy minimization framework for-
malizes image segmentation as an optimization task aimed at finding an
energy function that reaches its minimum value. This approach is akin to
maximizing a posteriori estimation in Markov random fields (MRF) [BKR11].
Energy minimization algorithms typically involve designing and optimiz-
ing an energy function, also known as an objective function. When formu-
lating the energy function, two main components are considered: the data
term and the regularization term. The data term ensures that the segmen-
tation aligns closely with the original image data, while the regularization
term promotes label consistency among neighboring pixels, thereby en-
hancing segmentation coherence and boundary smoothness. For a simple
binary image segmentation problem, the energy function can be defined as
follows:

E(O) = Z(—IUSP(OPUP)) +/\( Z): exP(‘ﬁHIp - IqHZ)(S(Op £ Oq)
4 r.9)EN
(2.1)
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source
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terminal

Graph

Figure 2.1: Example graph cut segmentation for a simple 3 x 3 image. The
pixel labeled “F” is a hard constraint. The n-links are yellow edges while
the t-links are red and blue edges.The weight (cost) of each edge is reflected
by its thickness. From [XYZ117]

Where, —logP(Op|I,) denotes the negative logarithmic probability of as-
signing pixel p to label Op, exp(—B||I, — I;]|*)6(O, # Oy) represents the
cost associated with assigning different labels to adjacent pixels p and q,
and weight exp(—B||I, — I, ||?) signifies the similarity between pixels (higher
weights indicate greater dissimilarity between pixel colors).

The optimization of the energy function involves minimizing the ob-
jective function. Since most energy functions are non-convex and exhibit
multiple minima, the minimization process is challenging. The design of
both the optimization method and the objective function are crucial. Com-
monly used optimization methods include simulated annealing [BT93],
gradient descent [Rud16], Newton’s method [Kel03], dynamic program-
ming [BD15], variational methods [Rek12], and the graph cut method [FD05],
with the graph cut method being particularly prevalent.

Graph cut integrates the image segmentation problem with the mini-
mum cut problem of a graph. In Figure 2.1, F denotes foreground pixels,
and the image is represented as an undirected graph G(V,E), where V is
the vertex set and E is the edge set. Vertices and edges are categorized
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into two types. The first type of vertices corresponds to each pixel in the
graph. Edges between adjacent pixels are termed n-links. The second type
includes vertices s and ¢, collectively known as terminal vertices. In binary
image segmentation, s and ¢ represent background and foreground, respec-
tively. Each pixel vertex is connected to these terminal vertices, forming the
second type of edge, termed t-links. The thickness of edges in the graph
corresponds to their respective weights, as illustrated by the smallest cut
found in the image. A cut represents a set of edges. Disconnecting these
edges prevents a path from s to ¢, ensuring each pixel connects exclusively
to either s or ¢. T-links facilitate foreground-background classification and
separation, while n-links delineate spatial boundaries. The minimum cut
occurs when the sum of all cut edge weights is minimized, signifying com-
pletion of image segmentation. Two graph cut algorithms, Alpha-beta
swap and Alpha-expansion [BDV]'16, VKR08, WHMH14, YBS10], utilize
these principles to accomplish image segmentation.

Machine learning based segmentation methods

To determine if an egg has gone bad, we hold it in both hands in a cylin-
drical shape and inspect it under sunlight or light. A fresh egg appears
reddish, translucent, with a clear yolk. Conversely, a bad egg appears dim,
opaque, and may have spots. This method works because our life expe-
riences have familiarized us with similar situations. Similarly, in math-
ematics, solving numerous problems builds a repository of experiences.
This allows us to draw inferences and effectively predict solutions when
encountering similar problems in the future.

Machine learning mirrors our learning process. It enhances algorithm
performance by iteratively learning from data and applying acquired pat-
terns or rules to produce desired outcomes for new data. Machine learning
is categorized into supervised, unsupervised, and semi-supervised learn-
ing based on data labeling. Fundamental components include data, mod-
els, and algorithms. Data forms the foundation of machine learning, en-
compassing training, validation, and test datasets. Training data educates
the model, validation data refines hyperparameters and evaluates perfor-
mance, while test data assesses the model’s generalization capability. The
model constitutes the heart of machine learning, deriving specific outputs
from learned data patterns. Learning occurs through algorithms, where
selecting an appropriate algorithm is critical to finding the optimal model.
Algorithms, such as gradient descent, stochastic gradient descent, and mini-
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batch gradient descent, iteratively adjust model parameters to achieve op-
timal results. In segmentation tasks, common machine learning classifiers
include clustering [CA79, WEMF02, NMI10, DMC15, LLJ *19], Markov ran-
dom fields [KP06, Li09, KZ* 12, CZYW17], random forests [GEW06, PBK16,
KN19], random ferns [BDV] ' 16, WH21], gradient boosted trees [SJPH15,
0OSYO17].

Clustering based image segmentation. Clustering is an unsupervised
learning technique used for classification without prior knowledge of pixel
categories. It iteratively groups pixels into clusters based on the distances
between their feature descriptions (such as color, texture, brightness, etc.).
This process aims to maximize the similarity within each cluster while min-
imizing differences between clusters. Subsequently, the pixels are assigned
different categories based on the clustering results to achieve segmenta-
tion. Post-processing steps, such as noise removal and merging adjacent
regions, are often applied to refine the segmentation outcome. Popular
clustering algorithms include K-means, spectral clustering [VL07], and DB-
SCAN [KRA " 14]. K-means, in particular, is widely applied in image seg-
mentation. For instance, [ZP22] utilized particle swarm and K-means clus-
tering in the YCbCr color space to segment agricultural products. In an-
other study [RLL*21], the K-means method automatically clustered pixels,
followed by post-processing using mathematical morphology to segment
the heart in chest CT images.

Markov Random Field based image segmentation. A random field con-
sists of multiple positions, each assigned a value based on a specific distri-
bution, thereby forming the entire field. Markov random field (MRF) is a
specialized type of random field that posits each position’s value depends
solely on its adjacent positions. When represented as an undirected graph,
nodes in the graph correspond to random variables, and edges between
nodes signify relationships between their associated random variables. An
image can be interpreted as a random field, where each pixel’s position
represents a node. Each node holds a random variable denoting the pixel’s
category (e.g., foreground or background). Adjacent pixels often exhibit
correlated categories, implying neighboring pixels are likely to belong to
the same category. In MREF, it is assumed that a pixel’s category is influ-
enced only by its directly adjacent nodes. [YWZ21] provides a mathe-
matical framework for Markov-based semantic segmentation and applies
it to semantically segment high-resolution remote sensing images.
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Random forest based image segmentation. Random forest is an ensem-
ble of decision trees, consisting of multiple decision trees. Semantic seg-
mentation based on random forest is defined as follows. Given an image
I, whose size is M X N, each pixel I; j contains a feature vector Xij, which
is the feature of the pixel, assuming that D is the dimension of the fea-
ture. The training process of random forest involves the construction of T
decision trees. First, N samples (N is the size of the original dataset) are ex-
tracted from the original dataset using the bootstrap sampling method to
form the training dataset S; of decision tree t. Each sample consists of a fea-
ture vector X and a corresponding semantic label Y. Next, a decision tree
is constructed. For each node of the tree, d features are randomly selected
from all features, and the best features and partition points are selected
by the Gini coefficient or information gain. After training, when predict-
ing on the test set, the feature vector of each pixel is input into the trained
random forest to obtain the corresponding semantic label, and then the
voting method or averaging method is used to obtain the prediction result.
[KHS10, MWH16, LLV16, SCZ08] Semantic segmentation tasks in specific
fields are implemented based on random forest.

Random Fern based image segmentation. Random Fern is a variant
of Random Forest, first proposed by [OCLF(09], which has demonstrated
strong performance in various semantic segmentation tasks [BDV]'16,
JSX*17, WH21]. Unlike Random Forest, which learns directly from pos-
terior probability, Random Fern learns through the category-conditional
probability density distribution. Additionally, in Random Forest, the fea-
tures compared by each node for each input sample are randomly selected,
resulting in different feature orders between samples. Conversely, in the
Random Fern algorithm, the order of compared features remains the same
across samples. In terms of training time, Random Forest’s complexity
grows exponentially with the depth of the tree, whereas Random Fern’s
training time increases linearly with the tree’s depth, as illustrated in the
accompanying Figure 2.2.

The principle of the Random Fern algorithm is as follows: In semantic
segmentation, the category of a pixel can be determined by using features
to calculate the category that corresponds to the maximum probability in
the probability distribution of each category, as shown in the following
formula.
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Figure 2.2: Random fern vs random forest. (a)Tree. Random Forests consist
of multiple hierarchical trees. Due to the binary structure of these trees and
the need to evaluate numerous potential splits during training, the num-
ber of nodes and the computational effort required increase exponentially
with the depth of the tree. (b)Fern. Multiple ferns form Random Ferns.
Fern performs the same test on all nodes at the same level, resulting in the
evaluation of the same feature being independent of the path to a specific
node, which is equivalent to no longer having a hierarchical structure.

C =argmax P(Cc | fi, fo--- fN) 22)

Where {f1, f2, ..., fn} are the binary features extracted from the pixel-
centered patch, Cx,k € {1,..,H} is a set of predefined classes. Under
Bayes’ rule, the above formula can be approximated as:

C~ arg max P(fi,f2,---, fn | Ck)P(Cy) (2.3)

However, for a complex input sample, calculating P(f1, f2, ..., fn | Ck)
is very difficult.

Although Naive Bayes assumes that all features are completely inde-
pendent of each other, as shown in the formula:

N

P(f1, far--- SN | CO)P(Ck) = [T P(fj | Cx) (24)

j=1
However, this independence assumption is often challenging to main-
tain in most cases. In practice, many features are frequently correlated.
Therefore, let’s further assume that the N features can be divided into L
independent smaller feature sets F = {F;, F, ..., Fy.} of size S. The small
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feature set F; = {f},, fi,, -, fi, }is called a fern. Then, the above formula can
be written as:

L

P(fi, for .- fn | C)P(Ch) = [ P(F | Cx) (2.5)

=1

To prevent computational overflow, which can occur when L is large,
we use the monotone logarithm function. The score sc,of class Cy for a
pixel is then defined as:

L
¢ = log(ﬂ (F | Cr)) Zlog (F|Ck)) (2.6)

A straightforward approach to classification is to use the MAP estima-
tor C for each pixel:

¢ = arg max P(Cy| R, B,..., FL) =~ arg maxsc (2.7)

The training process for random ferns involves determining the condi-
tional class probabilities P(F;|Cy) for each fern F; and class Cy by counting
the occurrences of fern values for each class within the training subset of
the ground truth data. The parameters for each fern can be easily estimated
independently:

Nic,

P(F|Ck) = Ne

2.8)

k

Where N, ¢, represents the count of occurrences of F; for pixels belong-
ing to class Ci, while N, denotes the total number of pixels of class Cy
used for training. However, during this phase, not all 2° possible fern real-
izations for a given fern F; might be encountered, even though these real-
izations could still occur when evaluating ferns on another image. Conse-
quently, if P(F|Cy) = 0, it nullifies the product [T-_, P(F; | Ct) and leads
to an error when computing log0, resulting in poor performance for this
scheme. To solve this problem, add a smooth during calculation, as fol-
lows:

N c, + smooth
N, + 25 * smooth

P(F|Cy) = (2.9)
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2.3.2 Deep learning based segmentation methods

Unlike traditional machine learning, deep learning does not require man-
ually designing feature extractors to represent raw data. Instead, it can
automatically discover the features needed to complete specific tasks di-
rectly from raw data. The term "deep learning" originated from [Dec86].
However, due to early hardware limitations, deep learning did not ini-
tially attract widespread attention from researchers. In 2000, deep learning
was introduced into artificial neural networks (NNs) for machine learning.
Neural networks with two or more hidden layers are typically referred to
as deep neural networks. This multi-layered structure can capture com-
plex nonlinear relationships and provide a higher level of abstraction for
underlying features. In 2012, Hinton achieved remarkable results in the
ImageNet image classification competition using a convolutional neural
network (CNN) learning model. This success marked the beginning of the
deep learning era, drawing significant attention from researchers and es-
tablishing deep learning as a major field of study.

CNNs

Convolutional neural networks (CNNs) form the cornerstone of deep learn-
ing applications in computer vision. In 1989, Yann LeCun introduced the
LeNet-5 [LBBH98], a pioneering CNN model. LeNet-5 consists of an in-
put layer, convolutional layers, pooling layers, fully connected layers, and
an output layer, as illustrated Figure 2.3. This model achieved significant
success in the task of handwritten digit recognition, marking the first sub-
stantial demonstration of CNNs’ potential in image processing. The foun-
dational structure of LeNet-5 continues to underpin modern CNN archi-
tectures.

Input layer. The input layer receives the original image data. Unlike im-
ages perceived by the human eye, computer images are represented as ma-
trices composed of pixel values.

Convolutional layer. The convolutional layer is the core of a CNN, re-
sponsible for extracting local features from the input data through convo-
lution operations. Each convolutional layer contains multiple convolution
kernels that slide across and scan the entire image, producing different fea-
ture maps, as illustrated in Figure 2.4.
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Figure 2.3: Architecture of LeNet-5, a convolutional neural network. Each
plane is a feature map. From[LBBH98]

Figure 2.4: Convolution.

Pooling layer. The pooling layer, also known as the downsampling layer,
reduces the size of the feature map while preserving essential features.
This operation decreases the dimensionality of the data and reduces com-
putational complexity.

Fully connected layer. The fully connected layer is typically located at
the end of the network, where each neuron is connected to all neurons in
the preceding layer. This layer integrates the features extracted by the pre-
ceding convolutional and pooling layers to perform the final classification.

Output layer. The output layer produces the final prediction result. For
classification tasks, it typically employs a sigmoid or softmax function to
generate the probabilities for each category.

CNN-based semantic segmentation

CNNs have been proven effective in image classification and object detec-
tion, and they are widely used. However, the fully connected layers in
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Figure 2.5: The difference between the CNN and FCN(the transforming
of fully connected layers into convolutional layers by an FCN enables a
classification net to output a heatmap). From[YMW *20].

these CNNs are one-dimensional, which limits them to identifying the cat-
egory of the entire image. Image segmentation, on the other hand, requires
pixel-level classification. To adapt CNNs for semantic segmentation, mod-
ifications are usually made to achieve pixel-level classification. The fully
convolutional network (FCN) forms the basis of CNN-based semantic seg-
mentation algorithms.

As illustrated in Figure 2.5, the FCN achieves pixel-level label predic-
tion by replacing traditional fully connected layers with convolutional lay-
ers, thus retaining spatial information. The FCN restores the feature map to
the original image size using deconvolution operations. It combines shal-
low and deep features through skip connections, allowing information to
jump between different layers, as shown in Figure 2.6. This connection
operation is typically achieved through a ‘add’ operation, where the input
and output are added together.

By using an end-to-end, pixel-to-pixel training approach, FCNs signif-
icantly improve the computational efficiency and prediction performance
of semantic segmentation. FCNs represent a milestone in the application
of deep learning to semantic segmentation, laying the foundation for the
development of subsequent semantic segmentation algorithms.

