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Abstract

Deep learning has become an important approach in the research of plant
phenotyping. However, training a highly-performing deep learning model
generally requires a large amount of labeled data. These training data are
normally labeled by human annotators and the labeling process is expensive
and time-consuming. In plant phenotyping, precisely labeling the images
often needs professional knowledge, for example, knowing the species of
a plant or the appearance of an organ, disease or pest, which further in-
creases the costs of annotating the data. Hence, exploring effective training
methods that use less labeled data to achieve comparable performance can

significantly boost the development of deep learning in plant phenotyping.

In this thesis, three categories of approaches are explored, namely
active learning, semi-supervised learning, and weakly-supervised learning,
with a common purpose — reducing the dependence on labeled data. Novel
approaches of learning with fewer labels are proposed and evaluated on var-
ious plant-phenotyping-related and generic tasks. In addition to boosting
the performance of deep learning with fewer labels, the proposed methods
are adaptive or require fewer parameters, so that the effort of optimizing
the learning models is also reduced. These approaches are also evaluated

on other computer vision tasks to show their generality.

In particular, we perform flower classification to demonstrate that ac-



tive learning can reduce 30% training data without sacrificing much per-
formance. We perform semi-supervised aphid counting and crowd counting
using Mean Teacher and FixMatch, which are two milestones in semi-
supervised learning. Specifically, we improve the property and reduce
the hyper-parameters of Mean Teacher by using an adaptive consistency
weight. FixMatch is improved and adapted to heatmap regression using
Monte-Carlo Dropout and a novel data augmentation method — Shadowout.
Finally, a scenario combining semi and weakly-supervised learning — learn-
ing with incomplete pixel-level labels is explored on wheat spikelet local-
isation and crowd counting. We proposed to use a simple yet effective
method — an asymmetric loss function to learn well-performed models in

this scene.
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Chapter 1

Introduction



1.1. AIMS AND OBJECTIVES

1.1 Aims and Objectives

Improving the quality and yield of crops is one of the biggest challenges in
the 21st century due to a rapidly growing population and climate change.
Plant phenotyping, which explores the structure and function (i.e. the phe-
nome) of plants, is key to optimize the genome and growing environment
of plants and to fulfill the challenge. Computer vision and deep learning
have developed significantly in last decade, and have become important
tools in the research of plant phenotyping. Deep learning is particularly
powerful if a tremendous number of correctly-labeled data (e.g. images) is
available. However, labeling images costs a lot of time and money, espe-
cially in some professional areas such as plant phenotyping, where expert
knowledge of certain species, organs, pests or diseases is required, which

further exacerbates the difficulty of annotating the images.

In this thesis, we aim to reduce the efforts of labeling data by devel-
oping approaches of training deep learning models with fewer annotations.
These methods are related to active learning (which incrementally require
labels from oracles), semi-supervised learning (which utilize a small num-
ber of labeled data and a large amount of unlabeled data), and weakly-
supervised learning (which only requires easy to produce or incomplete
labels). In addition, we aim to develop fewer-hyper-parameter or adaptive

solutions to reduce the difficulty of optimizing the learning models.

1.2 Organization of the Thesis

This section summarizes the work and the structure of the thesis.

Chapter 2 reviews the background of convolutional neural net-



1.2. ORGANIZATION OF THE THESIS

works, vision-based plant phenotyping, and approaches of learning with
fewer labels, particularly in the fields of active learning, semi-supervised
learning, and weakly-supervised learning. Active learning reduces the num-
ber of labeled data by actively selecting the most informative samples and
inquiring their labels from an oracle (e.g. expert human annotator). Com-
pared to active learning, semi-supervised learning does not require extra
human annotation power; instead, it directly explores the unlabeled data
to improve the learning model. Rather than reducing the number of labels,
weakly-supervised learning attempts to learn a task with easy-to-produce

or noisy labels.

Chapter 3 evaluates multiple acquisition functions, which are key
to active learning, in flower classification. We consider flower classification
as a fundamental plant phenotyping task, where the visual traits of various
species are important. The successful application of active learning demon-
strates the possibility of training a model with fewer but more informative
samples, which is noteworthy to the plant community. This section leads

to a publication shown in Section 1.4 (3).

Chapter 4 evaluates a consistency-regularization-based semi-supervised
learning approach, Mean Teacher, on heatmap-regression-based crowd
counting and aphid counting. Mean Teacher forms the consistency between
the predictions of the student model and the teacher model on a pair of
slightly disturbed inputs. This consistency is implemented by optimizing
a weighted loss function, where the weight is often set to monotonically in-
crease assuming the teacher model becomes more and more reliable during
training. However, we find this assumption is generally true but the relia-
bility of teacher model fluctuates. Hence, an adaptive consistency weight
update method is proposed, which improves the performance and reduces

the hyper-parameters of Mean Teacher.
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Chapter 5 continues to examine semi-supervised heatmap-regression-
based crowd counting and aphid counting on a more recent and more gen-
eralizable method, FixMatch. FixMatch combines consistency regulariza-
tion with pseudo-labeling, proposing to use stronger data transformation
and to pseudo-label the unlabeled data with high-confidence predictions.
However, as FixMatch is originally proposed for classification tasks, its
strong data augmentation and way of selecting the confident predictions
are not appropriate for heatmap regression tasks. Hence, we propose a new
data transformation method, Shadowout, and to use Monte-Carlo Dropout
to pseudo-label the unlabeled data, which adapts and improves FixMatch
on heatmap regression tasks. This section leads to a manuscript being in

development, shown in Section 1.4 (1).

Chapter 6 explores a novel scenario — learning with per-image in-
complete annotations, on heatmap-regression-based crowd counting and
wheat spikelet localisation. In this scenario, pixel-level annotations (e.g.
point-annotations) are reduced (e.g. by 50%) in every training image. It
leads to a novel task in between semi-supervised learning and weakly-
supervised learning: on one hand, it requires fewer labels in total of a
dataset; on the other hand, it reduces the labeling complexity of every im-
age. This scenario attempts to boost a faster and less expensive annotating
paradigm in plant phenotyping, when many similar objects per image need
to be labeled by experts. An asymmetric loss function with only one hyper-
parameter is proposed to train the learning model in this task. This section

leads to a publication shown in Section 1.4 (2).

Chapter 7 first summarizes the thesis, and then introduces some future
work to further reduce the dependence on labeled data, and even towards
unsupervised learning, where some fundamental ideas have already been

explored during my PhD.
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1.3 Main Contributions

This section summarizes the major contributions of the thesis. The de-
tails of the contributions will be further explained and discussed in the

corresponding chapters.

In Chapter 3, we apply active learning with different acquisition
functions to flower classification. The experiments show that active
learning is able to reduce the labeling efforts without sacrificing much per-

formance in plant phenotyping.

In Chapter 4, we propose a fully-annotated aphid dataset. In ad-
dition, we propose an adaptive consistency weight update method
to Mean Teacher, which improves the property of semi-supervised learning

aphid counting and reduces the hyper-parameter-tuning efforts.

In Chapter 5, we propose MC-FixMatch, which integrates Monte-
Carlo Dropout with FixMatch, to adapt the originally-classification-
based FixMatch to heatmap regression. In addition, we propose a counting-
specific data augmentation, Shadowout. The proposed approaches
demonstrate better generalization abilities than Mean Teacher, as they
achieve satisfying performance of semi-supervised learning not only in aphid

counting, but also in the more generic crowd counting.