Although fully convolutional networks (FCNs) are powerful, they have
some shortcomings. FCNs extract image features through multiple down-
sampling steps, which significantly reduce the resolution of the output fea-
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Figure 2.6: Skip connections combine information from the lower and
higher layers. FCN-32s: upsamples stride 32 predictions back to pixels
in a single step, FCN-16s: combines predictions from both the final layer
and the pool4 layer, at stride 16, FCN-8s: additional predictions from pool3
layer. From [LIIU16]

ture map compared to the input image. While skip connections are used to
fuse shallow and deep features in an attempt to restore resolution, this in-
complete restoration often results in insufficient fineness in segmentation
results, particularly at boundary details.

To address this, the U-Net network model was proposed, as illustrated
in Figure 2.7. U-Net employs a completely symmetrical encoder-decoder
structure. The encoder processes the image to extract multi-level features
through gradual downsampling. The decoder then restores the resolution
of these high-level semantic features to achieve pixel-level classification.
This restoration process ensures that the features are more accurate.

U-Net also utilizes a large number of skip connections between the
symmetrical layers of the encoder and decoder. These connections directly
transfer high-resolution feature maps from the encoder to the correspond-
ing layers in the decoder, allowing the decoder to leverage spatial detail
features from the encoder and achieve multi-level feature fusion. This ap-
proach not only helps restore detail features but also reduces information
loss during upsampling. By combining local and global features, U-Net
significantly improves segmentation accuracy.

Subsequent researchers have developed many variants based on U-Net
to address specific semantic segmentation tasks. For example, [CALT16]
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Figure 2.7: U-Net architecture. From [RFB15a]

presented a variant that retains the core structure of U-Net but replaces 2D
operations with 3D operations, such as 3D convolution, 3D pooling, and
3D upconvolutions, to segment 3D images [LBD*20, BL]*19]. In [LBJ " 18]
a deep CNN network is proposed to segment 2D CT image slices of the
bladder using manual delineation on adjacent slices as prior knowledge.
Inspired by residual learning [HZRS16] and U-Net, [ZLW18] proposed
the Residual U-Net, which incorporates ResNet as the encoder and adds
skip connections in the encoder. These connections, combined with the
skip connections in U-Net, enhance information propagation during both
forward and backward calculations. Additionally, [AHY 18] combined
the advantages of U-Net, residual networks, and RCNN to propose RU-
Net and R2U-Net. Attention U-Net was another notable variant that inte-
grated the attention mechanism [VSP*17] into the U-Net framework. This
enhancement leverages U-Net’s powerful ability to restore details while in-
corporating the global context perception capability of the attention mech-
anism. By adaptively adjusting the weights of different positions in the
feature map, the network focuses on important areas and disregards irrel-
evant backgrounds, further improving segmentation accuracy, especially
in complex scenes and tasks with multi-scale features. There are numerous
other U-Net variations, including Inception U-Net, U-Net++ [ZRSTL18],
V-Net [MNA16], TransUnet [CLY "21], and Swin-Unet [CWC™22a], which
incorporates transformers [VSP*17].
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In addition to U-Net and its variants, numerous other modifications
have been made to fully convolutional networks (FCNs) within CNN-
based semantic segmentation frameworks. For example, the DeepLab se-
ries [CPK"14, CPK"17, CPSA17, CZP*18] introduces several significant
innovations. DeepLabv1 [CPK"14], the first model in the series, incorpo-
rates dilated convolutions into FCNs to expand the receptive field with-
out increasing computational complexity. Building on this, DeepLabv2
[CPK*17] proposes atrous spatial pyramid pooling (ASPP) [CCZ"20]
[GVZI*21], applying dilated convolutions to extract features from mul-
tiple scales at different sampling rates. DeepLabv3 [CPSA17] further en-
hances ASPP by including global average pooling and introducing addi-
tional sampling rates. Finally, DeepLabv3+ [CZP"18] adopts an encoder-
decoder structure based on DeepLabv3 to improve the boundary details
of the segmentation results. Deep learning predictions are not completely
trustworthy, so [LLKDV22, SDVD*23] provide an uncertainty assessment
of the model.

Vision transformer architecture (ViT)

As research on Transformers [VSP*17] has advanced in natural language
processing, their application has expanded into the field of computer vi-
sion, where they have gained significant popularity. Vision Transformer
(ViT) [Dos20] was introduced for image classification, demonstrating its
effectiveness in computer vision tasks. Researchers have since applied
Transformers to semantic segmentation, leading to models like SegFormer
[XWY"21], Segment Anything [KMR*23] and SAM2[RGH"24]. While
Transformers have made notable progress in the vision domain and are in-
creasingly used in image segmentation, their computational cost remains
relatively high. In addition, Vils usually exhibit weaker inductive biases
[SKZ*21], and they have to learn more from training data, resulting in
heavy reliance on massive datasets for large-scale training. Compared with
ViTs, CNNs are easier to optimize. In the field of semantic segmentation,
CNNs remains a largely adopted and reliable choice. Our work focuses on
this architecture. Validating the lessons drawn from our experiments on
other architectures is left for future work.
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2.4 The challenge of insufficient labeled data

The CNN-based deep learning method currently leads the task of semantic
segmentation in computer vision. A semantic segmentation model with
good generalization ability requires a large amount of labeled data for
training. Labeled data forms the basis of supervised learning, providing
the model with the correspondence between feature information and cat-
egory labels. This enables the model to learn and identify the essential
characteristics of objects, allowing it to make accurate predictions when
encountering new data. The quality and quantity of labeled data directly
affect the model’s performance and generalization ability, making it crucial
for effective training.

Without labeled data, the model lacks fixed information and knowl-
edge about the world. For example, an autonomous driving model re-
lies on labeling to recognize roads, vehicles, and pedestrians. Data label-
ing helps us understand the model’s decision-making basis and prediction
logic, enhancing trust in Al systems and promoting their widespread ap-
plication across various fields.

Despite its vital role, data labeling faces several challenges. It is a time-
consuming and labor-intensive process, particularly with large-scale data.
The quality of labeling directly impacts the model’s accuracy. Insufficient
labeled data prevents the model from learning effective patterns during
training, leading to underfitting. This results in the model performing well
on training data but poorly on test data or in real-world applications. Ad-
ditionally, with less data, the model is more susceptible to noise and out-
liers, showing high variance and sensitivity to training data. This variabil-
ity leads to instability, as the model’s performance can vary significantly
across different training sets.

Insufficient labeled data remains a significant challenge that needs to
be addressed in many deep learning tasks.

2.5 Current strategies for addressing insufficient
labeled data

To tackle the issue of insufficient labeled data, researchers have explored
various approaches such as data augmentation [SK19, Z7K 20, CLZJ20],
transfer learning [WKW16, NSZ20], semi-supervised learning [VEH20,
7G22, DSYA24], self-supervised learning [HMKS19, MM20, GCZ " 24], gen-
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erative models [NMT"18, Lam21, CLZZ23], and active learning [DG22,
MLG ™18, XFC20].

2.5.1 Data augmentation

Data augmentation involves generating new images by making minor mod-
ifications to existing ones. For image segmentation tasks, overcoming chal-

lenges such as viewpoint changes, lighting variations, occlusions, back-

ground clutter, and scale differences is crucial. By integrating these trans-

formations into the dataset, data augmentation enables models to effec-

tively handle such challenges and diversifies the training samples, thereby

enhancing the performance of deep learning models. Common techniques

used in data augmentation include:

* Rotation Randomly rotate the image by a specified angle (e.g., £10
degrees, 30 degrees) to improve the model’s capability to generalize
across various viewing angles.

e Cropping Randomly cropping parts of the image aids the model
in achieving accurate segmentation, particularly when dealing with
partial occlusion or visibility.

* Flip Horizontal or vertical flipping of an image enhances data diver-
sity, particularly beneficial when objects exhibit symmetry.

¢ Scaling Randomly scaling images, such as zooming in or out, helps
the model adapt to objects of varying sizes.

¢ Translation Randomly translate the image horizontally and verti-
cally to improve the model’s resilience to changes in object position.

* Noise Introducing random noise to the image, such as Gaussian or
salt and pepper noise, can bolster the model’s robustness against
noise and subtle variations.

¢ Blurring Applying blurring techniques like Gaussian blur can en-
hance the model’s performance across various focal lengths and clar-
ity conditions.

* Contrast Adjustment Modifying the image’s contrast helps the model
accommodate different lighting conditions during image capture.
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Data augmentation is crucial in deep learning. By employing diverse
augmentation techniques during training, such as flipping, rotation, scal-
ing, noise addition, blurring, and contrast adjustment, the dataset size is
increased and its diversity enhanced. This enables the model to learn more
robust features, enhancing its adaptability and resilience in real-world sce-
narios. Additionally, data augmentation helps mitigate overfitting risks
and reduces annotation expenses.

2.5.2 Transfer learning

Transfer learning is a machine learning technique used to address the issue
of insufficient labeled data by leveraging knowledge transfer [TS10] across
different domains. Similar to how humans apply knowledge learned in
one subject to another subject for improved learning, machines can en-
hance their learning capabilities in a specific domain by transferring in-
formation from related fields. Transfer learning aims to boost learning per-
formance and reduce the dependency on labeled data in the target task by
applying knowledge and experience gained from one source task or do-
main to another as shown in Figure 2.8. For instance, a model pre-trained
on a large dataset like ImageNet [DDS™09] can be adapted for fine-grained
image classification tasks, such as identifying different flower species. By
fine-tuning the pre-trained model, accurate classification results can be
achieved even with a smaller dataset.

Transfer learning begins by selecting a source task related to the target
task. The source task should have sufficient data volume and complex-
ity to enable the model to learn meaningful features. The model is then
pre-trained on this source task. To leverage the learned feature representa-
tion effectively, the initial layers of the trained model are typically frozen,
while the latter layers are fine-tuned using a smaller learning rate on the
target task’s data. This approach is generally effective because many im-
age datasets share common low-level spatial features that are best learned
from extensive data.

With the proliferation of big data repositories and the scarcity of labeled
data for specific tasks, training a model from scratch can lead to overfitting.
Transfer learning offers an appealing solution by utilizing existing datasets
that are related, though not entirely identical, to the target domain. Trans-
fer learning has found applications across various domains. However, it’s
crucial to note that successful transfer relies on a meaningful connection
between the source and target tasks. If the tasks lack common ground,
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Figure 2.8: Transfer learning.

knowledge transfer may fail. Even when tasks are related, dataset vari-
ations can pose challenges. Addressing domain shifts between different
data domains is currently a prominent research focus.

2.5.3 Semi-supervised learning

In many practical applications, obtaining labeled data can be very expen-
sive or time-consuming, whereas unlabeled data is usually easier to ac-
quire. Semi-supervised learning leverages a large amount of unlabeled
data to enhance model performance without significantly increasing label-
ing costs. This machine learning method addresses the problem of insuf-
ficient labeled data by operating between the extremes of unsupervised
learning (with no labeled training data) and supervised learning (with
fully labeled training data). In semi-supervised learning, the training dataset
includes both labeled and unlabeled samples. By utilizing both types of
data, semi-supervised learning aims to build a classifier that outperforms
one trained solely on labeled data.

The core idea of semi-supervised learning is to utilize the structural in-
formation in unlabeled data to enhance the model’s generalization ability.
While unlabeled data lacks explicit labels, it provides additional samples
that help the model better understand the data’s distribution and structure.
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Leveraging this information allows the model to grasp the underlying pat-
terns and rules within the data, thus improving its performance on unseen
data. Additionally, a model trained on a small amount of labeled data
can generate pseudo-labels for the unlabeled data. These pseudo-labels,
although not entirely accurate, can be used for further training. This ap-
proach helps regularize the model, preventing it from overfitting to the
limited labeled data and enabling it to generalize better to new, unseen
data.

Semi-supervised learning methods can be categorized into self-training
[AFP22, XLHL20, WSCM20], co-training [BM98, PEPD20, XYY *20], and
consistency regularization [XLBY22, KMK 122, FKDS23], based on how
they utilize unlabeled data.

The core idea of self-training is to use unlabeled datasets to expand the
labeled datasets. The training process involves the following steps:

e Train a teacher model using the initial labeled data.

¢ Use this model to make predictions on the unlabeled data, selecting
samples with high prediction confidence and adding their predicted
labels to the labeled dataset.

¢ Retrain the model with the expanded labeled dataset to obtain a stu-
dent model, which then becomes the next teacher model.

These steps are repeated until convergence. Although simple and easy to
implement, this method can suffer when the initial labeled samples are
insufficient or unrepresentative of the entire data distribution, leading to
a decision boundary that deviates from the true boundary and a teacher
model with low generalization ability.

Similar to how we can better understand things from different perspec-
tives, co-training assumes that data can be classified from various views,
allowing for the training of different classifiers from these perspectives.
This method involves dividing the feature set into distinct subsets and
training multiple models based on these subsets. These models then pre-
dict labels for the unlabeled samples, and samples with high-confidence
predictions are added to the training set. By leveraging multi-view fea-
tures, co-training enhances the robustness of the model. However, this
approach requires that the features can be reasonably divided into inde-
pendent subsets.

Consistency regularization is based on the smoothness and clustering
assumptions: data points with different labels are separated by low-density
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regions, and similar data points yield similar outputs. Therefore, when
a small perturbation is applied to an unlabeled data point, its prediction
should not change significantly, ensuring output consistency.

2.5.4 Self-supervised learning

In recent years, self-supervised learning has garnered significant attention
in the field of computer vision. This approach reduces the dependence on
large amounts of labeled data by extracting useful features from unlabeled
data. As an unsupervised machine learning method, it does not rely on any
manually labeled data. Instead, it generates its own supervised informa-
tion from large-scale unsupervised data through carefully designed aux-
iliary tasks, and the network is trained using this constructed supervised
information. For example, in image processing tasks, an image can be ran-
domly rotated, and the model is then tasked with predicting the rotation
angle. By solving such tasks, the model learns valuable representations
that can be used for downstream tasks.

Self-supervised tasks are crucial to self-supervised learning, as they
generate pseudo-labels for training by performing specific operations on
the data. Common self-supervised tasks in the field of computer vision
include:

e Image inpainting. Image inpainting [PKD"16] randomly blocks a
portion of the image and tasks the model with predicting the pixel
values within the blocked area.

* Rotation prediction. Rotation prediction [GSK18] involves randomly
rotating the image by a specified angle and tasking the model with
predicting the rotation angle.

¢ Image colorization. Image colorization [ZIE16] involves converting
a grayscale image into a color image or vice versa, and then tasking
the model with predicting the original information.

* Jigsaw puzzle solving. Jigsaw puzzles [NF16] entail dividing an im-
age into several pieces, shuffling these pieces randomly, and tasking
the model with predicting the correct order of the pieces.

 Image reconstruction. Image reconstruction [HCX"22] involves en-
coding the image into a low-dimensional representation using an en-
coder and then decoding it through a decoder to reconstruct the orig-
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inal image. The model is trained by minimizing the discrepancy be-
tween the reconstructed image and the original image.

¢ Contrastive learning. Contrastive learning [CKNH20] generates pos-
itive sample pairs by applying different data augmentations to the
same image and creates negative sample pairs from different images.
The model’s objective is to bring the feature representations of posi-
tive sample pairs closer together and push the feature representations
of negative sample pairs further apart.

In semantic segmentation, self-supervised learning is a promising ap-
proach to address the scarcity of labeled data, garnering significant at-
tention in recent research [CEKK20, WZSt21, ZA22, HCX 22, DRTT24,
RSE*23]. Wang et al. [WZS"21] extended contrastive learning to pixel-
level classification tasks by using pixel-level contrastive loss, demonstrat-
ing its effectiveness for semantic segmentation. Additionally, [ZA22] in-
troduced a method for self-supervised learning of object parts for semantic
segmentation, which combines the vision transformer’s capability to fo-
cus on objects with spatial dense clustering tasks. This approach guides
the model to learn representations corresponding to various potential ob-
ject categories. [DRTT24] proposed a self-supervised despeckling task for
remote sensing image data, showing experimentally that self-supervised
despeckling can extract semantically meaningful features in remote sens-
ing images, which are beneficial for downstream segmentation tasks.

While self-supervised learning is highly appealing, it also encounters
significant challenges in practical applications. Finding a suitable upstream
task for a specific downstream task is not straightforward. The design of
the upstream task directly influences the features learned by the model and
determines the patterns the model focuses on during training. Moreover,
self-supervised learning demands substantial computational resources. For
instance, SIMCLR [CKNH20] in contrastive learning involves extensive
data augmentation operations on each batch and computes similarities
among all sample pairs in a large batch, which is computationally expen-
sive.

2.5.5 Generative algorithms

Supervised learning inevitably depends on labeled data. Using a genera-
tive algorithm to automatically generate data offers a way to reduce labor
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costs. Such algorithms can randomly generate data samples that statisti-
cally resemble the training data. Commonly used generative algorithms
include:

32

¢ Generative Adversarial Networks (GANs). GANs [GPAM™*20] con-

sist of two neural networks: the generator and the discriminator. The
generator aims to produce fake data that resembles real data, while
the discriminator strives to differentiate between real data and gener-
ated data. These networks compete with each other during training
until the generator can produce data that closely matches the distri-
bution of the training data. For example, [ABB"20] employed a GAN
to capture the typical distribution of bacterial colonies on agar plates.
This GAN-generated synthetic data and performed style transfer to
enhance visual authenticity, thereby addressing the shortage of anno-
tated images in CNN-based bacterial colony semantic segmentation.
Similarly, [ACB"21] utilized GANS to synthesize high-quality retinal
images along with corresponding pixel-level labels. They trained the
segmentation network using this synthetic data and achieved results
comparable to those obtained with real data.

Variational Autoencoders (VAEs). VAEs [KW13] map input data to
a latent space using an encoder and reconstruct the data in this latent
space through a decoder. The algorithm trains the model by max-
imizing the likelihood function of the data, allowing it to generate
new data samples. [SYGT21] used generative VAE to generate a large
number of unlabeled images and used the feature embedding pro-
vided by it to train a segmentation VAE that maps images to segmen-
tation templates using a limited number of labeled images, thereby
obtaining the annotations corresponding to the generated images.

Autoregressive models. Autoregressive models [VAOKE'16] gen-
erate data by learning the conditional probability distribution of the
data, where each new data point is generated based on the preceding
data points. In computer vision, PixelCNN [VDOKK16] is a model
that employs autoregression to generate images. In [LPL*20], a VQ-
VAE model is initially trained with lesion data to extract a finite dis-
crete code for each input image. VQ-VAE also learns to reconstruct
the image from this code. Next, the code corresponding to the lesion
part is extracted, and PixelCNN is trained to capture the pattern of
the lesion code. The trained PixelCNN is then used to generate syn-
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thetic lesion codes. These synthetic codes are inserted into the normal
brain tissue code provided by a lesion-free image using a statistical
model. The generated lesion code can also produce a lesion mask. Fi-
nally, the VQ-VAE decoder reconstructs the synthetic image with the
lesion and derives its corresponding annotation based on the lesion
insertion position. These synthetic training samples, along with the
real annotations, are used to enhance the training of the segmentation
network.

A generative algorithm functions akin to an artist who, after studying
and internalizing the creative rules present in existing works, becomes ca-
pable of producing new creations. These creations can range from realistic
images to coherent text and natural speech. Like the artist, the algorithm
not only imitates but also generates entirely novel and equally impressive
works. This ability is particularly valuable in addressing the challenge of
insufficient data by enabling the algorithm to ‘imagine” additional data to
enhance Al training.

However, while generative algorithms excel at producing new data, the
quality of generated data in tasks like semantic segmentation can be vari-
able. Generated images may lack accurate labels, especially in complex
scenes; for instance, in urban landscape images generated by such algo-
rithms, buildings might mistakenly be labeled as roads.

2.5.6 Active learning

In semantic segmentation, active learning [SDV22] is an effective and in-
teractive strategy to reduce the need for manual labeling. The core idea is
to select a batch of samples that are likely to be misclassified by the current
model, have them manually labeled by human annotators, and then use
these labels to improve the current machine learning model. Active learn-
ing typically involves three main scenarios: pool-based sampling [CK24],
stream-based selective sampling [TS23], and query synthesis [TS23]. In
pooled active learning, the system has a large pool of unlabeled data, and
the model can look at all the unlabeled samples at each iteration and select
the most valuable samples to label based on strategies such as uncertainty
sampling [NSH22]. In streaming active learning, unlabeled data arrives
one by one. Whenever a new sample arrives, the system decides whether
to label the sample or discard it. In query synthesis active learning, the
model does not rely on existing unlabeled datasets, but actively gener-
ates new samples [PLK'24] and requests their labeling. Of these, pool-
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based sampling is the most well-known and follows a structured process:
(1)A small portion of the dataset is manually labeled and used to train
the model; (2)The model then predicts the labels for the remaining unla-
beled data, and associate a confidence level to these predictions; (3)Sam-
pling techniques are employed to select the next subset of data for manual
annotation; (4)The selected subset is manually labeled and used to further
train the model; (5)Above steps are repeated until the model reaches the
desired level of accuracy. The success of active learning heavily relies on
the sampling methods used to choose the data to manually label. Common
sampling methods include:

* Uncertainty sampling [NSH22]. The model selects pixel regions where
its predictions are most uncertain. Uncertainty is often measured us-
ing entropy or prediction probabilities.

* Diversity-based sampling [JYQS22]. This approach focuses on se-
lecting a diverse range of samples to ensure that the model is exposed
to a broad variety of features, helping to avoid overfitting to specific
scenarios.

¢ Committee-based sampling [SHV18]. Multiple models form a com-
mittee, and the areas where the models disagree most are selected for
labeling, ensuring that the most contentious regions are addressed.

Compared to streaming-based and query synthesis active learning, our
work adopts a pool-based interactive approach, which allows for more ef-
fective selection of informative samples from a predefined dataset. This
methodology not only enhances the efficiency of the learning process by
focusing on hard (and high-value) samples but also aligns with our thesis
objectives by ensuring that the training data is both diverse and represen-
tative.

2.6 Conclusion

Semantic segmentation is a critical task in computer vision. To evalu-
ate segmentation algorithms, several commonly used evaluation metrics
have been introduced. Traditional semantic segmentation methods include
threshold-based segmentation, edge detection-based segmentation, region-
based segmentation, energy minimization segmentation, and segmenta-
tion based on traditional machine learning. However, the performance
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of these traditional methods is often limited. With the advent of deep
learning, extensive research has been conducted on CNN-based semantic
segmentation algorithms, leading to the development of typical network
structures. Despite their success, these methods are highly dependent on
labeled data. This chapter introduces commonly used approaches to ad-
dress the issue of insufficient annotated data. The following chapters will
focus on strategies to reduce the annotation effort required for deep learn-
ing training.
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Chapter 3

On the importance of
diversity when training
deep learning segmentation
models with error-prone
pseudo-labels

The key to training deep learning (DL) segmentation models lies in the
collection of annotated data. The annotation process is, however, gen-
erally expensive in human resources. This chapter follows one of our
publications[YR] "24], where leverages deep or traditional machine learn-
ing methods trained on a small set of manually labeled data to automati-
cally generate pseudo-labels on large datasets, which are then used to train
so-called data-reinforced deep learning models. The relevance of the ap-
proach is demonstrated in two applicative scenarios that are distinct both
in terms of task and pseudo-label generation procedures, enlarging the
scope of the outcomes of our study. Our experiments reveal that (i) data re-
inforcement helps, even with error-prone pseudo-labels, (ii) convolutional
neural networks have the capability to regularize their training with re-
spect to labeling errors, and (iii) there is an advantage to increasing di-
versity when generating the pseudo-labels, either by enriching the manual
annotation through accurate annotation of singular samples, or by consid-
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ering soft pseudo-labels per sample when prior information is available
about their certainty.

3.1 Introduction

Semantic segmentation, which consists in a pixel-wise classification, is a
fundamental and essential task in the field of computer vision. With the
recent development of deep learning, automatic image processing has be-
come accurate in many fields, at the cost of the time-consuming annota-
tion of large amounts of data [AZ20, CVL18, SE21]. To limit the anno-
tation time, semi-supervised approaches have received extensive atten-
tion [Zho21, OHT20, ZYH 22, SDV22]. The main idea of semi-supervised
methods is to learn a model using a small amount of labeled data and a
large amount of unlabeled data. The key to the success of this strategy lies
in how to leverage limited labeled data to generate pseudo-labels. Pseudo-
labels are labels that are automatically generated, based on the knowledge
extracted from the few labeled data. In contrast to ground-truth labels,
pseudo-labels are subject to errors. Resorting to the automatic generation
of pseudo-labels is motivated by the fact that manual annotation of the en-
tire dataset is unrealistic in many practical applications, where the amount
of data is large and the annotation is pixel-wise.

In practice, semi-supervised training is implemented in two
steps [MDSR*20, XLHL20, AOA"20a, YZQ"22, ZZW*21]. In the first
step, labeled data are used to train a relatively weak machine learning
model. In the second step, the weak model is used to assign (error-prone)
labels to unlabeled data, which are used to supervise the training of a hope-
fully more robust model as is shown in Figure 3.1.

This chapter focuses on the cases where the manual annotation load
is kept low. In this specific case, traditional machine learning methods
are known to achieve a good trade-off in terms of accuracy and gener-
alization capabilities [Smil0, CWC"22b, FRD12, WH21]. Hence, we ex-
plores how traditional machine learning models can be integrated in a
semi-supervised training approach either to facilitate the annotation of the
few initial labeled data (first step) or to predict the pseudo-labels of unla-
beled data (second step).

The envisioned semi-supervised framework is depicted in Figure 3.1.
A small set of (semi-)manually annotated samples are considered to train
an initial and relatively weak segmentation model. This initial model is
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Large set of ‘ trained from few ‘ Error-prone

unlabelled data P pseudo-labels

Figure 3.1: Overview of the envisioned semi-supervised framework.
A small set of (semi-)manually annotated samples are considered to train
a relatively weak segmentation model. This weak model is then used to
annotate a potentially large set of unlabeled data, resulting in error-prone
pseudo-labels, which are used to supervise the training of a convolutional
neural network. This neural network, denoted CNN?*, is named the data-
reinforced model because it leverages the distribution of patterns in the un-
labeled dataset to distill the knowledge embedded in the strictly manually
supervised model.

then used to annotate a potentially large set of unlabeled data, resulting in
error-prone labels, which are used to supervise the training of a convolu-
tional neural network. This neural network is denoted CNN* in the follow-
ing, and is named the data-reinforced model because it leverages the distri-
bution of patterns in the unlabeled dataset to improve the strictly manually
supervised model. In a sense, the unlabeled data and associated pseudo-
labels are used to distill the knowledge captured by the supervised model.

Two flavors of the pseudo-label generation framework are presented in
Figure 3.2a,b. They differ in the way they exploit traditional machine learn-
ing approaches to collect manual annotations and turn them into pseudo-
labels. They have been designed to address the specificities of the segmen-
tation problem they are dealing with.

Figure 3.2a considers a scenario where the objects to segment are easy to
delineate manually. Hence, manual labels are assumed to be available for a
few images and are used to supervise the training of a conventional semi-
naive Bayesian estimation model. This model provides class probability
estimates on unlabeled data, which are then used to define pseudo-labels
and supervise the training of the data-reinforced CNN* model. Our ex-
periments in Section 3.4 demonstrate that adopting a stochastic approach
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to randomly turn the soft probabilities into pseudo-labels at each training
iteration is advantageous since it limits the potential bias induced by sys-
tematic errors of the Bayesian estimator.

In contrast, Figure 3.2b considers a case where objects have complex
shapes, thereby requiring some semi-automatic approach to be delineated.
In our study, various machine learning models (random forests, gradient-
boosted detection trees, and even CNNs) have been considered to assign
labels a few initial images. In practice, those machine learning models are
trained interactively by manually assigning labels to image parts (strokes
or blocks). This is performed either on individual images (one model per
image) or jointly on the whole set of initial images (one joint model for all
images). When one model is trained per image, a CNN is then trained from
the whole set of labeled images to aggregate the entire annotation knowl-
edge in a single joint model. The gradient boosted trees (GBT) model is
quite attractive for handling an interactive annotation procedure since it
is convenient to update based on novel annotations. However, a single
GBT has appears to be unable to generalize to a set of pictures. Hence, we
propose to interactively learn one GBT per image, and then to use the re-
sulting annotations to train a CNN as a pseudo-label generator. In all cases,
the joint model is used to generate the pseudo-labels on unlabeled data. As
a valuable and original outcome, our experiments reveal that the initial an-
notation methods that randomly select the manually annotated image part
samples, or tend to regularize the manual annotation inputs (by capturing
their main average trends, e.g., consequently to the use of Bayesian mod-
els), result in weaker data-reinforced models, compared to methods that
favor and are able to preserve the manual annotation diversity.

In our experiments, the two scenarios correspond to pollen and crop
images, respectively. Through quantitative and qualitative analysis, we
find that, in both cases, the integration of conventional machine learning
algorithms in the annotation process can achieve good results with a mod-
erate manual annotation effort. The main outcomes of our study can be
summarized as follows:

(1) Data-reinforced training based on large set of unlabeled data helps,
even with error-prone pseudo-labels. This is attested by the higher seg-
mentation accuracy achieved by the data-reinforced models, compared to
their corresponding (error-prone) pseudo-label generator.

(2) CNNSs training is robust to labeling errors, especially when those
errors do not present systematic patterns.