In Chapter 6, we propose to use the asymmetric mean square
error (AMSE) to address the scenario of per-image incomplete point-
annotations in heatmap regression. The experiments on wheat spikelet
localisation and crowd counting show that the proposed method is able to
counteract the reduction of point-annotations, both intentionally or unin-

tentionally.
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1.4 Publications

Papers published or drafted during my PhD are listed in reverse chrono-

logical order as below:

1. Feng Chen, Samuel Asamoah, Rumiana Ray, Andrew P. French,
Adapting FizMatch to Semi-supervised Aphid Counting, The British
Machine Vision Conference (BMVC), 2022 (manuscript in prepara-

tion)

2. Feng Chen, Michael Pound, Andrew P. French, Learning to Lo-
calise and Count with Incomplete Dot-annotations, Proceedings of
the IEEE/CVF International Conference on Computer Vision Work-

shops (ICCVW), 2021

3. Feng Chen, Andrew P. French, Tony Pridmore, Using Active Learn-
ing to Reduce Training Data in Deep-learning-based Flower Classifica-
tion, Proceedings of the IEEE/CVF Conference on Computer Vision

and Pattern Recognition Workshop (CVPRW), 2019

4. John Atanbori, Feng Chen, Andrew P. French, Tony Pridmore,
Towards Low-cost Image-based Plant Phenotyping Using Reduced-
parameter CNN, The British Machine Vision Conference Workshop
(BMVCW), 2018

5. Mario V. Giuffrida, Feng Chen, Hanno Scharr, and Sotirios A. Tsaf-
taris, Citizen Crowds and Fxperts: Observer Variability in Image-

based Plant Phenotyping, Plant Methods, 2018.
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2.1 Convolutional Neural Networks

2.1.1 Overview

Modern CNNs have been developed rapidly since the AlexNet [71] defeated
every other competitor in the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) [30, 118, 117, 31] in 2012. In the last decade, CNNs
achieved great performance in a lot of computer vision tasks such as image
classification [151], object detection [91] and semantic classification [76].
CNNs also demonstrated their effectiveness in many areas including medical
image analysis [90], autonomous driving [48] and agriculture [60]. With this
rapid development, the architectures of CNNs also “evolved” — a number of
generic models were created. For example, VGGNet [129] and GoogLeNet
(also known as Inception V1) [138] were the first two “deep” CNNs; ResNet
[52] introduced the residual block to mitigate the problem of vanishing
gradients and make even deeper networks possible. These generic models

are still playing an important role in today’s research and applications.

Below we introduce the basic components of CNNs, and how to train

and evaluate the performance of the CNNs.

2.1.2 Basic Components of the CNNs

A typical CNN is composed of convolutional layers, non-linear activation
functions, pooling layers, and sometimes fully-connected layers, which are

introduced below.

Convolutional layer extracts features by sliding multiple trainable ker-

nels (i.e. convolutional kernels) across the input (e.g. RGB images or fea-
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ture maps from last layer). This process is also known as convolution. The
convolutional kernel is usually fixed-size (e.g. 3 x 3-size) and much smaller
than the input. Therefore, the convolutional kernel can not only capture
local spatial relationships, which is very important to computer vision, but
also reduces the computation complexity — the number of pixels in images

or videos are often very large.

Non-linear activation functions are usually applied after the convolu-
tional layer to add non-linearity to the learning models. This non-linearity
enables the models to approach arbitrary functions, especially complex
non-linear functions, which are a common representation of things in real
life. For example, Rectified Linear Unit (ReLU) is a simple yet popular

activation function, which is denoted as:

f(z) = max(0, x), (2.1)

where x represents the pixel values of the feature maps extracted from the

last layer.

Pooling layers are usually applied after the combination of the convo-
lutional layer and the non-linear activation function, to “summarize” the
extracted features. Similar to the convolutional layer, the pooling layer
slides a fixed-size but non-trainable pooling kernel across the input. For
example, the max/average pooling kernel outputs the maximum //average
value within the area of its kernel size of the input. The pooling layer also
reduces the overall number of parameters of the CNNs by shrinking the

previous feature maps.

Fully-connected layers are usually used in the last few layers of CNNs

for final predictions (e.g. classification scores). Different from the convolu-
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tional layer which slides the convolutional kernels of small size across the
input, a fully-connected layer independently multiplies every pixel of the
input with different trainable weights. On the one hand, a fully-connected
layer can map the previously extracted features to the desired output; on
the other hand, it consumes massive computational power. To note, in
some scenarios such as semantic segmentation and heatmap regression,

where the prediction is image-like, a fully-connected layer is not necessary.

2.1.3 Training and Evaluating the CNNs

CNNs are built to mathematically solve different tasks, usually by pre-
dicting the expected outputs from the given inputs. The establishment of
the CNNs require three unique sub-datasets — the CNNs initially “learn”
(i.e. optimize the trainable parameters) from the training dataset and then
evaluated on the wvalidation dataset and the test dataset. Below the differ-
ence between these three datasets and some other important concepts of

training and evaluating the CNNs are introduced.

2.1.3.1 Training Stage

In supervised learning, each data pair from the training dataset consists of
the input (e.g. an image) and the corresponding labels (e.g. classification
labels) which are often provided by the human annotators. The CNNs are
trained to fit on these training pairs by minimizing one or multiple losses
between the model predictions and the true labels. These loss functions are
often task-specific, for example, cross entropy for classification and mean
squared error for regression. Besides, there are various options of optimiza-

tion approaches to update the trainable parameters of the CNNs towards

10
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the minimal values such as SGD, RMSprop and Adam [65]. To note, this
thesis mainly discusses different approaches to reduce the dependence on

the training labels.

The concepts of batch size, iteration and epoch are also introduced
here, which may appear in the remainder of the thesis. As the number of
the training samples are often quite large in practice, the training datasets
are split to batches and the models are trained to fit each batch one after
another. Batch size refers to the number of samples in each batch; iteration
refers to the number of batches that a model has been fit on; and epoch

refers to how many times a model has been fit on the entire training set.

In addition, some techniques are applied to the CNNs during training
for better performance. For example, dropout [134] randomly drops part of
the features (e.g. 50%) from some layers at each training iteration to reduce
overfitting; batch normalization [56] normalizes the features of some layers
at each batch to accelerate training. In most cases, dropout and batch

normalization should be turned off during evaluation.

2.1.3.2 Evaluation Stage

The trained CNNs are evaluated on the validation set and the test set. The
inputs from both datasets are labeled, and the trained models are expected
to predict the same as the labels from the associated inputs. In most cases,

the data from the training, validation and test sets are different.

The validation set is often used after every epoch or every N epoch of
training to evaluate the current model on the unseen data. The validation
set can provide information of when the best model is achieved, or when

to stop training, for example, at the point of the validation loss plateaus

11
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or increases while the training loss remains decreasing (i.e. overfitting).
Besides, some hyper-parameters of training a model like batch size and
learning rate of the optimizer are allowed to change based on the validation

results.

The test set should only be used once when the final model is ready
(i.e. any component or parameter of the model is optimized and fixed), to

imitate the scenarios of deploying the learning model in real life.

In summary, the data in both validation and test sets should never
be used to optimize the trainable parameters of the learning model, while
the validation set is allowed to refine some hyper-parameters (e.g. batch
size and learning rate) during training. However, in some cases, only the
validation set is used to evaluate the trained model without the test set. As
a result, the optimal model selected according to its validation performance

represents the theoretical best model to be deployed in real life.

2.2 Plant Phenotyping in Computer Vision

Plant phenotyping explores the observable traits of plants (e.g. shape and
color) which are highly related to the genotypes and growing conditions
(e.g. light, water and soil) of the plants; it plays an important role in
modern agriculture such as breeding and weeding. The arise of CNNs and
deep learning has drawn attention from the plant community in recent

years because of its efficiency [58, §].

Computer-vision-based plant phenotyping includes a wide range of
tasks, for example, species classification and recognition (e.g. flower clas-

sification [103, 105]), plant organ counting (e.g. leaf counting [44, 34, 43]

12
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and fruit counting [2, 10]), plant segmentation [128, 156], etc. The data
used in these tasks are generally divided by two types according to their
collected conditions — controlled environment and field data [98]. The data
gathered from controlled environment (e.g. lab and greenhouse) is usu-
ally less noisy with consistent background; the field data, however, is often
noisier, varying in illumination, camera angles, background, etc. Different
gathering devices are used in vision-based plant phenotyping, for instance,
hand-holding cameras [142, 64, 50, 55], cameras on unmanned aerial vehi-

cles (UAVs) [157] and ground vehicles [42, 9].

Although the community of vision-based plant phenotyping is growing

fast, a noticeable issue is lacking data, especially perfectly annotated data.

2.3 Motivation of Exploring Learning with

Fewer Labels

The breakthroughs of CNNs and deep learning in the last decade heav-
ily relied on supervised learning, where the pairs of input data and its
corresponding annotations are used to train the models. In the age of in-
formation explosion, it seems easy to collect data and the corresponding
labels, so do we really need to trap ourselves with limited labels? There are
three reasons that motivate us to explore effective learning methods with

fewer labels:

1. Annotating data is time-consuming and expensive, especially for large-

scale dataset.

2. In a lot of areas such as agriculture and medical image analysis, lack-

ing data and labels, or only having weak labels, are still very common.