(3) Adopting stochastic pseudo-labels or increasing the diversity of
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Figure 3.2: Overview of the two scenarios envisioned in our study to collect
the few manual annotations needed to train the pseudo-label generator. (a)
The object is easy to segment manually, and a few manual labels are used
to supervise the training of a conventional Bayesian estimation model pro-
viding class-probability estimates on unlabeled data. Those class proba-
bilities are then used to define pseudo-labels and supervise the training of
a CNN model. (b) The object has complex shapes requiring some semi-
automatic approach to be delineated. Two options are envisioned. In Op-
tion 1, gradient-boosted detection trees are considered to interactively as-
sign labels to a few initial images. The trees, which are Bayesian estimators
in essence, appear to poorly generalize to new data. Hence, a CNN is con-
sidered to be trained from the few labeled data and is used to generate the
pseudo-labels on unlabeled data. In Option 2, one model (either CNN or
random forest) is progressively trained from the manual annotations that
are interactively collected on a small set of images to correct the current
model predictions. This final model is the used as the pseudo-label gener-
ator.
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manual annotations through careful interactive selection of hard samples is
shown to increase the benefit derived from data-reinforced training. This
is supported by our experiments, which show that pseudo-label generators
with the same prediction accuracy can lead to varying performance in the
data-reinforced model. The best results are achieved with CNN pseudo-
label generator trained using samples that are interactively selected to cor-
rect its prediction errors. Using a CNN avoids the dilution (of annotation
information) inherent to probability estimates manipulated by Bayesian
models, while the interactive selection of samples results in larger diver-
sity than a random selection. Despite the fact that they are consistent across
all the methods and models tested on our two datasets, our experimental
results remain too preliminary to draw a definitive and general conclu-
sion about the need for diverse annotations and an expressive pseudo-label
generator. Our study is, however, sufficiently convincing to trigger further
theoretical and experimental investigations.

3.2 Related Work

Semantic segmentation currently plays a very important role in many fields,
such as medical image analysis, scene understanding, and robotic per-
ception [MWY*22]. Although deep learning models have achieved very
good performance in semantic segmentation [XLG"20], they require la-
beled data. The acquisition of annotations generally requires a lot of time
and manpower, and many fields require experts to do the work. There-
fore, considering the use of unannotated data in semantic segmentation
has been investigated.

Many methods based on unlabeled data have been studied to improve
the performance of learning algorithms. Refs. [RDRS21, ZWH 21, WSCM?20,
LYB'19, LYZ"17] achieved good results in image classification using a
semi-supervised approach, consisting in assigning pseudo-labels to un-
labeled data, using a model trained from a few data. Ref. [PLP20] has
been a precursor in proposing to initially train one classifier on a labeled
dataset in order to make predictions on an unlabeled dataset, which uses
an initial small labeled dataset to train deep or shallow neural networks
and other non-interpretable but high-precision models on the self-training
framework, thereby obtaining an enlarged dataset, which is used to train
interpretable models such as random trees. In the first stage of this method,
a certain amount of labeled data is needed to obtain high accuracy based
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on CNN. Secondly, the simple model such as random trees has poor gener-
alization ability. Semi-supervised segmentation approaches usually aug-
ment manually labeled training data by generating pseudo-labels for the
unlabeled data and using these to generate segmentation models [CAS™22].
Consistency regularization and entropy minimization represent two preva-
lent strategies in using unlabeled data [ZZZ"20]. Consistency-based ap-
proaches [XLBY22, ZZL"22] operate on the premise that the model’s out-
put should remain stable under input perturbations. Conversely, entropy
minimization [VJBT19, VGK 21, ZPL"23] suggests that unlabeled data
can be exploited in achieving clear class distinctions. Alternatively, refs.
[ZZWT21, XLHL20, CDI"19, BC22] introduced methods where pseudo-
labels are generated from a universal teacher model to train a problem-
specific student model. Those works assume that enough annotated data
are available to teach a high-quality teacher. Errors made in the early itera-
tions can be propagated and amplified in subsequent iterations, leading to
a student model that may become increasingly confident in incorrect pre-
dictions. Moreover, the model’s predictions on unlabeled data may lack
accuracy when the initial dataset labeled to train the teacher is not suffi-
ciently representative of the domain targeted by the student.

Although the above methods achieve good results based on labeled
and unlabeled data, previous works have largely overlooked the relation
between the strategy (including the selection of manually labeled sam-
ples, and the pseudo-label generator model trained from those samples)
adopted to generate pseudo-labels and the benefit obtained when using
those pseudo-labels (at constant average quality) to train a data-reinforced
model. We propose integrating traditional machine learning methods with
deep learning to address the challenge of scarce labeled data.
Semi-automatic interactive approaches are considered to collect accurate
labels on complex segmentation problems. Two distinct scenarios are en-
visioned. In the scenario depicted in Figure 3.2a, the objects to segment
are relatively easy to discriminate from their background, and a simple
Bayesian random fern model is sufficient to capture the knowledge con-
tained in manually annotated samples. When using the random ferns to
infer pseudo-labels on new data, prior information is available about the
class-label certainty/probability. As an original contribution, we propose
to exploit this prior to introduce diversity among the pseudo-labels. Specif-
ically, each time a sample is considered in a training iteration, the segmen-
tation map of each class is defined based on a random threshold, applied
to the certainty level. In the second scenario, considered in Figure 3.2b,
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the segmentation task is more complex, and a CNN is considered as an
alternative to the Bayesian pseudo-label generator, to capture the knowl-
edge associated to the (semi-)manual annotations, without ‘averaging’ it
in a Bayesian inference framework. Moreover, in this second scenario,
the samples to manually label are either selected randomly or to correct
the errors of the model trained from previously selected and annotated
data. As a main original outcome, our experiments reveal that, at constant
pseudo-label average accuracy, the models trained from pseudo-labeled
data are more accurate when those pseudo-labels reflect the pseudo-label
generator uncertainty (first scenario) and when the pseudo-label generator
preserves the diversity of annotations inherent to an interactive selection
of samples to manually annotate (second scenario, with the interactive se-
lection of samples and CNN aggregation of knowledge, without Bayesian
dilution).

3.3 Methods

As explained in Section 3.1, we investigates how to leverage machine learn-
ing models when resorting to pseudo-labels to train a deep learning model
on a large dataset.

In this case, a small amount of manually annotated data is used to train
a model, and this manually supervised model is exploited for the auto-
matic labeling of additional data. Research questions of interest are related
to (i) the selection of the data to manually annotate, (ii) the choice of tools
to manually annotate them, and (iii) the design of appropriate methods to
turn the (semi-)manually collected knowledge into pseudo-labels on novel
data samples.

Two distinct scenarios are considered in our experimental section. For
each scenario, the above questions are addressed differently, but common
lessons can be drawn for both of them, resulting in useful practical guide-
lines.

The rest of the section presents the multiple options envisioned by each
step of our framework, depicted in Figure 3.1. Section 3.3.1 considers the
(semi-)manual annotation of a data subset. Section 3.3.2 focuses on how to
embed the knowledge captured through those manual annotations into a
machine learning model, in charge of transferring this knowledge to novel
data. Section 3.3.3 then introduces two strategies to pseudo-label addi-
tional training data for the purpose of training more accurate models when
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considering a large set of (error-prone) pseudo-labeled data than the accu-
rately labeled but smaller initial set of samples.

3.3.1 (Semi-)Manual Annotation

Multiple approaches are considered to manually assign a background/-
foreground segmentation mask to a given training sample. In practice,
a specific off-the-shelf approach will be selected based on the case at hand,
i.e., on the shape of the foreground region to discriminate from its back-
ground.

The investigated methods encompass the following:

* The manual delineation of the foreground object contours. This solu-
tion is suited to smooth and regular object shapes, and is adopted in
the following to delineate the pollen grains in our first experimental
scenario.

¢ Semi-manual methods, relying on interactive user annotations to re-
fine and increment the training set that is used to train a machine
learning model. In this approach, there is a large pool of unlabeled
data. The model can view all the unlabeled samples at once. The user
then selects samples where the model makes prediction errors for
annotation. Such an interactive approach, falling in the pool-based
active learning category presented (see Section 2.5.6), suits in cases
where the foreground and background are visually dissimilar but are
separated by an irregular border, requiring time for fully manual de-
lineation.

Among the interactive training methods, we differentiate methods that
train a single model to segment the whole set of images to manually an-
notate, from the ones that learn a specific model to label each individ-
ual image. In the first category, the Ilastik 1.3.3 [BKK*19] updates a ran-
dom forest from user-defined foreground strokes until it achieves a suffi-
ciently accurate segmentation of the training data. Another approach in-
vestigated in our experiments considers a set of small patches extracted
randomly within the whole set of images, to train a fully convolutional
neural network (CNN). In contrast, the RootPainter approach [SHP*22]
selects the patches interactively. Specifically, it trains, jointly for all images,
a CNN based on the user interactive selection and labeling of patches that
are wrongly predicted by the CNN segmentation model at some point in
the training.
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In the second category, our LeafPainter method adopts gradient-boosted
decision trees (GBTs) [SZK*17], and the manual annotation of small patches
that are interactively selected by the user in response to the GBT prediction
errors. One GBT model is learned for each image (GBT has been imple-
mented using the LightGBM library version 3.2.0 from Microsoft (Ke et al.,
2017) so as to support a fluid interactive annotation process. LeafPainter
was created with the Python 3.10 programming language, using the Flask
library (Grinberg, 2018). The interface was implemented in HTML5, CSS,
and Javascript. The code is available at https://github.com/charlesro/
LeafpainterQT, and a visual demonstration is available at https://www.
youtube . com/watch?v=1MpzxDt40Lc). GBTs have the advantage of being
computationally simple to update when new annotations are provided by
the user. They, however, suffer from a lack of generalization capabilities,
preventing the use of a single GBT for all images.

In the rest of the paper, those methods are denoted as sRF, CNN(sRP),
sCNN, and iGBT respectively. The s or i prefixes refer to the fact that a
model is trained for the entire set of images or for each individual image,
respectively. Through interactive annotation, sSCNN and iGBT are exposed
to different samples at various stages of training, increasing the diversity
of annotations. For sCNN and iGBT, in the early stages, there are fewer
annotations, but as training progresses, users randomly correct the model’s
errors. This not only enhances diversity but also gradually increases the
number of annotations. Our experiments reveal that increasing annotation
diversity by learning a distinct model for each image or by interactively
training a CNN (i.e., a model offering a large expressivity) improves the
benefit drawn from unlabeled data (see Section 3.3.3). In addition, when
utilizing manual annotation time to quantify the amount of labeling, our
experiments also demonstrate that fewer annotations are required to reach
a specific model accuracy when the diversity of annotations increases.

3.3.2 Training a Pseudo-Label Generator

Once a number of images (or image patches) have been properly labeled,
they are used to train a machine learning model, using conventional super-
vised training. This model is the one in charge of predicting pseudo-labels.
Two types of models are considered at this stage.
The first one follows a Bayesian approach. Several variants are avail-
able, including random forests [SZ20] and random ferns [BDV]*16, PDV17].
They can achieve good results with only a small amount of labeled data.
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Moreover, since those methods naturally provide a class posterior for each
pixel, multiple pixel-wise segmentation masks can be generated by thresh-
olding the estimated probability map with more or less conservative thresh-
olds. Our experiments reveal that this diversity increases the benefit drawn
from unlabeled data when using them as training samples (Section 3.3.3).
In practice, our experiments rely on random ferns to segment pollen grain
microscopy images. Random forests (RFs) have also been trained from a
set of canopy images, to be used directly as a pseudo-label generator (see
Table 3.1).

The second one adopts a recent convolutional deep learning model.
These kinds of models are more expressive and offer better generaliza-
tion capabilities than conventional machine learning models when deal-
ing with “in the wild” observations [BY24, NBMS17, KKB22], namely, with
observation conditions that are weakly constrained, as is the case for the
canopy images considered in our second experimental scenario. In this
scenario, plant images are (semi-)manually segmented, either using one
GBT model per image or a single convolutional network for the whole set
of images (as proposed in [SHP"22] and presented in Section 3.3.1). When
one GBT is trained per image, which offers fluent interactions with the
user given the computational efficiency associated to GBT updates, the re-
sulting segmentation masks are used to supervise a convolutional neural
network (denoted as CNN(iGBT) in Table 3.1).

Table 3.1: Names of models on outdoor RGB canopy image dataset. X
indicates that the test model has been trained on manually labeled data
only, without pseudo-labeled data exploitation.

(Semi_)Manual Annotation Pseudo-Label Generator Test Model
X sRF
sRF [BKK19] SRF CNN*_sRF
<RP CNN(sRP) CNN*_CNN(sRP)
X CNN(sRP)
i\GBT CNN(@GBT) CNN*_CNN(GBT)
X CNN(@GBT)
sCNN CNN*_sCNN

sCNN [SHP*22] X CNN
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Table 3.2: Foreground IoU of different methods on pollen test dataset as a
function of the number of manually labeled images. In total, 250 pseudo-
label samples, and 50 test samples are considered.

Foreground IoU (%)

Method 1Images 5Images 10Images 15Images 25Images 50 Images
CNN 374 58.9 69.9 72.4 80.4 81.6
Random Ferns 74.7 74.0 77.3 80.0 79.6 79.2
CNN*_0.45 722 76.0 76.0 73.7 74.7 743
CNN*_0.50 80.0 81.3 82.2 82.4 82.6 82.7
CNN*_0.55 75.0 73.3 76.2 80.3 79.7 78.2
CNN*_(0.45,0.55) 84.5 83.3 84.3 84.8 85.0 85.1
CNN*_CNN 45.7 65.9 73.8 75.7 82.8 82.9

3.3.3 Training a CNN from Pseudo-Labels

Given a segmentation model trained with manually labeled data, our study
considers the exploitation of this model to generate/predict pseudo-labels
on unlabeled data so as to train a so-called data-reinforced segmentation
CNN model, denoted CNN* in the following, with the * symbol indicating
the use of pseudo-labels on a large dataset to train the model.

When the manually supervised model follows a Bayesian paradigm,
a posterior background/foreground class probability map is predicted for
each unlabeled image. Instead of using a fixed threshold to turn this prob-
ability map into a foreground /background binary mask, which is likely to
induce systematic errors in the supervision, we envision the use of distinct
thresholds each time a sample is considered during training. Specifically,
each time unlabeled data are considered during training, a threshold is
randomly selected using a uniform distribution on a pre-defined range in-
terval (a,b), to produce a corresponding mask of pseudo-labels. In this way,
the reference segmentation mask of the same picture is different at distinct
training iterations, thus increasing the diversity of labels. Associating mul-
tiple (and thus diverse) labels to a single image smoothly favors the labels
that are most consistent with a given visual pattern across images, and is
expected to mitigate the impact of erroneous pseudo-labels. Our exper-
iments demonstrate that this supervision, named soft-supervision in the
following, results in improved generalization performance of the model
trained on unlabeled samples (see Tables 3.2 and 3.3).

With a CNN trained from manual annotation, the access to a probabil-
ity map, whilst possible [LLKDV22, G"16, SG18], is less obvious since it re-
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quires multiple predictions to estimate the prediction certainty. Therefore,
in our experiments, we consider a single mask per image when exploiting
unlabeled data based on pseudo-labels generated with a CNN model.