13
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This can be caused by factors like shortage of area experts and low

budgets; sometimes the data itself is ambiguous for labeling, too.

3. Humans can naturally learn a concept or how to complete a task
with limited exemplars and ambiguous description. The exploration
of learning with few or weak labels dramatically boosts our under-
standing of how the algorithms, especially neural networks, interact
with the data, and thus promotes the human-like learning paradigm

to machine.

To summarize, learning with less annotations is important because it
not only attempts to solve the real scenarios of lacking labels and weak
annotations, but also enhances our understanding of neural networks and

may lead to a more human-like and efficient learning paradigm.

The following sections will introduce three domains that attempt to
train the well-performing models with less annotations, namely active learn-
ing, semi-supervised learning, and weakly-supervised learning. Different
approaches from these domains will be further explored in the rest of the

thesis.

2.4 Active Learning

Active learning is a method that attempts to utilize as little labeled data
as possible to train a model that can perform as well as possible [149].
The assumption behind active learning is that redundant information often
exists in the source of inputs. Specifically, active learning attempts to
identify the most valuable unlabeled data based on some rules, and queries

the labels of this data from an oracle (e.g. human annotator) so that the

14
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learner (e.g. a CNN model) can achieve the desired performance.

2.4.1 Categorization of Active Learning

In terms of the working scenarios, active learning can be categorized to

membership-query-synthesis, stream-based and pool-based active learning.

Membership-query-synthesis active learning queries labels from the en-
tire input space, including the synthetic data (e.g. transformed data)
[4, 5, 24]. However, the synthetic samples may only be recognizable for
the machine but human (e.g. a twisted hand-written number [75]), which
makes the membership-query-synthesis approaches unsuitable when using

human oracles.

Stream-based active learning decides whether to query labels for each
input independently (i.e. the unlabeled data is shown one by one) [28, 69],
which is generally good for devices of small memory (e.g. cellphones) and

real-time scenarios.

The main difference between the stream-based and the pool-based ac-
tive learning is that the former can only see one unlabeled sample at a
time while the latter can access the entire unlabeled dataset and queries
labels for arbitrary number of unlabeled samples [78], which is more suit-
able for devices of large memory. The working cycle of stream-based and

pool-based active learning is shown in Figure 2.1.

2.4.2 Querying Strategy

The querying rules shown in 2.1 are the keys of active learning because

they decide which unlabeled data is the most valuable to the learner.
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(unlabeled
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Labeled
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Labels
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Single data x

Continuous
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Discard x if not satisfying
the querying rules

Querying rules

Figure 2.1: Pool-based (black arrows) and stream-based (blue arrows) ac-
tive learning.

Informativeness-based and representativeness-based methods are two typ-
ical querying strategies, where the former aim to select the samples that
reduce as much uncertainty as possible to the learner, and the latter select

the samples that better represent the input distribution [171].

2.4.2.1 Informativeness-based Querying Strategy

Query by committee [122], support vector machine (SVM) [25] and uncer-
tainty sampling 78] are the well explored approaches among informativeness-

based strategies [73].

Query by committee takes advantage of the inconsistency of the pre-
dictions on the same data from multiple models of different parameters,

and queries the data that have the most inconsistent predictions.

Support-vector-machine-based methods query the data closest to the
linear decision boundary [68, 15] because these samples are the most am-

biguous.

Uncertainty sampling queries the unlabeled data that is most uncertain

to the learner by some acquisition functions, for example, max entropy
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[124], maz variation ratios [38] and min standard deviation [3, 61]. Multiple
acquisition functions on pool-based active learning will be evaluated in

Chapter 3.

As the informativeness-based approaches rely on the learning model
itself to select the most informative unlabeled samples, the labeled dataset,
which initializes the model, is important. A labeled dataset of small size
and bad quality may cause the model to choose the less useful unlabeled

data.

2.4.2.2 Representativeness-based Querying Strategy

Representativeness-based strategies, including density-based [39, 159] and
diversity-based [15, 159, 54] methods, aim to find the unlabeled samples

that well represent the input structure.

Density-based methods query data that occur in the high-density input
space because these instances well represent the input distribution; this way

of selecting instances naturally eliminates the impacts from the outliers.

A diversity-based strategy aims to select the most diverse sample which
can better describe the entire input space. However, the influences of out-
liers are not negligible and a misrepresented distribution can be produced
when using this approach. Therefore, diversity-based methods are often
combined with other querying techniques. For example, one can integrate
support vector machine with diversity to query the unlabeled data that is
both close to the decision boundary and maximizing the diversity (e.g. Eu-
clidean distance) between itself and the last queried sample. The support
vector machine in this example reduces the risks of selecting the outliers

and misleading the learning model.
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The representativeness-based strategies often require a large unlabeled
dataset and a proper clustering approach to find the most representative

samples, which may lead to slow convergence.

2.5 Semi-supervised Learning

2.5.1 Introduction

Semi-supervised learning [18, 175, 173] aims to utilize a dataset with a
smaller labeled subset and a larger unlabeled subset to train a well-performing
model. Different from active learning, semi-supervised learning directly
explores the unlabeled data without querying the labels from the human

annotators to approach the true distribution of the inputs.

Semi-supervised learning can be divided into inductive and transduc-
tive approaches [18, 175, 176]. The difference between them is that the
former attempts to learn a classifier or a regressor to fit the distribution
of the inputs, while the latter directly explores the relationship from the

observed data points.

2.5.2 Inductive Methods

Inductive semi-supervised learning prospers in the era of deep learning with
the appearance of more and more powerful CNNs and generative adversar-
ial nets (GANs) [46]. Inductive semi-supervised learning can further be
categorized into generative models, pseudo-label methods and consistency-

reqularization approaches [171, 125, 143].

We will evaluate consistency regularization in Chapter 4 and an ap-
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proach combining consistency regularization with pseudo-labeling in Chap-

ter 5.

2.5.2.1 Generative Models

In semi-supervised learning, generative models explicitly model the gen-
erating process of data points from both labeled and unlabeled samples,
which mainly consist of mixture models, generative adversarial networks,

and variational autoencoders [144].

Mixture models are powerful when the prior knowledge of the data
distribution p(z|y) is known. For example, assuming p(x|y) a mixture of
Gaussian distributions so its parameters can be estimated using expecta-
tion maximization (EM) [29] with the observed data points. When p(z|y)
(estimation of p(z|y)) is obtained, one can assign a label ¢ to an unlabeled
sample x that maximizes p(z|y)p(y = ¢). However, it is rare to possess the
correct assumption of the data distribution in advance, so applying mixture

models in real life is difficult.

A wariational autoencoder (VAE) [67] usually consists of an encoder
that encodes original inputs into latent variables and a decoder that at-
tempts to recover the original inputs from the latent variables. In semi-
supervised learning, a classifier can be added to the encoding stage to pre-
dict labels on the unlabeled data. The latent variables generated from the
encoder are then augmented with the predicted labels (on unlabeled data)
and the true labels (from labeled data) before forwarding to the decoder
[66]. The classifier is expected to correctly classify the unlabeled data when

the VAE is properly trained.

A generative adversarial networks (GAN) [47] simultaneously trains a
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generator to generate samples that are hard to differ from real data and
a discriminator to distinguish between real and fake (i.e. generated) data.
In most cases, the discriminator of a GAN is a binary classifier to clas-
sify inputs into real or fake, but they can also be altered to incorporate
true classes of those inputs and hence to predict labels on unlabeled data.
For example, Springenberg [133] constructs the discriminator to have N
outputs, where N represents the number of possible categories of the in-
puts. While classifying the inputs, the discriminator reserves the ability to
distinguish from real or generated data by calculating the entropy on the
predictions — the entropy should be low, which means that the predicted
class is certain, for real data, and it should be the contrary for generated
data. In addition, one can also construct a GAN with two discrimina-
tors to classify the inputs and distinguish between real and generated data

separately, which is known as a triple adversarial network [79].

2.5.2.2 Pseudo-label Method

Pseudo-label methods essentially utilize the learning model to label the
unlabeled data. The pseudo-labels can either be the model predictions
themselves or transferred from the model predictions, for example, in clas-
sification, one can transfer the predictions of categorical probabilities to
one-hot pseudo-labels. Pseudo-label approaches include self-training and
co-training, where the former pseudo-labels the unlabeled data by the learn-

ing model itself, while the latter uses multiple models.