3.4 Experimental Validation

This section considers semantic image segmentation in two use cases that
significantly differ in their image acquisition set-up, which is known to af-
fect generalization, and in the regularity of the shapes to be segmented,
which directly affects the annotation strategy. For both use cases, the sec-
tion considers experiments to demonstrate that assigning pseudo-labels to
unlabeled data based on models trained on a few (semi-)manually anno-
tated samples improves the quality of the resulting data-reinforced CNN*
segmentation model, compared to a CNN model trained only on the man-
ually labeled data.

3.4.1 Datasets

Pollen Grain Microscopy Images

The proposed method is evaluated on a pollen dataset. The pollen files are
scanned by biologists, including Anne-Laure Jacquemart, in pure pollen
files and uploaded to Cytomine [RHV*19]. The resolution of each file is
up to 30,000 by 30,000, which limits the training of the model, so we crop
800 by 800 images in those large images. Fifty of these 800 x 800 images
are extracted to be manually labeled. An additional set of 300 images is

Table 3.3: Pixel accuracy of different methods on pollen test dataset under
different labeled images.

Pixel Accuracy (%)

Method 1Images 5Images 10Images 15Images 25Images 50 Images
CNN 75.2 86.2 94.6 95.1 97.3 97.4
Random Ferns 97.0 96.9 97.3 97.6 97.5 97.5
CNN*_0.45 90.1 94.4 96.0 96.2 95.5 95.7
CNN*_0.50 97.0 97.9 98.0 97.4 97.7 97.8
CNN*_0.55 97.6 97.4 97.6 98.1 98.0 97.9
CNN*_(0.45,0.55) 98.4 98.1 98.2 98.2 98.3 98.2
CNN*_CNN 73.5 83.3 91.9 92.7 98.2 98.1
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extracted from other high-resolution original images. Of these, 250 remain
unlabeled, while the other 50 are manually labeled to define a test set.

RGB Canopy Images

The dataset consists of 2386 zenithal RGB images of experimental plots,
each containing either a single vegetable species or a mixture of two dif-
ferent vegetables. From the dataset, 280 images were randomly extracted
to be manually annotated and serve as a test set. There are four vegetable
species in total: fennel, dwarf bean, cabbage, and kale. The dataset in-
cludes images of each species in pure culture as well as all possible com-
binations of two vegetables. We are interested in differentiating plant and
non-plant pixels.

Each plot was photographed four times over the course of the four-
month (July, August, September, and October 2021) experiment, resulting
in images of the plants at different stages of growth and under varying sun-
light conditions. The photos were taken in Belgium at either the Lauzelle
farm (50.680, 4.618) or one of 20 volunteer market gardeners’ plots. The re-
sulting images exhibit a wide range of contexts, including variations in
soil types, crop arrangements, and non-plant objects present on the plots,
as well as differences in cultivation techniques among the market garden-
ers. The cameras used consist of 2 OEM OV2640 (Omnivision) camera
modules (OmniVision, Santa Clara, CA, USA), RGB, 2Mpixel, embedded
in an ESP32-Cam module (Espressif Systems, Shanghai, China), installed
parallel to each other.

3.4.2 Methods and Terminology

Several variants of the methods described in Section 3.3 have been consid-
ered for each use case. They are summarized in Tables 3.4 and 3.1, and are
presented below.

Pollen Grain Microscopy

The manual annotation of microscopy pollen grain images is implemented
using Grabcut [LZG 18], which is both efficient and effective given the
simplicity of the image content. Those manually labeled images are then
used to train a random ferns model [OCLF09], which in turn is used to as-
sign pseudo-labels to the unlabeled images. In practice, we utilize 100 ferns
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and each fern consists of 10 tests. The point neighborhood is typically de-
fined using a small square window. This square window has a size of (2r +
1) by (2r + 1) pixels and is centered around the pixel of interest. Within this
window, binary tests are performed. Five of them compare the absolute
difference between two pixels with t, where t is derived from the statisti-
cal distribution of the absolute differences between any two pixels in the
800 by 800 image, and t is randomly selected from the interval (20, 40).
This choice is motivated by the observation that the majority of difference
values fall within the range of 0 to 20. Consequently, when two pixels ex-
hibit difference values within this range, they are either both part of the
foreground or both part of the background. Therefore, these five tests are
capable of distinguishing edges from non-edges. The other five tests in-
volve comparing pixel value with the difference between the peak and the
variance of the histogram of the 800 by 800 image. Given that most of the
image area represents the background, the peak of the histogram is indica-
tive of the background location. As the pixel values of the background
exhibit slight variations, we utilize both the peak and the variance of the
histogram to characterize the background. Consequently, these five tests
effectively distinguish between the background and foreground.

The last column in Table 3.4 presents the test models, i.e., the models
whose performance are measured on the test set and reported in our exper-
imental section. The CNN and random ferns models are trained on man-
ually labeled data only, while the CNN* models refer to data-reinforced
models, meaning that they are trained on the entire training set based
on pseudo-labels derived either from the random ferns or the manually
trained CNN. When pseudo-labels are predicted by the CNN, the data-
reinforced model is denoted CNN*_CNN. When deriving pseudo-labels

Table 3.4: Models consideredon pollen grain microscopy image dataset.
See 3.4.2 for a description of the models associated to the terminology. X
indicates that the test model has been trained on manually labeled data
only, without pseudo-labeled data exploitation.

(Semi_)Manual Annotation Pseudo-Label Generator Test Model
X CNN
X Random Ferns
Manual Delineation Random Ferns T CNN*_T
Random Ferns (11,77) CNN*_(11,72)
CNN CNN*_CNN
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from the random ferns, the pseudo-labels are generated either by thresh-
olding the probability map predicted by random ferns at a fixed threshold
T, leading to a trained convolutional model that is denoted CNN*_t, or by
considering a uniform distribution of thresholds in an interval (11, 72) to
randomly select the threshold each time an image is considered along the
SGD training iterations (see Section 3.3.2). This last definition of pseudo-
labels results in a trained data-reinforced model denoted as CNN*_(1q, 12)

Outdoor RGB Canopy Images

The (semi-)manual segmentation of leaves requires more elaborated tools
than a Grabcut method, due to the variation in illumination conditions,
the presence of shadows, and the frequent occlusions by background ob-
jects or plants. Therefore, machine learning models are considered to label
a subset of the training set through the iterative annotation of image parts.

The subset of samples to label consists of 800 samples, corresponding to
800 x 600 images, extracted from full resolution images. Those samples
are jointly considered by the Ilastik software [BKK19], which trains a ran-
dom forest (RF) model (100 trees, with a maximal depth of 50) based on
foreground strokes that are interactively drawn by the user. This approach
is denoted sRE, with the prefix 's” referring to the fact that the whole set
of images to manually label is jointly processed. As an alternative, the sSRP
method randomly samples patches in the same whole set and trains a CNN
based on their annotation (see below for CNN parameters). Two more
methods are considered to manually annotate the 800 image samples. They
are interactive and proceed iteratively by adopting the corrective annota-
tion protocol recommended in [SHP'22]. A small subset of samples is
first annotated (based on the delineation of small patches corresponding
to a single class), without referring to a model prediction. Those annota-
tions are used to train an initial version of the model. Subsequent annota-
tions correct the model predictions and are used to update the model. Two
types of image segmentation models are envisioned, resulting in two dis-
tinct methods. The first one corresponds to the gradient-boosted decision
trees [SZK ™ 17] model, with default parameters. In that case, due to the ex-
perienced lack of generalization capabilities of GBT, one model is trained
for each of the 800 images, and the method is denoted iGBT, with the I’
prefix referring to the fact that one GBT is trained for each individual im-
age. The second one is a fully convolutional neural network (CNN). Its
expressivity is sufficient to capture the knowledge associated to the entire
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set of 800 images. Therefore, a single model is considered for the whole set
of manually labeled images. It is denoted sSCNN. The notation CNN*_X is
adopted to refer to the data-reinforced convolutional network trained with
pseudo-labels generated by model X.

3.4.3 Metrics and Implementation Details

Evaluation Metrics

In semantic segmentation, the intersection over union is a standard met-
ric to assess segmentation models. It calculates the intersection over union
ratio of ground truth and predicted binary masks for the foreground. For-
mally, it is defined as:

1GNP

IoU =
© |G U P|

(3.1)

with G denoting the ground truth, and P the model prediction associated
to the foreground.

Another metric used is pixel accuracy, which evaluates the model by
calculating the proportion of correctly classified pixels to the total number
of pixels in the image as

PA — Z}:O Pii

_ _Li=0Pii (3.2)
Yo Z}':o pij

where p;; is the number of pixels whose prediction and ground truth are
both i. p;; is the number of pixels whose prediction is i and label is j.

CNN Network

The CNN network used in our work consists of an encoder and decoder,
following a U-Net shape [RFB15a, IR20]. Compared to the U-net intro-
duced in [Y]J]*22a], we use a seven-layer network. Each layer in the net-
work consists of a convolution operation, followed by batch normaliza-
tion and the Rectified Linear Unit (ReLU) activation function. The encoder
is composed of four layers, with each layer being followed by a down-
sampling operation. Following the bottleneck layer, we have the decoder.
In order to facilitate training with larger batch sizes on the pollen dataset,
we aim to minimize model parameters. To achieve this, we simplify the
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decoder section by reducing the number of layers to two, each preceded
by an upsampling operation, compared to the classic U-Net architecture.
And a ResNet50 (pretrained on ImageNet) is used as an encoder for the
canopy images.

During the training, random rotate90, flip, transpose, and brightness
contrast adjustment are used as data augmentation methods.

Loss

The loss function adopted to train the CNN is defined in equation (3.5) as
the Log-Cosh Dice Loss [Jad20]:

X —X
coshx = % (3.3)

2y N Ny S

DiceLoss =1 —
N C 2 N C 2
Y1 eV ity Yo P

(3.4)

Loss = log(cosh(DiceLoss)) (3.5)

In equation (3.4), y; is a binary indicator (0 or 1) indicating whether
pixel i lies in class ¢ or not, and p5 is the softmax output of the network for
pixel i and class c.

Training

Stochastic gradient descent algorithm with 0.9 momentum and 0.0001
weight decay is used with a batch size of 4. In total, 100 training epochs
are considered. We use 0.01 as the initial learning rate, and an exponential
learning rate scheduler is implemented: Ir = Ir;,;; - 0.97¢Poch . We save the
last 10 models from a training session and use the mean prediction as the
result. All models are trained with Pytorch [PGM*19b] on Nvidia GeForce
GTX 1080 Ti 11Gb GPUs (Nvidia, Santa Clara, CA, USA).

3.4.4 Results and Discussion

The methods in Tables 3.4 and 3.1 were experimentally tested on the pollen
grain microscopy image dataset and the outdoor RGB canopy image dataset.
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Pollen Grain Microscopy

In Tables 3.2 and 3.3, we present the results of our experiments on the
pollen grain microscopy dataset. The results obtained with the models
trained only from manually labeled data are provided as a baseline but also
because they reflect the level of error affecting the pseudo-labels. They
indicate that the random ferns method performs significantly better than
the CNN method when only one annotated image is available. However,
as the annotated data increase, the CNN method overcomes the random
ferns. Specifically, when using 50 annotated images, the CNN achieves a
foreground IoU result of 81.6%, surpassing random ferns, which achieves
79.2%. The pixel accuracy is also comparable, with values of 97.4% for
CNN and 97.5% for random ferns. When using random ferns and CNN
as pseudo-label generators, even with only one annotated image, the
CNN*_0.50 yields an IoU result of 80.0%, outperforming random ferns,
which achieves 74.7%. The experimental results clearly indicate that lever-
aging unlabeled data through pseudo-labels enhances CNN* model qual-
ity compared to a model (either random ferns or CNN) trained solely on
manually labeled samples. Interestingly, Tables 3.2 and 3.3 also demon-
strate that CNN¥_(0.45,0.55) consistently outperforms CNN*_0.45,
CNN*_0.50, and CNN*_0.55, indicating that increasing the diversity of
pseudo-labels is beneficial. Additionally, Figure 3.3 illustrates the pre-
dictions of various methods on the pollen test set. The models depicted
in the figure are trained using only a single labeled image. Through the
comparison between the predictions and the ground truth, it is observed
that employing a fixed threshold to generate pseudo-labels causes a bias in
training [AOA"20b] , resulting in inferior predictions compared to using a
varying threshold.

Outdoor RGB Canopy Images

Tables 3.5 and 3.6 present the outcomes of experiments conducted on the
RGB canopy dataset by Charles in [YR]724]. Table 3.5 shows the fore-
ground IoU for various methods on the outdoor RGB canopy image dataset
under different manual annotation times. Here, the manual annotation
time denotes the time needed to annotate the training set used to learn
the pseudo-label generator. It includes both the time to manually correct
the errors affecting the current model prediction, and the (computational)
time to update the model. Table 3.6 presents the corresponding pixel accu-
racy. The results indicate that the data-reinforced CNN* consistently out-
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CNN*_(0.4
5,0.55)

CNN*_0.45

CNN*_CNN

Figure 3.3: Qualitative results on pollen test dataset. See Table 3.4 for
model names definition. All models are trained using 1 labeled image.
Red contour is ground truth.

performs the methods that are solely trained on manually labeled data.
This demonstrates that leveraging unlabeled data through pseudo-labels
is beneficial. Note that the quality of pseudo-labels is measured by the
test performance obtained by models trained from manually labeled data.
Without surprise, for a given pseudo-label generator model, the higher the
pseudo-label quality, the higher the CNN* quality.

A similar observation can be made in Figure 3.4a, where each CNN*
model achieves test performance that is generally superior to that obtained
by the model from which the CNN* training pseudo-labels have been pre-
dicted. Hence, we conclude that resorting to pseudo-labels helps in re-
ducing the human annotation workload. This is confirmed by Figure 3.4b,
which compares the pixel accuracy on the test set between the CNN* model
and its corresponding pseudo-label generator. The points in the figure are
consistently located above the diagonal, emphasizing that leveraging un-
labeled data through pseudo-labels improves the model quality compared
to a model trained only on manually labeled samples.

Figure 3.4a also clearly reveals that the boost obtained by the CNN*
compared to the model used to predict the pseudo-labels is much larger
for CNN(@{IGBT) and sCNN than for CNN(sRP) and sRF. For example, when
the model trained on manually labeled samples reaches about 83%,
CNN*_CNN(@GBT) reaches 94.5%, while CNN*_sRF only reaches 88.6%.
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This observation was not expected, and is thus quite interesting.

This unexpected discrepancy is attributed to the combination of two
factors. First, compared to CNN(sRP), the sRE, CNN(iGBT), and sCNN
models benefit from more diverse manually labeled samples since those
samples are not randomly selected but instead chosen interactively as im-
age parts where the current state of the model fails. Second, compared to
sRF, CNN(iGBT) and sCNN build on a CNN model, which is known to
have sufficient expressivity to capture a large annotation diversity with-
out regularizing it [ZBH " 21], i.e., without aggregating the annotation cues
through average probabilities, as done by Bayesian models like random
ferns or random forests. While the enriched representation captured by a
CNN model does not necessarily translate into improvements on the test
images (e.g., 83% test accuracy both for the CNN(iGBT) and sRF models), it
proves to be beneficial when confronted with the distribution of unlabeled
data, i.e., when leveraging their predicted labels to train a data-reinforced
CNN*.

Figure 3.5 displays the visual results of different models on the test set.
From the results, it is evident that CNN*_CNN(GBT) exhibits superior
segmentation performance.

Table 3.5: IoU results on RGB canopy images under different annotation
times (minutes). In total, 280 test samples are considered.

Foreground IoU (%)
Annotation Time 6.75 12.5 25 50 75 100
sRF 63.0 69.5 72.3 81.7 83.3 84.2
CNN*_sRF 79.6 80.2 81.8 82.8 83.5 83.7
CNN(iGBT) 69.5 72.4 81.8 83.5 84.3 86.9
CNN*_CNN(@{GBT) 88.7 89.2 89.6 89.9 90.7 90.8
CNN(sRP) 429 67.2 74.2 78.7 79.9 82.2
CNN*_CNN(sRP) 61.3 68.1 78.6 80.2 81.8 83.5
sCNN 69.3 72.6 81.9 83.3 84.3 86.9
CNN*_sCNN 89.0 89.4 89.6 89.9 90.8 91.0

3.5 Conclusions

In our quest to address the challenge of training CNN models with lim-
ited manual annotation resources, we delve into the fusion of traditional
machine learning techniques with deep learning, focusing on predicting
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Figure 3.4: (a) Test accuracy vs. manual annotation time on RGB canopy
images, for the models defined in Table 3.1. (b) CNN* test accuracy vs. test
accuracy obtained by its corresponding pseudo-label generator on RGB
canopy images, for the models defined in Table 3.1.
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Ground ~ CNN*_sCNN CNN*_CNN  CNN(GBT) ~ CNN*_CNN CNN(SRP)
truth (iGBT) (sRP)

Figure 3.5: Qualitative results on RGB canopy images as obtained with a
6.75 min annotation time. See Table 3.1 for the model names definition.

pseudo-labels. We investigate two scenarios that are representative of typi-
cal simple (no occlusion, reasonably stable appearance) and complex (shape
variations and occlusions) object image segmentation problems. Through
experiments across two datasets, we discover that integrating unlabeled
data via pseudo-labels emerges as a potent strategy, markedly enhancing
model efficacy compared to models trained solely on manually labeled
samples. We extensively investigate the relation between (i) the strategy
adopted to collect manual annotations and turn them into a pseudo-label
generator, and (ii) the benefit drawn from pseudo-labels. Our study un-

Table 3.6: Pixel accuracy results on RGB canopy images under different
annotation times (minutes).

Pixel Accuracy (%)
Annotation Time 6.75 12.5 25 50 75 100
sRF 78.3 83.2 85.1 89.7 91.0 91.8
CNN*_sRF 88.1 88.6 89.1 90.0 91.1 91.2
CNN(iGBT) 83.1 85.2 90.1 91.5 92.0 93.5
CNN*_CNN(@{GBT) 94.5 94.6 95.0 95.1 95.5 95.6
CNN{(sRP) 61.1 75.9 81.3 85.2 87.8 88.1
CNN*_CNN(sRP) 75.2 80.5 85.1 88.2 88.9 90.3
sCNN 82.1 85.9 90.0 91.7 92.3 93.4
CNN*_sCNN 94.3 94.7 95.1 95.1 95.5 95.5
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derscores the significance of pseudo-label diversity. Enriching the pseudo-
label generation can be achieved explicitly by considering multiple pseudo-
labels per image or implicitly through interactive annotation methods to
select and annotate diverse samples to train a pseudo-label generator that
offers high expressivity (thereby avoiding regularizing/averaging the di-
versity inherent to selected samples). Our experiments reveal that increased
diversity improves the data-reinforced model accuracy, both at constant
pseudo-label generator accuracy and at constant annotation quantity, when
the annotation quantity is measured based on the annotation time. These
insights collectively enrich our understanding of the advantages and tac-
tics associated with harnessing pseudo-labels, offering valuable guidance
for improving model performance when human resources are limited for
annotation.

60



Chapter 4

Using pure pollen species
when training a CNN to
segment pollen mixtures

Recognizing the types of pollen grains and estimating their proportion in
pollen mixture samples collected in a specific geographical area is impor-
tant for agricultural, medical, and ecosystem research. In the publication
[Y]]722b], on which this chapter is based, we adopt a convolutional neural
network for the automatic segmentation of pollen species in microscopy
images, and proposes an original strategy to train such network at reason-
able manual annotation cost. Our approach is founded on a large dataset
composed of pure pollen images. It first (semi-)manually segments fore-
ground, i.e. pollen grains, and background in a fraction of those images,
and use the resulting annotated dataset to train a universal pollen segmen-
tation CNN. In the second step, this model is used to automatically seg-
ment a large number of additional pure pollen images, so as to supervise
the training of a pollen species segmentation model. Despite the fact that
it has been trained from pure images only, the model is shown to provide
accurate segmentation of species in pollen mixtures. Our experiments also
demonstrate that dedicating a model to the segmentation of a subset of the
available pure pollen species makes it possible to train a bin pollen class,
corresponding to pollen species that are not in the subset of species recog-
nized by the model. This strategy is useful to cope with unexpected species
in a mixture.
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Figure 4.1: Overview of our method. In the first stage, we (semi-)manually
annotate a small subset using the GrabCut algorithm and then train UPS
model capable of distinguishing pollen grains and background. In the sec-
ond stage, the UPS model is used to automatically annotate a large number
of additional pure pollen images to train UKPS model, which can differen-
tiate between known pollen species and unknown species.

4.1 Introduction

Sexual reproduction in flowering plants involves the production, trans-
fer and deposition of pollen grains to fertilise the ovules and thus en-
able the formation of seeds. The morphology of pollen grains depends
on the pollination mode and the identity of the plant species. For exam-
ple, the pollen of wind-pollinated trees, such as pines, has two air sacs
that allow it to be dispersed over long distances. The identification of
pollen types allows many applications such as the reconstruction of the
history and evolution of ecosystems since the ice ages, including the influ-
ences of human populations through pollen trapped in peat accumulations
(palaeoecology), alerts of allergic peaks by monitoring pollen counts in the
air (allergology), pollen trapped in honey for certification of single-flower
or controlled origin honey (melisso-palynology) or pollen transported and
collected by insect pollinators as food resources (pollination ecology and
pollinator health).

The traditional methods of recognizing pollen types use light
microscopy on fresh pollen, acetolysed pollen, or scanning electron mi-
croscopy [KZK*22]. Recognition is based on the size, shape, thickness
and ornamentation of the exine, the number and the shape of germination
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pits or pores. Such identification is time-consuming and requires consider-
able recognition expertise. New DNA barcoding techniques are being de-
veloped, allowing precise identification from DNA profile banks [GK22].
They are expensive and time-consuming. The development of techniques
based on automatic recognition offers a remarkable opportunity and is
highly valued by palynology researchers [TBTA11].

Features such as shape [RCF106], texture [RCF'06], contour [TBTA11]
have been used to segment pollen in early machine learning research. With
the emergence of deep learning [LBH15], convolutional neural networks
[AAMA17] are now widely used due to its ability to learn end-to-end, to
directly convert image pixels into predictions of interest. However, deep
learning requires a large amount of labeled data [BOT"20], and the anno-
tation of mixture pollen images is extremely difficult. Only a high-level
expert can distinguish different pollen in an image. This is due to the rel-
atively high similarity of pollen and to the fact that pollen particles are 3D
objects, which might appear quite differently when observed from differ-
ent angles. Hence, labeling mixed pollen images is a difficult, tedious, and
time-consuming task.

In this chapter, as shown in Figure 4.1, a method is proposed to learn
how to segment individual pollen species in pollen mixtures, based on a
large dataset composed of pure pollen images. To save manual annotation
time, our method first trains a universal i.e. species-agnostic, pollen seg-
mentation CNN based on the (semi-)manual segmentation of pollen grains
in a small subset of images randomly selected in the dataset. This model
is then used to automatically segment a large number of additional pure
pollen images, so as to supervise the training of our pollen species seg-
mentation CNN. Despite it is trained on pure images, our model is shown
to accurately segment species in pollen mixtures. To handle scenarios for
which all possible pollen species are not known/available a priori, we pro-
pose an alternative multi-model training strategy, in which each model is
trained to recognize only a subset of the species available in the training set,
while assigning an ‘unknown’ label to other species. This strategy makes
it possible to segment and identify as ‘unknown’ a pollen grain that has
not been seen during training. To the best of our knowledge, our work
is the first one to formulate and address mixture pollen analysis as a seg-
mentation problem. This is in contrast with most previous works, which
have to isolate individual pollen grains, before recognizing them based on
a classifier.

The rest of the chapter is organized as follows. Section 4.2 surveys the
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related works. Section 4.3 describes our proposed method. Section 4.4
demonstrates the relevance of our approach on a dataset including more
than one hundred pollen species.

4.2 Related Work

Current pollen classification methods are mainly based on manually ex-
tracted features and automatically learned features [dGBBdS19]. They gen-
erally consider images that correspond to a bounding box, including a sin-
gle pollen grains. In [MNC " 15] hand-crafted texture features extracted, to
be processed based on Fisher Discriminant Analysis (FDA) [YLCZ17], to fi-
nally classify the pollen with K-Nearest Neighbors (KNN) [ZLZ"17]. The
authors in [TBTA11, BOT"20] implemented pollen classification on single
pollen grain dataset by investigating different contour and texture extrac-
tion methods. Since the manual selection of appropriate feature requires
the combined expertise of biologists and computer vision scientists, it re-
mains a tedious task, especially because it needs to be repeated each time a
novel pollen species has to be handled. Therefore, deep learning has been
considered to define features automatically, based on examples.

In [GPEM21, dGBBdS19, SA18], researchers proposed to use convolu-
tional neural networks to classify pollen images, but in these methods, the
image background in the dataset is uniform, and there is only one pollen
grain in the images. The above method fails if there are multiple overlap-
ping pollen grains or multiple pollen types in the image, or when there are
pollen types in the image that are unknown to the model. To address this
limitation, we propose to formulate the pollen recognition problem as a
pixel-wise[ DMM]16] segmentation problem. In this formulation, the CNN
predicts a label in each image pixel. This label determines whether the
pixel covers the background or a pollen grain and, in the latter, specifies
to which pollen species the pixel corresponds. However, training such a
CNN using conventional supervision methods, whilst possible and effec-
tive [LSD15, KHG"19], requires the annotation of a large amount of im-
ages containing the various pollen species that have to be recognized by
the model. Such annotation of pollen mixture images requires biological
expertise, which is time-consuming and error-prone.

In order to solve the tedious task of labeling large dataset, we first
(semi-)manually segment foreground pixels, i.e. the pollen grains, on a
small set of images, and use the resulting annotations to train a Universal
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Pollen Segmentation (UPS) model. This model is then used to automati-
cally segment a large number of additional pure pollen images to supervise
a multi-class segmentation model that is designed to differentiate pollen
species and, optionally, to identify pollen grains that correspond to species
that have not been considered during training.

4.3 Methods

This section introduces the scheme proposed to quantify the amount of in-
dividual pollen species in a pollen mixture microscopy image. It relies on
pixel-wise labelling of microscopy images, using convolutional neural net-
works (CNNs). As shown in Figure 4.1, the method considers the training
of a universal, species agnostic, pollen segmentation CNN model (named
UPS in the following), to automatically annotate pure pollen species im-
ages. Those images and their annotations are then used to supervise the
training of a model that is able to discriminate between species. Option-
ally, an additional output label is considered to indicate that a pixel corre-
sponds to an unknown species of pollen, i.e. a pollen species that has not
been considered during training. Depending whether this unknown species
option is activated or not, we refer to those species segmentation models
as UKPS (for Unknown and Known Pollen Species) or KPS, respectively.

4.3.1 Pollen Grain Segmentation

As depicted in Figure 4.2, our universal pollen segmentation CNN consists
in a 9 layer U-Net[RFB15b], followed by two output feature maps con-
nected to a sigmoid to predict a binary value in each image pixel. Training
this CNN requires the definition of pollen grain segmentation masks in
a number of image samples. This foreground/background segmentation
is done (semi-)manually using the GrabCut algorithm[RKB04]. GrabCut
takes as minimal input a bounding-box that is manually-defined around
the foreground object of interest, and splits the bounding-box inner pixels
in two connected regions that most differ in terms of their distribution. The
annotation procedure is both effective and efficient since the foreground
pollen grains are highly contrasted compared to the background, making
GrabCut appropriate for this task. In practice, only a few hours have been
required to label 6000 grains in 1000 images.
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Figure 4.2: Architectures of our models. We have three kinds of mod-
els. They use the same architecture for encoder. UPS has 9 blocks, and
KPS(without unknown species map compared with UKPS) and UKPS have
8 blocks. In the figure, h, w, d represent the height, width and channel of
the input image respectively. N is the number of known pollen species by

the model. Block1 - Block9 are convolution+batchnormalization+ReLU.
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4.3.2 Pollen Species Segmentation

The CNN adopted to recognize and segment pollen species in pollen mix-
tures is depicted in Figure 4.2. It adopts a similar U-Net backbone than
the one adopted for pollen grain segmentation, but omits the last decoder
layer to limit the resolution and thus the memory footprint associated to
the output maps of the network. In practice, one output map is devoted to
each of the C possible categories that the model is expected to recognize. A
softmax operator is applied to the C activations outputted by the network
in each pixel, so as to predict a vector with positive components that sum
to one. Each of these vectors is close to one-hot vector that is supposed to
encode the category of its corresponding pixel.

Two types of pollen species segmentation CNNs have been envisioned
in our study, depending on how they define the output categories they aim
at recognizing.

The first one, named known pollen species (KPS), is certainly the most
natural. It assigns one specific output to each of the N pollen species
represented in the training set, and considers an additional bin class cat-
egory to identify the pixels that do not correspond to one of the known
species (combining background pixels and unknown pollen grains). How-
ever, the experiments presented in Section 4 (particularly Figure 4.5) reveal
that such a model fails in labelling a pollen grain that is not part of the N
known species properly, i.e. as bin class category.

The second strategy, named unknown and known pollen species (UKPS),
aims at addressing this limitation. It proposes to partition the N pollen
species into K disjoint subsets, and to learn a model for each subset, thereby
leading to K models. Specifically, similar to KPS, the model associated to
the i subset assigns one output map to each of the species in the sub-
set but, in contrast to KPS, assigns non-pollen background pixels and un-
known pollen species to two distinct outputs. This is made possible since
the pollen grains of (N — N;) species that are not in the i subset can be
used to supervise the training of the unknown pollen category.

4.4 Experiments and Discussion

In this section, we present experiments to demonstrate that our data anno-
tation and training strategies are effective in learning convolutional neural
networks that are able to segment known and unknown pollen species in
pollen mixtures.