Self-training approaches first train the learning model with the labeled
data. The trained model then is used to predict on the unlabeled data;
those predictions satisfying some criteria (e.g. low uncertainty [116, 154]

and high confidence [177]) are transferred to pseudo-labels and added to the
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labeled set to train the learning model again. This procedure will repeat
until the model satisfies the expected performance or all the unlabeled data

is pseudo-labeled.

Self-training can be easily applied to the training of most learning mod-
els. However, the single model may produce incorrect pseudo-labels, for
example, when the predicted confidence is high according to the model but
the prediction is actually wrong, which may mislead the model. Moreover,
this incorrect pseudo-labeling and misleading prediction can accumulate

errors, because the single model cannot correct itself.

Co-training refers to the methods that utilize two or more models to
pseudo-label the unlabeled data [14, 153, 102]. For instance, in a dual-
model scenario, models A and B are first trained on different labeled sub-
sets. Same as self-training, the two models only pseudo-label the unlabeled
samples whose predictions are high-confidence, but they add the pseudo-
labels to the other model’s labeled set. In the scenario of three models, aka
tri-training [172, 49, 112], models A, B and C are trained on three different
labeled subsets. The pseudo-labels that are consistently predicted by the

other two models will be added to the remaining model’s labeled set.

The core of co-training is to explore the disagreement among models’
predictions, so the diversity within the data and models is crucial. Training
on multi-view data offers a natural way to boost the diversity [174, 139, 84]
from data. Multi-view data uses different aspects to describe the same
objects, such as such as texture and color features, or front views, left
views and top views. Hence, the models in co-training or tri-training can
be trained on different views of the same samples to boost the distinction.
Although multi-view data do not naturally exist in many scenarios, some

research shows that the multi-view instances can be generated from the
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single-view data [168, 137].

To promote the diversity with respect to the models, one can apply dif-
ferent hyper-parameters [152] or using a combination of various algorithms

[158].

2.5.2.3 Consistency Regularization

Consistency reqularization [135, 1, 36] explores two important assumptions
of data distribution in semi-supervised learning — the low-density assump-
tion and the smoothness assumption. The former assumes that the decision
boundary should lie on the low-density region in the input space. The lat-
ter assumes if two instances are close to each other in the input space, their

labels should be the same or similar.

Semi-supervised support vector machines (S3VMs) [145, 59, 20, 86]
are one of the earliest, most famous methods that explores low-density
separations. S3VMs aim to to find the decision boundaries crossing the
low-density area that can still correctly classify the data. The research
of S3VM largely focuses on developing optimization approaches [12, 59,
19] to identify the proper boundaries. However, the generalization ability
of S3VMs may decrease when multiple distinct classification boundaries
satisfying both the low-density assumption, and correctly classifying the

data, are found.

Teacher-student structures explore the smoothness assumption — the
model predictions of an instance and its perturbed counterpart should be
consistent. In practice, the object of teacher-student models is to mini-
mize the difference between the predictions of the original input and its

perturbed version by using some cost functions such as mean square error
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Figure 2.2: M-model (top) and Temporal Ensembling (bottom). Image
source: [74].

(MSE), cross-entropy, or Kullback-Leibler (KL) divergence. The M-model
[74], the Temporal Ensembling [74], and the Mean Teacher [140] are the

representative teacher-student models.

The M-model first applies the stochastic noise to the data to create
two disturbed samples for every input. Besides, dropout [134] is applied
to the learning model to make every prediction slightly different. For both
labeled and unlabeled data, the M-model forces the learning model to pre-
dict consistently on the disturbed versions of the same input, by applying
a consistency loss (e.g. MSE or KL divergence) to the predictions. For
the labeled data only, a supervision loss (e.g. cross-entropy) between the
predictions and the labels is also calculated. The final loss is a combination
of the supervision loss and the weighted consistency loss. In practice, the
weight of the consistency loss ramps up (e.g. by a sigmoid function) dur-
ing training, because the learning model is assumed to become increasingly

reliable. Figure 2.2 (top) shows the structure of the M-model.

The M-model illustrates a standard paradigm of the teacher-student
methods; that is, using the teacher model to supervise the student model,
although only one model plays both roles in the M-model. However, when

the labeled set is small, the learning model may be unreliable, especially at
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the early training stages, and hence keeps predicting contradictory labels
on the unlabeled data in different training epochs, which further worsens

the property of the model.

A natural improvement on the M-model is to use ensembling on the
model predictions: (1) at every training epoch, ensemble the predictions
on the same inputs using the dropout model; (2) use historical ensembles
across the predictions from different training epochs. The former requires
to forward the same inputs multiple times to obtain the prediction ensem-
bles (e.g. by averaging all the predictions), which costs much computational
power and time. The latter requires to store the historical predictions and
hence increases memory requirements. The Temporal Ensembling (Fig-
ure 2.2 bottom) upgrades the M-model by using the historical ensemble of
predictions. Instead of saving all the previous predictions, the Temporal
Ensembling updates the teacher’s predictions using exponential moving av-
erage, which costs much less memory. The Temporal Ensembling stablizes
the training and boosts the performance of semi-supervised learning by us-
ing the historically-ensembled predictions to supervise the learning model.
However, the prediction to each input can only be updated once in every
training epoch, which is slow considering the learning model is optimized

more frequently (i.e. at every training iteration).

Rather than ensembling the model outputs, the Mean Teacher explic-
itly creates a teacher model, which is the historical ensemble (i.e. using
exponential moving average) of the student model, to supervise the stu-
dent model. Thus, the teacher model can be updated at every training
iteration after optimizing the student model. To note, in the M-model and
the Temporal Ensembling, the student model and the teacher model are
actually sampled (i.e. using dropout) from the same model trained with

the supervision loss and the consistency loss, but in the Mean Teacher,
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the student model is optimized by the losses before updating the distinct
teacher model. In addition, the Mean Teacher applies random translations
and horizontal flips to the input data, instead of Gaussian noise. More

details of Mean Teacher will be discussed and evaluated in Chapter 4.

2.5.3 Transductive Methods

Different approaches of inductive semi-supervised learning are introduced
above, which all train the learning models on both the labeled and the
unlabeled data to fit the data distribution. On the other hand, the trans-
ductive methods directly look for the relationship between all the labeled

and unlabeled data points.

Graph-based methods [136] are the most popular in transductive semi-
supervised learning. Graph-based methods explore another important as-
sumption of data distribution, the manifold assumption, which assumes
that the input space consists of multiple low-dimensional manifolds and
the data points from the same manifold should have the same label (the

smoothness and the low-density assumption are introduced in Section 2.5.2.3).

Graph-based methods construct a graph where the nodes represent the
observed data points and the edges represent the similarity [13] between
different nodes, so the labels (from the labeled data) can be propagated (to

the unlabeled data) with respect to the edges.

There are two major issues in the graph-based methods. The first
problem is that the graph is fixed after construction, and so is the la-
bel propagation. Hence, the construction of the graph significantly af-
fects the performance [164, 147, 53]; for example, if there are only few

data points or the observed instances are unable to represent the input
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space, the produced results will be poor. The second downside is that it is
computationally-expensive to construct an adequate graph; the necessity
of building a new graph when observing new data points even worsens the

problem of computational power and storage.

2.6 Weakly-supervised Learning

2.6.1 Introduction

As its name implies, weakly-supervised learning refers to the methods that
enable the models to learn with weak supervision. Weak supervision can be
categorized into coarse-grained and inaccurate supervision, where the for-
mer indicates learning a finer task (e.g. image segmentation) with coarser
labels (e.g. image-level classification labels), and the latter refers to learn-
ing with inaccurate annotations. These two classes can also appear simul-

taneously in real applications.

In a broad sense of the word, active learning and semi-supervised learn-
ing can also be categorized as weakly-supervised learning (according to
[171]) because they use incomplete supervision per dataset, that is, the
datasets are not fully labeled. However, here weakly-supervised learning
is introduced independently because recently it often represents learning

with coarse-grained or inaccurate labels.

We will examine a scenario that contains incomplete pixel-level labels
per image in Chapter 6, which is a combination of semi-supervised learning
(i.e. incomplete labels) and weakly-supervised learning (i.e. inaccurate

labels).
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2.6.2 Coarse-grained Supervision

Coarse-grained supervision means the model is trained on the coarser la-
bels to perform a finer task, for example, learning to perform semantic
segmentation, which usually requires pixel-level annotations, with image-
level annotations like classification labels. Class activation mapping is a

widely used technique in coarse-grained supervision.