67



Chapter 4. Using pure pollen species when training a CNN to segment
pollen mixtures

4.4.1 Implementation Details

Dataset. A total of 149 pure pollen files with inconsistent backgrounds
as shown in Figure 4.1, and 10 mixture pollen files were scanned and up-
loaded to Cytomine [MRS*16]. Each file corresponds to a large-scale im-
age. Some of them have resolutions over 30000 by 30000. Each pure pollen
file includes a single species of pollen. Those pure files include species
from the Asteraceae [HS11], Brassicaceae [SB11], Fabaceae [RST22], Lami-
aceae [Raj12], Rosaceae [GFP*20] families (the number of pollen species
in each family is 10, 21, 26, 23, and 12, respectively) and 67 species out-
side this set of families. Large-scale images implies higher computational
and memory requirements during model training. Therefore, we crop a
large-scale image into multiple 800 by 800 images. We split our 149 pure
pollen species into known (131 species, used for training) and unknown
(18 species, kept for testing, and never seen at training) species. A small
set of ten 800x800 images was randomly selected among the known species
to train the UPS network. To train and evaluate the KPS model, about 30
images have been randomly selected for training, 10 images for validation
and 10 images for testing. When considering UKPS, we have considered
K=5 subsets of known species, corresponding to the Asteraceae, Brassi-
caceae, Fabaceae, Lamiaceae, and Rosaceae. Each subset was used to learn
the known species their respective model, and the species remaining out of
the 131 species available for training were used to supervise the unknown
pollen class, thereby resulting in 5 models, denoted by the name of their
associated family.

Semi-manual annotation. We selected a small dataset containing 10 800x800
images in each of the 131 pure species pollen images. We used Grabcut to
segment the pollen grains in those images in an effective manner. It took
about 8 hours to annotate the whole set of images.

Data augmentation. The researchers pointed out in [WMP] that the more
data the model can access, the more effective the model is. To further in-
crease the amount of data that the model can access, we use random ro-
tate90, flip, transpose, and brightness contrast as data augmentation meth-
ods during training.

Loss. The loss function adopted in this paper is defined in equation (4.3).
It combines the cross-entropy and the Dice Loss.
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In equation (4.1), y§ is a binary indicator (0 or 1) indicating whether
pixel i lies in class c or not, and py is the softmax or sigmoid output of the
network for pixel i and class c.

Metric. Mean intersection over union is a standard metric to assess seg-
mentation models. It calculates the intersection over union ratio of ground-
truth and predicted regions for each class, and then averages it over the
classes. Formally, it is defined as:

1 & GNP
mloU = 4.4
C+1i:0|GiUP,'| 4
1 & TP
! (4.5)

- C+1§)FNi+FPi+TPi

with G; denoting the ground truth, P; the model prediction associated to
class i, and C the number of classes. TP;, FN; and FP; represent true posi-
tive, false negative and false positive detection of pixel belonging to class
i

Training. The model parameters are initialized using Kaiming normal
[HZRS15]. We use SGD with 0.9 momentum and 0.0001 weight decay. UPS
training uses a batch size of 2, and the initial learning rate is 0.01. The learn-
ing rate is reduced by a factor of 0.97 at each epoch, using an exponential
learning rate scheduler. To train KPS and UKPS, to include more variety in
each batch, we resize the images from 800 x 800 to 400 x 400 before network
input. The batch size can therefore be increased to 16. The initial learning
rate is set to 0.01. The exponential learning rate decay factor is set to 0.99.
We use early stopping to stop training if the metric does not improve on
the validation set for 30 epochs.

69



Chapter 4. Using pure pollen species when training a CNN to segment
pollen mixtures

) e . J
a® & ; | O a ‘e N O

- G @
() =8 % . 8y o
& ; Z <]

Achillea millefolium Cakile maritima Trifolium incamatum Lycopus europeaus Sorbus aucuparia

A-Model prediction B-Model prediction F-Model prediction L-Model prediction R-Model prediction

class 1] class7 [l class 19 [l class 11 [l class 11 [l

Figure 4.3: Predictions on pure pollen images of known species by our
proposed UKPS models. The legend under each prediction defines the
UKPS model that has been used (see text for details), and shows the color-
label that corresponds to the species present in each image. We can see
that while the models are mostly accurate, they have trouble in some cases
to correctly segment the borders of pollen grains, given them a different
species label (as can be seen by the wrong colors appearing in the last two
images)

Hardware. All models are trained with Pytorch [PGM*19a] on Nvidia
GeForce GTX 1080 Ti 11Gb GPUs.

4.4.2 Visual Assessment

A few representative examples of pollen species segmentation results are
presented in Figure 4.3. For convenience, here we name the family-specific
UKPS models based on the first letter of the corresponding family name.
Specifically, Asteraceae model, Brassicaceae model, Fabaceae model, Lami-
aceae model, and Rosaceae model are referred to as A-Model, B-Model,
F-Model, L-Model, and R-Model respectively). We observe that our pro-
posed UKPS can accurately recognize known pollen species in pure im-
ages, even though they have trouble in some cases to correctly segment the
borders of pollen grains(as can be seen in the last two images in 4.3).
More interestingly, Figure 4.4 considers the segmentation of pollen mix-
tures. There, we observe that the proposed UKPS can successfully segment
known pollen species seen by the model in the mixed pollen grain images,
while only ever having been trained on pure pollen images. 4.4a shows the
ground truth and corresponding prediction for the image containing two
pollen species, Tanacetum vulgare (known by A-Model) and Lotus cor-
niculatus species (known by F-Model). In 4.4b, the input image includes
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Figure 4.4: Visualization of the predictions for images of a mixture of pollen
grains using multiple family-specific models based on UKPS. (a) There are
two types of pollen: Tanacetum vulgare (class 10, in the Asteraceae family)
and Lotus corniculatus (class 10, in the Fabaceae family). They are cor-
rectly classified as known by their specific models (A and F), while they
are classified as unknown by the other models. (b) As in (a) the two types
of pollen, Lamium galeobdolon (class 8, Lamiaceae) and Sorbus aucuparia
(class 11, Rosaceae) are segmented as known species only by their respec-
tive models (the L-model and R-model).

Lamium galeobdolon (known by L-Model) and Sorbus aucuparia grains
(known by R-Model). Although the central region of Tanacetum vulgare
grain in 4.4a is misclassified as background and some pixels of Lamium ga-
leobdolon in 4.4b are segmented as unknown type, it is reasonable because
our mixture pollen images and the pure pollen images used for training
have been collected and observed with different set-up, which results in
significant visual differences between the scan samples provided by biol-
ogists. The discrepancy between training and testing images is illustrated
by the images presented in 4.6.

A side contribution of this chapter consists in proposing a solution
to recognize unknown pollen species as pollen grains, without assigning
them to one of the (known) species considered during training. As a base-
line, we consider a combination of UPS and KPS. The approach is depicted
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Figure 4.6: The discrepancy between training and testing images. In the
figure, al and b1 are testing images, a2 is Tanacetum vulgare( boxed in al)
image of the training, and b2 is Lamium galeobdolon(boxed in b1).

in 4.7. The UPS model predicts whether a pixel is part of a pollen grain or
not. Instead, KPS differentiates the known pollen species, and is supposed
to assign pixels that do not correspond to a known species, either because
they correspond to background or to an unknown pollen species, to the
additional bin class of KPS. Hence, as shown in 4.7, combining the pre-
dictions from UPS and KPS should make it possible to identify unknown
pollen species, which are the pixels labelled as pollen by UPS and bin class
by KPS.

4.5 shows the predictions of five unknown pollen species. The KPS of
baseline can classify N known pollen species, and is supposed to assign a
bin class label to pixels that do not correspond to a known pollen species,
either because they correspond to background or are unknown. We how-
ever observe in 4.5 that KPS segments unknown species as known types
rather than the background. In contrast, each UKPS model appears to suc-
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Figure 4.7: Baseline.The UPS model predicts whether a pixel is part of a
pollen grain or not. KPS differentiates the known pollen species, and is
supposed to assign pixels that do not correspond to a known species as
background. Green pollen grain is unknown in the figure, so it should be
background in the prediction of KPS.

cessfully segment unseen species into the appropriate unknown class.

4.4.3 Quantitative Assessment

To provide a quantitative evaluation of our method, we have tested the
baseline and five UKPS models. The IoU of each class is shown in Figure
48,409, 410, 411, 4.12 generated based on test images that only contain
pollen species that are available at training (meaning from the 131 species
considered when training KPS and UKPS). We observe that, in general,

IoU (%)

Model Background Unknown
UPS+KPS(see 4.7) 88.06 5.71
Asteraceae model 99.26 94.97
Brassicaceae model 99.13 69.20
Fabaceae model 99.21 88.82
Lamiaceae model 99.24 90.98
Rosaceae model 99.18 91.19

Table 4.1: The IoU of background and unknown type on unknown pollen
species images.
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Figure 4.8: Class IoU of the Asteraceae family using KPS and Asteraceae
model
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Figure 4.9: Class IoU of the Rosaceae family using KPS and Rosaceae
model
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Figure 4.11: Class IoU of the Fabaceae family using KPS and Fabaceae
model
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Figure 4.12: Class IoU of the Brasicaceae family using KPS and Brasicaceae

model

most of the species that each UKPS model can see in the corresponding
family has a slightly higher IoU than the baseline, and what is important is
that the UKPS model can identify unknown species well. And the baseline
can theoretically identify unknown pollen types, but experiments show
that it fails. 4.1 presents the IoU of background and unknown category
on the whole 18 absolutely unknown species. The results show that our
proposed UKPS can segment unknown pollen types well, compared with

the baseline.

4.5 Conclusion

With the wide application of deep learning in computer vision, automatic
pollen segmentation becomes realistic. However, annotating pollen grain
images is a very time-consuming task, especially when dealing with pollen
mixtures. Moreover, the dataset collected can not include all pollen species,
and there is some bias between the training set and that in the real applica-
tion. In this chapter, we propose to train a universal pollen segmentation
model using a small set of data that can be annotated at reasonable cost.
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This model is then used to automatically annotate a large dataset of im-
ages that have the particularity to include a single pollen species. Hence,
the pollen segmentation mask actually provides a pollen species segmen-
tation, which can be used to train a pollen species segmentation model.
The UKPS can successfully assign pollen species unseen by the model into
unknown class rather than known classes. The resulting model is shown
to provide accurate segmentation of species, including in pollen mixtures.
Our experiments also demonstrate that dedicating a model to the segmen-
tation of a subset of the pure pollen species available at training makes it
possible to train a bin pollen class, dedicated to all pollen classes (includ-
ing the one unavailable at training) that are not part of the model-specific
subset of species.
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Chapter 5

Graph-cut-assisted CNN
training for pulmonary
embolism segmentation

We present a novel algorithm for pulmonary embolism segmentation, de-
signed to alleviate the need for expert annotation. Our approach integrates
deep learning with a conventional image segmentation techniques, oper-
ating in two distinct stages. Specifically, graph cut is used for initial seg-
mentation, followed by manual refinement, to define the labels required
to train a CNN. This CNN is then employed to generate pseudo-labels on
a large dataset, enabling the training of an improved CNN*. Our find-
ings demonstrate enhanced performance of CNN* over CNN. Overall, the
CNN* builds on a very limited amount of manual intervention. Moreover,
the injection of expert knowledge in the graph-cut avoids the need for ex-
pert knowledge in this manual intervention.

5.1 Introduction

Pulmonary embolism (PE) typically results from the obstruction of a pul-
monary artery by a blood clot. These thrombi originate from deep veins in
the lower extremities, dislodging and traversing through the bloodstream
to occlude the pulmonary arteries. PE is the third most common cardio-
vascular condition, with its annual incidence rate showing an increasing
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trend. Timely diagnosis and intervention play pivotal roles in mitigating
morbidity associated with PE.

Computed tomography pulmonary angiography (CTPA) is widely used
in the diagnosis of PE[HLGR10]. However, each patient’s CTPA typically
comprises numerous images, rendering the manual review process by
physicians laborious and susceptible to errors. Automatic computer vi-
sion methods have thus been considered to segment PE. A PE binary seg-
mentation map identifies the scan voxels that correspond to arteries whose
oxygenation is affected by the presence of a clot. Early approaches have
implemented segmentation of blood vessels, followed by discrimination
between PEs and non-PEs based on features such as blood vessel inten-
sity and size[OOSB14]. Recently, [LYW22] introduced a 2D CNN model
for PE segmentation. However, the model’s training necessitates a sub-
stantial volume of annotated data. Collecting a representative set of data
is expensive in terms of human expertise, due to the diverse nature of PE
and its low contrast with surrounding tissues, thereby rendering the anno-
tation task particularly demanding. [PGR"23] proposed an automated PE
segmentation approach eliminating the need for manual outlining. How-
ever, this method involves manual labeling of the central extra-pulmonary
arteries and veins by experts.

In this chapter, we propose to rely on anatomical knowledge to generate
the PE annotations required to train a CNN. This is because PE is known to
appear as darker voxels in the pulmonary artery. Hence, once pulmonary
artery has been segmented, segmenting the PE becomes trivial, and even a
non-expert becomes able to correct the segmentation errors resulting from
simple intensity thresholding. In our work, the anatomical knowledge is
encoded in the form of a set of 3D scan positions where the vascular system
components are expected to be located. Those points are exploited to as-
sociate scores to each voxels, reflecting their likelihood to be part of one of
each anatomical part of interest. A graph-cut algorithm is then considered
to regularize those scores and assign anatomical labels to voxels. Optional
manual refinement of the extracted PE is envisioned before using a limited
number of (semi-)automatically extracted PE maps to train a CNN. The
trained model is then applied to automatically define pseudo-labels on a
larger, unlabeled dataset. These pseudo-labels are used to train a so-called
data-enriched CNN*, which appears to improve the initial CNN.
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5.2 Materials and methods

5.2.1 Dataset

The dataset utilized in this study originates from the RSNA /STR Pulmonary
Embolism Detection Challenge hosted on Kaggle[SWC*20]. It encompasses
7,279 CTPA scans, manually annotated, with 401 scans identified as con-
taining central PE. Among these 401 scans, 10 scans are kept as a test set,
and PE segmentation maps are manually delineated for each test sample.
The 391 remaining scans are considered to train a neural network, with
minimal manual annotation effort.

5.2.2 Label generator based on graph cuts

Pulmonary embolism typically presents with complex morphology and re-
gions in medical images. Traditional segmentation algorithms often strug-
gle to accurately capture its boundaries, particularly when the edges be-
tween the embolic area and surrounding tissues are blurred or have low
contrast. The graph cut algorithm [DOIB12] offers an elegant approach
to inject prior information to the image intensity values. By minimizing
an energy function that incorporates both prior information related to the
human anatomy and appearance consistency criterions for the regions-of-
interest, it can globally optimize the segmentation, reducing the risk of
local optima and producing smooth, accurate segmentation boundaries.

Drawing inspiration from the methodology outlined in [BDV]*16], we
employ graph-cut to segment the cava vena, aorta, pulmonary artery trunk,
and background in the chest CT scans. Following the anatomical segmen-
tation, a post-processing based on intensity thresholding is applied to fa-
cilitate PE candidate identification, which categorizes regions into two dis-
tinct classes: background and PE.

This procedure comprises five stages: (1) preprocessing to enhance the
quality of raw CT scans, (2) employing quickshift[VS08] to generate super-
pixels, followed by (3) estimating class scores for each superpixel by ag-
gregating data, considering intensities, and region characteristics, (4) con-
structing a graph based on the class scores to connect superpixels, then
employing graph cut with a-expansions to turn pixel scores into labels, (5)
finally, relying on pixel intensity to identify PE pixels among pulmonary
arteries. Some regions that contain PE are sometimes erroneously classi-
fied as background. Therefore, we identify high intensity background re-
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Figure 5.1: Outcomes of the procedure of label generator.(a,e)The knowl-
edge map( points on a 2D plane linked to spine(green), vena cava(yellow),
aorta(blue) and pulmonary artery(red)) is applied to the preprocessed re-
sult. (b,f) Quickshift result. (c,g) Graph-cut result(background in blue, pul-
monary arteries in red, vena cava in yellow, aorta in green). (d,h)Post pro-
cessed result(PE in cyan). (i)Manually refined result.

gions that are adjacent to regions labeled as pulmonary artery as PE. Since
the automatically generated PE maps are not always correct, they are man-
ually refined when needed.

The first stage comprises body and lung masking, and cropping proce-
dures designed to exclude extraneous information beyond the lung bound-
aries, followed by three intensity-based operations(windowing, histogram
equalization and Curvature Anisotropic Diffusion filter[ W' 98]) aimed at
enhancing image quality and diminishing noise. In the second stage, we
employ a superpixel approach to seamlessly cluster pixels into coherent re-
gions. This method enhances computational efficiency while ensuring ac-
curate boundary delineation. Within this study, we implement quickshift,
a cutting-edge technique, recognized for its capacity to rapidly perform hi-
erarchical segmentation across a spectrum of scales. Results are illustrated
in Figure 5.1

In the third stage, our approach entails computing class scores sequen-
tially, as follows:

sp = max(c(I,); max (Ker(p_a,k))) (5.1)

kEKspine

where s; is the score of background, I, is the intensity of the superpixel p,
Ker() is the Gaussian Kernel function measuring similarity, p_a is p’s co-
ordinates in the axial plane, the first term is the alpha-beta-sigmoid func-
tion [HMO1] of I, , scoring regions with lower intensities as background.
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5.2. Materials and methods

Background encompasses spine and other superpixels not linked to the
other three semantic categories. The second is obtained using the knowl-
edge map, a basic guide for anatomical segmentation, with points on a 2D
plane ( as is shown in Figure 5.1) linked to spine(green), vena cava(yellow),
aorta(blue) and pulmonary artery(red). And Ky represents the set of ref-
erence points in the knowledge map for the spine.

soc = Iy - Ker(p_a, VC) - w(zp) (5.2)

In equation 5.2, VC is the vena cava’s center in the axial plane. Its value at
the scan’s top is based on a predefined approximate position common to
any scan. Then, other slices update the vena cava along its vertical struc-
ture. And w(z,) is a weight used to decrease the score in vertical regions
where the vena cava is unlikely to be found. z, denotes the vertical com-
ponent of p

Saorta = Ip - w(zp) - max (Ker(p_a,k)) (5.3)
keKﬂO”ﬂ
In this equation, Kyt represents the set of reference points in the knowl-
edge map for the aorta.

The scoring function for pulmonary artery is defined as:

Spa =1, - w(zp) - (Iggz(Ker(p_a, k)) + InLung(p)) (5.4)
where InLung() provides a binary indication of whether the centroid of a
given superpixel p lies within the lung mask, this term is to identify smaller
pulmonary arteries distributed throughout the lungs.

Having obtained the score functions for each superpixel and anatomical-
semantic class, we proceed to the fourth stage. In this stage, we construct a
graph by connecting superpixels horizontally and vertically. Subsequently,
we define the weight function for the edges.

Following[BDV] ' 16], we define an energy function for graph-cut based
image segmentation:

E(f) =Y Dp(fp)+ X Wpa)A-dfpfy) (55)
pep (pa)eN
where p denotes the superpixel index, with p € {1, 2,. . . , n_superpix]}.
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Each superpixel p is assigned to a class f, €{background, pulmonary artery,
aorta, vena cava}. The distance Dy (f,) of a superpixel p to the class f, is
defined as 1 — s, (p). ¢ is the Kronecker delta, N includes all pairs of su-
perpixels (p,q) such that p is in P and q is a neighbor of p. W(p,q) defines
the energy penalty induced when assigning distinct labels to superpixel p
and its neighbor q.

The weight of a vertical edge(between adjacent slices), aiming to as-
sign higher weights to superpixels with larger intersections, is calculated
as following;:

n(intersect(p,q))

min{n(p),n(q)}

For the horizontal edge weight(within a slice), it is calculated based on the
semantic scores of each superpixel.

W(p,q) = (5.6)

1
W(p,q)=1- o) (5.7)
where M(p, q) is defined by:
M(p,q) = min (sp (k) = smo, (k) (5.8)

ke{p.q}

where « and j are parameters to fine-tune the model. My and M2; denote
the class with highest and second highest score for superpixel k, respec-
tively. Equation (8) induces a large M, and thus a small penalty which
does not discourage a border, only when both pixels have a high score
compared to the second best.

Then, we perform graph cut and identify PE. This is followed by man-
ual refinement of the obtained results.

5.2.3 Pseudo-label generator

After obtaining annotated data, we proceed to train a CNN model us-
ing supervised learning methods. This model will be utilized to gener-
ate pseudo-labels for a large amount of unlabeled data, which will then
be used for training CNN*. CNN* is trained on a large dataset(with 361
samples) with pseudo-labels.
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5.3. Experiment results

time(minutes) 20 40 80 | 120
foreground_iou | 0.31 | 0.33 | 0.40 | 0.42
CNN precision 0.48 | 0.50 | 0.53 | 0.57

sensitivity 0.47 | 0.50 | 0.61 | 0.63
foreground_iou | 0.32 | 0.37 | 0.42 | 0.44
CNN* precision 0.48 | 0.53 | 0.55 | 0.58
sensitivity 0.50 | 0.55 | 0.67 | 0.69

Table 5.1: Performance of CNN and CNN* under different manual refin-
ing time. Foreground IoU: Measures overlap between predicted and actual
areas, calculated as intersection over union (IoU). Precision: Measures ac-
curacy of positive predictions, computed as true positives divided by true
positives plus false positives. Sensitivity: Evaluates ability to identify pos-
itive samples, determined by true positives divided by true positives plus
false negatives.

5.3 Experiment results

We segment 10 scans from the dataset using graph cut and manually re-
fine the segmentation results, as shown in Figure 5.1 . The segmentation
process via graph cut is intuitively understandable for humans. It is based
on the minimization of a cost function that relies on easily interpretable
criteria, such as the similarity between neighboring pixels or the distance
to prior values. Therefore, this method introduces a form of transparency
in the training process, ensuring that the Al is guided by explicit rules that
are comprehensible to humans. The refined results are treated as the test
dataset. Subsequently, we manually refine a varying number of images
from 30 scans, using 20 minutes(5 scans), 40 minutes(10 scans), 80 min-
utes(20 scans), and 120 minutes(30 scans), respectively only the manually
refined scans are used as training sets for CNN. And CNN* is trained on
361 scans with pseudo labels generated by CNN.

The network architecture employed in this study is based on the clas-
sic U-net[RFB15a]. We utilizes Adam as the optimizer and Log-Cosh Dice
Loss[Jad20] as the loss function. The batch size is set to 16, and images are
resized to 256x256. During training, data augmentation techniques includ-
ing rotation, flipping, transposition, brightness, and contrast adjustments
are applied to enhance data diversity. The initial learning rate for CNN
training is set to 0.001, while for CNN* training, it is initialized to 0.00001
with exponential decay learning rate. All models are trained on Nvidia
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GeForce GTX 321 1080 Ti 11Gb GPUs

Table 5.1 displays the metrics of foreground IoU, precision, and sensi-
tivity on the test set for CNN and CNN* using different annotation time.
Foreground IoU indicates the degree of overlap between the predicted PE
and the actual PE. Precision denotes the proportion of pixels predicted as
PE that are genuinely PE pixels, while sensitivity reflects the ratio of all
true PE pixels that are accurately predicted.

From the experimental results, it is evident that the performance of
CNN* has been enhanced compared to CNN. The improvement in pre-
cision and sensitivity indicates a reduction in error rates in identifying PE,
thus enhancing the model’s ability to capture true targets.

5.4 Conclusion

In this chapter, a pulmonary embolism segmentation algorithm that re-
duces reliance on expert annotation is proposed. The method integrates
deep learning with traditional image segmentation and is conducted in
two steps. First, graph cuts are employed for preliminary segmentation,
followed by minimal manual correction to generate labels for training the
CNN. Then, the CNN leverages large-scale data to create pseudo-labels,
which are used for further training of an enhanced CNN model (CNN¥).
The results demonstrate that CNN* outperforms the original CNN. The in-
tegration of graph cuts with deep learning aims to provide transparency
and guarantees in decision-making by constraining and thus somehow ex-
plaining how and why an Al system arrives at certain conclusions. This
is particularly important in medical diagnosis, where explainability en-
hances trust and reliability by providing doctors with insights into the
model’s reasoning. This approach could potentially serve as a foundation
for a new direction in explainable Al, particularly through the injection of
domain-specific priors.
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Chapter 6

Conclusion

Convolutional neural networks (CNNs) have demonstrated remarkable
performance in semantic segmentation, typically relying on extensive la-
beled datasets. However, obtaining such data in practical applications
is challenging and entails significant human and time costs. This the-
sis explores methods for achieving semantic segmentation with limited
manual annotation, aiming to reduce the dependency on extensive labeled
datasets.

6.1 Main Results

Our work focuses on three primary approaches to mitigate the need for
manual labeling: utilizing pseudo-labels, leveraging single-class samples,
and employing graph-cut methods with prior information. Through a se-
ries of experiments and analyses, we have demonstrated the effectiveness
and practical applicability of these methods.

Chapter 3 addresses the challenge of training convolutional neural net-
works (CNNs) when labeled data is scarce. We propose a data augmenta-
tion approach that combines traditional machine learning and deep learn-
ing techniques. Our study focuses on two image segmentation scenarios,
representing simple and complex objects, respectively. By experimenting
with these two datasets, we examine strategies for collecting manual anno-
tations and transforming them into pseudo-label generators, as well as the
advantages provided by pseudo-labels. Our experiments reveal that in-
tegrating unlabeled data through pseudo-labels is a highly effective strat-
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egy for enhancing model performance. Furthermore, the inclusion of di-
verse pseudo-labels contributes significantly to the improvement of the
model’s accuracy and robustness. This chapter demonstrates that lever-
aging pseudo-labels and unlabeled data can greatly bolster CNN training,
especially in situations where labeled data is limited.

In Chapter 4, we explored how to train multi-class segmentation mod-
els using single-class images, with a focus on pollen segmentation as a case
study. Labeling pollen grain images is a highly time-consuming task, par-
ticularly when dealing with mixtures of different pollen species. Further-
more, the collected datasets cannot encompass all pollen species, and there
is a notable discrepancy between the training set and the data encountered
in real-world applications. Our approach leverages pure pollen species im-
ages to train a convolutional neural network (CNN) for the segmentation
of pollen mixtures. Specifically, we begin by training a general pollen seg-
mentation model using a small dataset that can be annotated at a reason-
able cost. This model is subsequently employed to automatically annotate
a large dataset comprising images of single pollen species. The resulting
segmentation masks provide detailed pollen species segmentation infor-
mation, which can then be used to train a specialized pollen species seg-
mentation model. The UKPS model demonstrates the capability to classify
previously unseen pollen species as unknown classes, rather than incor-
rectly assigning them to known classes. The final model exhibits high ac-
curacy in segmenting various pollen species, including those in pollen mix-
tures. Our experiments further indicate that a model tailored to segment a
subset of pure pollen species available during training can effectively train
an ‘other pollen class’. This class is designed to handle all pollen species
not included in the model’s specific subset, even those species not present
in the training data. In summary, this approach addresses the challenge of
high annotation costs while enhancing the model’s adaptability and accu-
racy in practical applications.

In Chapter 5, we propose a novel pulmonary embolism segmentation
algorithm aimed at reducing the reliance on expert annotation. Our ap-
proach integrates deep learning with traditional image segmentation tech-
niques in a two-stage process. Initially, we use graph cuts for prelim-
inary segmentation, followed by manual refinement to establish the la-
bels necessary for training a CNN. This CNN is subsequently employed
to generate pseudo-labels on a large dataset, which are used to train an
enhanced CNN¥*. Our results demonstrate that the enhanced CNN* signif-
icantly outperforms the initial CNN, achieving superior segmentation per-
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formance with minimal manual intervention. Additionally, incorporating
expert knowledge into the graph cuts phase minimizes the need for exten-
sive expert involvement in the manual refinement process. In summary,
this chapter highlights how our algorithm effectively leverages limited ex-
pert input to achieve high-quality segmentation, showcasing the potential
of combining traditional techniques with deep learning to enhance medical
image analysis.

Overall, our research demonstrates significant advancements in seman-
tic segmentation, offering practical solutions across various domains. These
methods not only reduce the dependency on extensive labeled datasets but
also minimize the associated human and time costs. By advancing the state
of semantic segmentation with minimal manual annotation, this work con-
tributes to the broader field of computer vision and opens new avenues for
efficient and effective data labeling techniques.

6.2 Future perspectives

With these exciting developments, we anticipate future advancements in
semantic segmentation and the broader applications of our proposed meth-
ods in challenging domains. The findings of this thesis provide a founda-
tion for ongoing research and innovation aimed at achieving high-performance
semantic segmentation with reduced reliance on extensive manual anno-
tations. However, several open questions merit further exploration.

Chapter 3 highlights unexpected yet fascinating observations. The ex-
periment suggests that utilizing pseudo-label training with diverse data
enhances model performance. However, it prompts the question: is diver-
sity universally beneficial? Under what circumstances does diversity no-
tably improve segmentation outcomes? A deeper understanding of these
nuances could refine segmentation methodologies.

In Chapter 4, while the proposed method demonstrates effectiveness
with relatively simple shapes like pollen, its suitability for more complex
shapes, such as plant leaves in natural environments where different species
coexist, remains unclear. Can the model be trained to accurately segment
mixed leaf images alongside pure leaf images? This area presents an in-
triguing challenge for future investigation.

In Chapter 5, efforts to reduce dependency on expert annotations in
pulmonary embolism segmentation by integrating prior knowledge with
the graph cut algorithm are commendable. Yet, the algorithm’s compu-
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tational complexity and sensitivity to parameter selection pose significant
challenges, particularly for large-scale images. Moving forward, devel-
oping a systematic approach to embed prior expert knowledge into mod-
els without relying on manually crafted definitions, such as graph cut, re-
mains a critical open problem.

Addressing these challenges will pave the way for advancements in se-
mantic segmentation, making these techniques more robust and applicable
across diverse and complex scenarios.
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