Class activation mapping (CAM) [170] is used to highlight the areas
on the input images that a trained classification model focuses on with
respect to a given category. These areas produce visual clues, such as
contours and locations of the objects, using only the image-level labels, so
they are naturally suitable for weakly-supervised learning. Class activation

mapping is widely used as a visualization tool in deep learning as well.

Figure 2.3 shows how to generate the class activation maps from a clas-
sification model in [170]. The authors replace the original fully-connected
layers before the output layer in the classification model with the global
average pooling (GAP) [88] layers. Therefore, every feature map generated
from the last convolutional layer is averaged to a single value and passed to
the output layer (i.e. a fully-connected layer) to generate the class scores
using softmax. Once the modified classification model is trained, one can
directly calculate a weighted sum of the feature maps from the last con-
volutional layer using the weights of the output layer (i.e. wy,ws, ..., w,
in Figure 2.3) with respect to a certain category (e.g. Australian terrier
in Figure 2.3). This weighted sum of the feature maps is hence called the
class activation map, and it can be upsampled to the same size of the input
to identify the regions where the model pays more attention with respect

to the given class.
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activation map. Image source: [170].
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One can train such a model with class labels and use the generated class
activation maps to help perform object localization and segmentation of a
certain class. However, as the use of global average pooling is compulsory
in this kind of class activation mapping, many models need to alter their
original structure before generating the class activation maps, which is not

ideal, especially for pre-trained models.

Gradient-weighted Class Activation Mapping (Grad-CAM) [121] pro-
posed to compute the weights of the feature maps using global average of
gradients so the global average pooling is no longer necessary. Grad-CAM
can also generate the class activation maps from shallower layers rather
than only the last convolutional layer; this helps to promote the preci-
sion of localization because the shallower feature maps often reserve better
spatial information, while the deeper ones involve more semantic informa-
tion and may not be able to form a precise spatial representation due to

downsampling.

Further CAM-related work was proposed constantly, for example, Grad-
CAM++ [21] improves the performance of localizing multiple objects from

the same class. There are also gradient-free approaches which consider the
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gradients to be noisy and easy to saturate, such as Score-CAM [148] and
Ablation-CAM [113].

Besides class activation mapping, there are other methods attempt-
ing to address coarse-grained supervision. For example, in crowd counting,
every human head in each image needed to be point-annotated before train-
ing a model, which can result in hundreds of clicks per image. However,
in coarse-grained supervised crowd counting, only the numbers of counts
(i.e. image-level labels) are provided. To achieve coarse-grained supervised
crowd counting, Liu et al. [93] first pre-train a model on a large unla-
beled dataset to rank the counts of an image and its sub-images, which
is feasible because the counts of the sub-images are guaranteed to be the
same or fewer than the counts of the original image; the pre-trained weights
are then optimized on a small, weakly-labeled set to further improve the
performance. Yang et al. [162] train a crowd counting model using weak la-
bels by adding a sorting branch that sorts the numbers of counts between
different images. Bellocchio et al. [11] performs weakly supervised fruit
counting by constructing a multi-branch CNN that simultaneously counts
the fruits in an image and its sub-images, and then force the consistency
between the count from the whole image and the sum of the counts from

the sub-images.

2.6.3 Inaccurate Supervision

Inaccurate supervision stands for the scenarios where the model is trained
on the labels that are not always correct. These scenarios can be caused
by fatigue and negligence of the human annotators which is a common

problem in crowdsourcing [163, 146].
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Since the release of the ImageNet dataset [30], crowdsourcing has be-
come a popular method of labeling data for developing deep learning algo-
rithms. In crowdsourcing, the annotating jobs are outsourced to people who
have been trained for a relatively short time for the given labeling tasks.
These people are normally non-experts in the corresponding areas and paid
with reasonable prices. The users of crowdsourcing can easily access the
platforms like Amazon Mechanical Turk (MTurk) [26] and hire some an-
notators to label the data, which is a fast and cost-controllable method to
obtain labels, especially for the datasets of large scale. The quality of the
acquired annotations, however, is not always as desired [131], because the
annotators are non-experts, and sometimes it is also difficult to supervise

them.

To reduce noisy labels, one way is to take advantage of the ensemble
methods. This can either be asking multiple annotators to label the same
instances [126], or training multiple models [160] on the instance-label pairs,
and then use some statistical strategies like majority voting or averaging

across the obtained labels or predictions to get their less noisy counterparts.

Another way of decreasing label noise is based on the observation that
the noisy level is correlated to the difficulty of the task and the charac-
teristics of the annotators. Thus, the confidence of each obtained labels
can be estimated from the mentioned factors using some prior information
(e.g. specialties of the annotators) and algorithms (e.g. expectation maxi-
mization [114]). Recent research also finds that deep neural networks can
tolerate label noise to some extent [166]. In addition, a proper instruction
or training for the annotators may be the most effective way to improve

the quality of the acquired labels [169, 33, 123].
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2.7 Summary

In this chapter, convolutional neural networks, including their key com-
ponents and how to properly train and evaluate them, and vision-based
plant phenotyping are reviewed. Following that, three different methods
that enable learning models to be trained with fewer or easier labels are

introduced:

e active learning begins with a small number of labeled samples and
gradually queries labels of the most informative or representative un-
labeled samples from oracles (e.g. human annotators) using some

querying functions until reaching a given number of training epochs;

e semi-supervised learning learns the data distribution directly from
a small labeled set and a large unlabeled set by using generative mod-

els, consistency regularization, and pseudo labeling;

o weakly-supervised learning utilizes coarser-grained labels to su-
pervise finer-grained tasks, or inaccurate (e.g. noisy) labels to train

models.

The goal of this thesis is to reduce the labeling expenses and efforts
on plant phenotyping and potentially on other computer vision tasks, and
hence the three methods mentioned above will be explored progressively in

the following chapters.

In particular, we start from exploring different acquisition functions
of active learning (introduced in Section 2.4.2.1) on flower classification to
train the models with less labeled data in Chapter 3. Afterwards, we ex-
plore consistency regularization (introduced in Section 2.5.2.3) and pseudo-

labeling (introduced in Section 2.5.2.2) of semi-supervised aphid counting
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and crowd counting in Chapter 4 and 5, which also requires fewer training
images but does not need the oracles. Finally, we explore learning with
fewer pixel-level labels per image on wheat spikelet localisation and crowd
counting in Chapter 6, which reduces the number of labels in every train-
ing image; it can also be deemed as inaccurate supervision (introduced in

Section 2.6.3).
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3.1 Introduction

This chapter has led to a publication at the Workshop of Computer Vision
Problems in Plant Phenotyping (CVPPP) in the Conference on Computer
Vision and Pattern Recognition (CVPR) 2019 (Section 1.4 3).

The quality and quantity of labeled data are both important for super-
vised learning, but labeling data is time-consuming and expensive, espe-
cially in the areas that require professional knowledge, for example, plant
phenotyping. On the other hand, some data may be more informative than
the others, which gives them priority to be labeled. Active learning utilizes
this property to actively identify and label the most informative data in
each acquiring loop until the desired performance of a learner is achieved.
In other words, active learning reduces the total number of labeled data by

exploiting the training datasets more efficiently.

In this chapter, we apply active learning to flower classification to
reduce the demand of labeled data. Specifically, we evaluate different ac-
quisition functions, which are the key components of active learning, on

the VGG 17-category flower dataset [103, 104, 105, 106].

3.2 Active Learning

3.2.1 Pool-based Active Learning

As mentioned in Chapter 2, active learning can be categorized into membership-
query-synthesis, stream-based and pool-based methods. In this chapter,

the pool-based methods are explored because they are popular [115].
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Pool-based methods select the most representative samples from the
pool of unlabeled data and to query the information sources (e.g. human
annotators) for their annotations. A typical pool-based dataset is formed
by a small initial training set Di.q:n and a relatively large pooling set Do0
at the beginning, where the data in Dy, are labeled and the data in
D, are unlabeled. As the training proceeds, more samples (i.e. pooled
samples) are selected from the pooling set based on some rules imposed by
the acquisition functions, and added to the training set. A pooled sample
xP is defined as:

a(x, M), (3.1)

x? = argmaz,ep,,,

where a(z, M) is a function of z and the learning model M, which is also

called the acquisition function.

Algorithm 1 Pool-based active learning

Require:
The number of training iterations: N
The number of queried samples in each iteration: m
The initial training set: DY .
The initial pooling set: Dgool
The learning model at the initialization phase: M°
for k in range(1, N) do
Select m most informative samples from D
tion a(x, M*1)
Add the selected samples to the training set to form D ..
Delete the selected samples from the pooling set to form DF
Update M*~! to M* using the new training set D¥ .
end for

k-1

ool PY the acquisition func-

A typical pool-based active learning pipeline is illustrated in Figure 3.1,
which is also described in Algorithm 1. In practise, instead of fixing the
total number of iterations, one can also train the model until it converges
or satisfies some predefined criteria, for example, when the validation errors

are low enough.
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Figure 3.1: Active learning pipeline: the black arrows and the red arrows
respectively denote the paths of the training samples and pooling samples

3.2.2 Acquisition Functions

An acquisition function is the key component in active learning. As shown
in Equation 3.1, it is this that decides which sample should be queried
and hence affects the training speed and the final performance of the ac-
tive learning algorithm. In this chapter, four different acquisition strate-
gies, which attempt to acquire the most informative samples, are explored,
namely random selection, max entropy, max variation ratio and min stan-

dard deviation. These strategies are introduced below.

3.2.2.1 Random Selection

Random selection randomly selects new samples from the pool in each ac-

quisition iteration, which is used as a baseline in the following experiments.

3.2.2.2 Max Entropy

In information theory, entropy is a concept denoting the uncertainty; the

samples which are more uncertain to the learning models are considered
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more valuable for improving the property of the models. Therefore, max
entropy [124] selects the samples which maximize their predictive entropy.

The predictive entropy is defined as:
Hylxe, M) = — Zp(y = c|z, M) logp(y = c|lx, M), (3.2)

where € Dy, ¢ is a given class, and p(y = c|z, M) is the probability

that x belongs to class y predicted by model M.

Max entropy tends to query the samples with similar probability in
each class (i.e. high entropy) rather than those with a high probability to
one class (i.e. low entropy). For example, in a four-category classification
task, z with the predictive probabilities of [0.25 0.25 0.25 0.25] is likely to
be queried, while 2 with the predictive probabilities of [0.85 0.05 0.05 0.05]

is unlikely to be queried.

3.2.2.3 Max Variation Ratio

Mazx variation ratio attempts to maximize the variation ratio (VR, [38])

which is defined as:
VR(z) =1 — maxp(y|x, M), (3.3)
y

where © € D,o, and and p(y|z, M) is the probability that x belongs to

class y predicted by model M.

Instead of measuring the predictive entropy (like max entropy does),
the variation ratio uses the highest predictive probability to quantify the
information of the samples. For instance, in a four-category classification

task, x with the predictive probabilities of [0.4 0.2 0.2 0.2] is more likely
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to be queried than the one predicted with [0.7 0.1 0.1 0.1], due to the

difference between their highest probability.

3.2.2.4 Min Standard Deviation

The last acquisition function that is explored — min standard deviation
[3, 61] — selects the samples minimizing the standard deviation across their

predictive probabilities. This standard deviation (SD) is defined as:

SD(x) = \/ =S lply = e, M) — Blyle, M) (34)

where © € Dypo1, p(y = |z, M) is the probability that x belongs to class y
predicted by model M and p(y|z, M) is the average predictive probability

of sample x.

It calculates the standard deviation over all classes for each sample,
and hence considers the level of disagreement across all classes as a mea-
surement, which is similar to max entropy to some extent — the samples

evenly assigned to each class tend to be queried.

3.3 Active Learning on Flower Classification

In this section, we aim to demonstrate that active learning is capable of
reducing a large number of labeled images with a small cost of the perfor-
mance. We evaluate various acquisition functions on flower classification
(i.e. the VGG flower dataset) using different learning models (i.e. VGG-
16/-19-based). We consider flower classification as a form of plant phe-
notyping task where the visual traits of the flowers are key to distinguish

various species.
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daffodil snowdrop daisy

Figure 3.2: Examples of VGG 17-category flower dataset.

3.3.1 VGG Flower Dataset

The VGG flower dataset [103, 104, 105, 106] is proposed by the Visual
Geometry Group (VGG) at University of Oxford. The dataset contains
1,360 RGB images of flowers from 17 different categories (i.e. 80 images

per class). Figure 3.2 shows some examples from the dataset.

In the experiments below, the dataset is split to the training set con-
sisting of 952 images (70%), the validation set with 204 images (15%), and
the test set with 204 images (15%); all the subsets contain even number
of images from each flower category. For active learning, the training set
is further divided to an initial training set containing 68 images and the

pooling set with the remaining 884 training images.
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3.3.2 Implementation Details

We train a VGG-16-based and a VGG-19-based [129] model to perform
flower classification. Specifically, in each model, the fully-connected layers
and the output layer at the end of the original architecture are replaced
with a softmax layer; the remaining layers of the model are loaded with the
ImageNet pre-trained weights. We only fit the softmax layer to perform

classification while the other weights of the model are freezed.

We compare the performance of different acquisition functions, namely
random selection, max entropy, max variation ratio and min standard de-
viation using fewer images, as introduced in Section 3.2.2, with a model

trained using all the training data (i.e. 952 images).

The active learning pipeline is described in Figure 3.1 and Algorithm
1. In short, m images are selected from the pooled set D,,, and added to
the training set Dy,.q;n every epoch, based on the acquisition function, and
the model M is retrained by the new training set. Here we set m to 17 (i.e.
the number of categories) and the sizes of the initial Dy,.q;, and the initial
D00 are set to 68 and 952 as introduced above. All the active learning
models are trained for 35 epochs because the active learning models achieve
comparable performance in validation as the model trained by the complete
training set at this point. Hence, 17 x35 = 595 labeled images are gradually
added to the training set. Rank-1 and rank-5 accuracy are reported on the

test set, respectively.
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3.3.3 Results

3.3.3.1 Active Learning vs Training on the Complete Dataset

Figure 3.3 shows the test accuracy of training the VGG-16/19-based models
on the complete training set (952 images) without active learning, and on

the incomplete training set (68 + 595 images) using active learning.

As shown in Figure 3.3, random selection achieves the worst accuracy
in both models, although the performance difference between random selec-
tion and the others in rank-5 accuracy is small (because rank-5 accuracy is
a much looser metric). Max entropy, max variation ratio and min standard
deviation all achieve almost the same accuracy as training on the complete
dataset, with minor performance gap between each other, by using only

70% training data (i.e. 663 vs 952).

To summarize Figure 3.3, active learning with a proper acquisition
function (e.g. max entropy, max variation ratio or min standard devia-
tion) enables the model to learn flower classification with fewer but more

informative samples.

3.3.3.2 The Number of Queried Samples per Class

One may also be interested in which class of flower is most queried by the
acquisition function because this may indicate the difficulty of learning a
certain species and hence can aid to the data augmentation or class balance
strategy, for example, collecting more training images of the difficult-to-

classify category.

Figure 3.4 shows the average number (from 10 runs) of pooled images

per category at the end of training (i.e. when 595 images in total are
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Figure 3.3: Test accuracy of VGG-16 (top) and VGG-19 (bottom) with
different acquisition functions. Each graph reports the mean and standard
deviation of the rank-1 (left) and rank-5 (right) accuracy from 10 runs.
The “complete training set” indicates training the models on 952 images
without active learning, and the remainders are trained on 663 (68 initial
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+ 595 pooled) images using active learning.
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Figure 3.4: The average number (over 10 runs) of pooled images accumu-
lated per class during training the VGG-16-based model, using different
acquisition functions.

pooled) the VGG-16-based model, varying the acquisition functions. As
shown in Figure 3.4, random selection evenly queries different classes of
images as expected. The other acquisition functions, namely max entropy,
max variation ratio and min standard deviation, almost rank the categories
in the same order — except for min standard deviation (sub-figure (d)) ranks
Iris as 5th and Coltsfoot as 6th, while max entropy and (sub-figure (b))
and max variation ratio (sub-figure (c)) rank the opposite. This may also
explain why max entropy, max variation ratio and min standard deviation
achieve very similar accuracy. Some visual examples of the 6 most queried
categories, namely Crocus, Buttercup, Fritillary, Daffodilm, Coltsfoot and

Iris are shown in Figure 3.5 for reference.

In summary, the number of queried images per category indicates that
active learning is also able to give clues about what kind of images are more

valuable to the model, which may help develop better datasets to improve
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Coltsfoot Iris

Figure 3.5: Visual examples of 6 most queried flower categories, from left
to right, 1st to 6th.

the model’s performance.

3.4 Discussion

The effectiveness of active learning is shown in the previous experiments,
however, problems in active learning remain. For example, the queried
samples are selected based on the current model, but the model is not ac-
curate enough at the early steps. Although this issue can be mitigated by
introducing the pre-trained weights, it can still fail to select the most infor-
mative samples and lead to bad performance in some complicated tasks. In
practice, active learning may need a real-time system for label acquisition
to involve the human annotators during model training. It may also re-
quire some algorithms to recognize the expertise of the annotators to avoid

invalid labels.
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3.5 Conclusion

This chapter demonstrates how active learning can be applied to reduce
the labeling efforts. The experiments are conducted on flower classification
using the VGG flower dataset, which we consider as the first step towards
plant phenotyping. Different learning models and acquisition functions
are explored which demonstrate the effectiveness and robustness of active

learning.

The experimental results indicate that applying active learning can
significantly reduce the number of labeled data (e.g. by 30%) without
sacrificing performance. It also has the potential to guide data selection as
it can indicate the difficulty of learning a certain class. We expect active
learning should also be able to expand to other plant phenotyping tasks
than flower classification such as leaf counting and segmentation. Despite
the problems described in Section 3.4, active learning is worth promoting
in plant phenotyping, given the high price and limited availability of good

quality training sets in the area.
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Chapter 4

Semi-supervised Counting

with Adaptive Mean Teacher
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4.1 Introduction

As introduced and discussed in last chapter, active learning is able to re-
duce the demand of labeled samples by exploring the most informative data.
However, an oracle (e.g. human annotator) is necessary, which increases
the complexity and uncertainty of the active learning pipeline. In this and
the next chapter, semi-supervised learning, which also aims to leverage min-
imum labeled data to obtain maximum performance without any external
annotator involved, is explored instead. Here, we evaluate semi-supervised

learning on density-estimation (heatmap-regression) based counting,.

As discussed in Chapter 2, consistency reqularization is an important
concept in semi-supervised learning methods. Consistency regularization
assumes that a small perturbation on the same input and learning model
does not change the output. Thus, one can add some random noise to an
unlabeled sample and force the learning model to predict consistently on
these noisy inputs. In practice, researchers perturb the input with Gaussian
noise or other image transformation techniques, and perturb the learning
model with dropout, before applying a loss function to force the consistency
between the predictions on the perturbed counterparts. Mean Teacher [140]
is one of the most famous consistency-regularization methods, proposed in
2017. It builds a teacher model, which is the exponential moving average
(i.e. historical ensemble) of the learning model (i.e. student model), to
supervise the student model with the consistency loss. The details of Mean

Teacher will be introduced in Section 4.2.2.

The Mean Teacher approach assumes the teacher model to become
more reliable as training proceeds, so it ramps up the weight of the con-
sistency loss until a given epoch. This assumption is generally true but

in practice we find the improvement of the reliability of the teacher model
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is not monotonous — it can be affected by the difficulty of the input or
some bad historical models. Therefore, an adaptive consistency weight up-
date method is proposed here and evaluated on two separate tasks: aphid
counting - a plant pest phenotyping problem, and the more general and

well studied domain of crowd counting.

The proposed method evaluates a teacher model on the labeled training
data at every training iteration using some metrics (e.g. Mean Absolute
Error (MAE)), before converting this evaluation score to a consistency
weight. Although the evaluation is performed on the labeled data at each
batch, the result is able to estimate the reliability of the teacher model on
the unlabeled data as well. This is based on the assumption that a model
should perform similarly across data from the same distribution, i.e. in our

case the labeled and the unlabeled data.

A batch sampler, which guarantees sufficient labeled samples at each
batch to stabilize the training in semi-supervised learning, is also used in
the proposed adaptive weight update method to increase the reliability of
the evaluation. Experiments on aphid counting show the superiority and
convenience of the adaptive consistency weight update method in Mean

Teacher.

The contributions of this chapter are:

1. exploring the performance of Mean Teacher on heatmap-regression-
based counting tasks (i.e. aphid counting and crowd counting) rather
than on classification tasks where it is initially and more often dis-

cussed;

2. proposing and evaluating a new adaptive (hyper-parameter-free) con-

sistency weight update method based on the performance of the
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teacher model per iteration;

3. presenting a new plant phenotyping dataset — in each image, differ-
ent aphids are point-annotated at their location with an image-level

confidence label.

4.2 Related Work

4.2.1 Crowd Counting

4.2.1.1 Introduction

Among all the counting tasks, crowd counting may be the one that has been
explored most thoroughly because the images are commonplace, and usu-
ally include complex background and a large number of targets. The model
developed for crowd counting can be transferred to other counting tasks.
In general, crowd counting algorithms can be categorized into detection-

based, regression-based and density-estimation-based methods [96, 130].

Detection-based methods aim to detect all the humans existing in a
single image, and sum the number of detection boxes to obtain the hu-
man counts [81]. In early research, a combination of a feature classifier
(e.g. Support Vector Machine (SVM) [25] and Random Forest [41]) and a
sliding-window detector is deployed [35] to detect and count people. These
methods generally work well in low-density images and they can predict
the positions of the humans at the same time. In dense scenarios, however,
detection-based approaches may be inaccurate, especially in cases with
heavy occlusion. Some researchers propose to only detect part of the hu-

man body [89, 155, 37|, for example, just the head, to promote the detection
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precision in highly congested scenes. Recently, some deep-learning-based
detectors which have demonstrated superior performance in the generic ob-
ject detection tasks (e.g. Faster R-CNN [87]) are also applied to further

increase the detection accuracy for crowd counting.

To further address the occlusion issue, regression-based approaches
attempt to directly predict the number of counts. Early methods typi-
cally consist of a low-level feature extractor (e.g. texture feature extractor
[17], an area or perimeter feature extractor [16, 22, 120]) and a separate
regression backend (e.g. linear regression [109]). In recent literature for
deep-learning-based methods, directly regressing the number of counts is
formulated as a weakly-supervised learning task; for example, Yang et al.
[162] introduce an extra inter-image count sorting network to obtain more
counting-related features. Pre-training and transfer learning techniques
can also be adopted to boost the power of the feature extractor. A com-
mon problem in regression-based methods is that the spatial information
is not well represented. Besides, the supervision signal — only the count —
is sometimes insufficient, which makes it difficult to optimise the learning
model, especially in complex scenarios where a lot of ambiguous objects

appear (e.g. counting people on a street with many cars).

Density-estimation-based methods [77, 110] are often mentioned in
recent works. This approach aims to solve the crowd counting problem by
mapping the local features with the target density maps. A density map
is composed of many Gaussian blobs centered at every object (e.g. human
heads); the pixel values of each Gaussian blob sum to one. Therefore,
summing all the pixel values within a density map generates the final count
of the corresponding image. Density-estimation-based methods incorporate
the spatial relationship between the objects and also mitigates the problem

of heavy occlusion. In addition, compared to directly regressing the number
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of counts or the coordinates of objects, it is easier to learn a Gaussian
representation because it is a continuous distribution. The Gaussian blobs
are usually generated from the point-annotations on the targets; this may,
however, misrepresent the size of individual object because of camera angle
and perspective. To ease this problem, size-adaptive Gaussian kernels [167],
which calculate the distance between the point-annotations to adjust the

size of individual Gaussian kernel, and perspective maps are applied [127].

4.2.1.2 Congested Scene Recognition Network

Congested Scene Recognition Network (CSRNet [85]) is used in this chapter
as the base model for both aphid counting and crowd counting. It is a
density-estimation-based crowd counting approach proposed in 2018, which
consists of a pre-trained VGG-16 feature extractor (i.e. the first 13 layers
of VGG-16) and a dilated convolutional backend. The main contribution of
CSRNet is introducing dilated convolution to crowd counting for capturing

larger receptive fields.

In deep learning, the receptive field measures the size of the patch
(area) of the input which contributes to the output feature at any layer
[6]. For example, a convolutional kernel is usually considered to have a
limited receptive field as it only sees local features; on the contrary, a fully-
connected layer has the largest receptive field because it can access every
value of an input. A larger receptive field is important for crowd counting
because it covers various sizes of target and broader spatial relationship.
One may directly use larger or more convolutional kernels to increase the
receptive field. For example, Zhang et al. [167] proposes a multi-branch
CNN, varying the size of convolutional kernels at each branch, to predict

the crowd density maps. Ideally, crowd scenes of different congestion levels
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should be dealt with by different branches, but this dramatically increases
the number of parameters. [85] also shows that the multi-branch design is
inefficient because each branch learns almost identical features regardless

different congestion levels of the evaluated crowd images.

Adding more pooling layers can also improve the receptive field at
the cost of reducing resolution of the final output. Using up-sampling
operations such as transpose convolution and bi-linear interpolation along
with pooling layers can expand the receptive field while reserving the output
resolution, but again, the number of parameters increases and the details

of the input may be lost.

A 2-D dilated convolutional operation is defined as:

M—-1N-—

y(m,n) = Z Z x(m+r xi,n+rx jw(i,j), (4.1)

—_
—_

1=

<

where y and x represent the output and input respectively, w is a convolu-
tional kernel of size (M, N), and r is the dilation rate. Normal convolution
can be considered as a special case of dilated convolution, when r = 1. Fig-
ure 4.1 shows the an intuitive comparison of normal convolution (r = 1)
and dilated convolution, which indicates that the receptive field can be

expanded without increasing the number of parameters.

The architecture of CSRNet is shown in Figure 4.2. The original paper
of CSRNet [85] explores different dilation rates r at the backend while r = 2
is adopted in the following experiments because it is reported as the best

in [85].
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r=1 r=2 r=3

Figure 4.1: The example shows a 3 x 3 convolution kernel (green) with
different dilation rate r. With the same number of parameters, dilated
convolution (r > 1) captures larger region from the input than normal

convolution (r = 1).
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Figure 4.2: The architecture of CSRNet, which consists of a pre-trained
VGG-16 feature extractor frontend, a dilated convolution backend, and a
1x1 convolution output head. The normal convolution layers (yellow block)
are shown as “conv-(kernel size)-(number of kernels)” and the dilated con-
volution layers (green blocks) are denoted as “dconv-(kernel size)-(number
of kernels)-(dilation rate)”. Each convolution and dilated convolution layer

is followed by a ReLLU activation except the final 1 x 1 convolution output
layer.
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4.2.2 Mean Teacher

In the previous section we introduced CSRNet, which is used as the heatmap
regression model for crowd counting and aphid counting in this chapter.
To reduce the number of labels, saving annotation efforts, we apply a semi-

supervised learning scheme, Mean Teacher, to CSRNet.

Mean Teacher [140] is a representative example of a number of consistency-
regularization methods in semi-supervised learning. Consistency regular-
ization assumes that the model should predict consistently on the inputs
that are slightly perturbed from the same data. As shown in Figure 4.3,
Mean Teacher implements a consistency loss function to force the student

model # and the teacher model & to predict the same label on an input.

In practice, the student model and teacher model often share an iden-
tical architecture but differ from each other by applying some noise to each
model (n and 7" in Figure 4.3, for example, Dropout). The input to each
model is also varied by applying Gaussian noise or other data augmentation

techniques to create stronger regularization.

The consistency loss can be formed as a Mean Square Error (MSE)
between the predictions of the student model and the teacher model, which

is defined as:

J(O0) = Ep |12, 00') = F(,0,0)]] (4:2)

The MSE consistency loss essentially applies a larger penalty to larger
differences between the predictions from the student model and the teacher
model, to force both models to predict the same on the perturbed inputs.

Together with a supervision loss S(#) for the labeled data, the final loss of
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Figure 4.3: Structure of the Mean Teacher model. The weights of the
teacher model (") is an exponential moving average (EMA) of the student’s
weights (6). The models are applied with noise (n and 7’), respectively.
The aim is to force the student model to predict consistently as the teacher
model on the same input. Image source: [140].

Mean Teacher can be defined as:
L(0) = S(0) + \J(0), (4.3)

where A is a weight to balance the losses. For labeled data, both S(#) and
J(0) are updated, while for unlabeled data, S(€) is zero so only J(#) is
calculated. In the experiments of this chapter, both S(6) and J(0) are set

as MSE between heatmaps.

Only the student model 6 is optimized by back-propagating the final
loss L(#) and the teacher model ¢ is updated as an exponential moving
average (EMA) of 6 (hence why the method is called Mean Teacher), which
is defined as:

0, = ab,_;+ (1 —a)b, (4.4)

where t represents the index of iteration and « is a smoothing weight to
avoid the contribution of 6, (i.e. the current student model) becoming too

small.
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In fact, Mean Teacher is not the first model to use exponential moving
average in consistency regularization. As introduced in Section 2.5.2.3, an-
other consistency-regularization-based semi-supervised learning approach,
Temporal Ensembling [74] utilizes the EMA of the historical predictions
to supervise the learning model. However, Mean Teacher considers using
EMA on predictions is slow-paced, especially for large datasets, because
each prediction can only be updated once per training epoch. Also, it is
difficult to implement EMA on predictions for online training with a con-
tinuous data stream. Therefore, Mean Teacher updates the teacher model
as the EMA of the student model after every training iteration, to be more

up-to-date.

To note, the teacher model is a true historical average of the student
model until a preset upper bound of « is reached; « is fixed to the preset
upper-bound value during the rest of updates. This means that the con-
tribution from the student model at the current iteration to update the
teacher model is fixed after a certain number of iterations. In practice,
is set close to 1 (e.g. 0.99 or 0.999 [140]) to allow more intense updates to
the teacher model at earlier training stages (when the teacher model is not
reliable) and moderate update at the later training stage (when the teacher

model becomes stable).

In addition to the consistency weight A and the EMA decay term «, a
batch sampler and ramp-up function are often used for better performance.
A batch sampler samples a fixed portion of labeled data in each training
batch regardless of how much the labeled data account for in the entire
dataset, to make sure the model is capable of learning something confident

(i.e. labeled) in each training batch.

The teacher model is assumed to perform better at the later training
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Figure 4.4: An example of using the sigmoid ramp-up function on the
consistency weight. The consistency weight is increased from zero to its
final value A = 1 during the first 50 training epochs, and then remains fixed
during the rest of training.

epochs than at the early training epochs because it is a historical ensemble
of the student model. Therefore, a ramp-up function, which gradually
increases the consistency weight from zero (at the beginning of training)
to its final value A (at a preset number of training epoch), is used to fit
this assumption. A sigmoid ramp-up function is used in the following

experiments so the consistency weight is varied in different epochs as:

)H)A (4.5)

where e represents the current training epoch, and F is a hyper-parameter
representing the final ramp-up epoch when the consistency weight reach
the preset largest value \. Figure 4.4 shows an example of the sigmoid

ramp-up function [141].
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4.2.3 Limitations of the Ramp-up Function

As mentioned, the usage of a ramp-up function to update the consistency
weight by training epoch is based on the assumption that the later teacher
models are more reliable than the earlier ones. This is generally true but
the teacher model may not always improve. In fact, the performance of the
teacher model fluctuates during training. This is because the optimization
of the current student model is not always better than the previous ones,
which affects its historical ensemble (i.e. the teacher model). Besides,
searching for the best value of F can be tedious. Hence, in this chapter we

propose an adaptive consistency weight updating method, discussed below.

4.3 Method

4.3.1 Adaptive Consistency Weight

Different from the ramp-up function, which continuously increases the
consistency weight over training epochs, here an adaptive weight update
method, which is based on an estimation of the performance of the current

teacher model, is proposed.

As stated earlier, a batch sampler is often used in semi-supervised
learning approaches to maintain a fixed portion (e.g. 50%) of labeled data
in every training batch regardless of the percentage of labeled data across
the whole dataset. Here we propose to evaluate the performance of the
teacher model on the labeled training data in each batch, and then auto-
matically change the consistency weight based on this evaluation result. In
this chapter, we use mean absolute error (MAE) to evaluate the perfor-

mance of the teacher model because MAE is a common metric in count-
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ing tasks. The MAE is further developed to the batch-normalized MAE
(NMAE), which not only represents the average model performance over
a small group of images, but also can be simply transferred to a weight

within [0, 1]. Below we illustrate how to calculate the adaptive consistency

weight from the MAE.

Mean Absolute Error (MAE) is an important metric in counting tasks,

which is defined as:
N

1 N
MAE = N;m-m, (4.6)
where N denotes the number of images, Y; denotes the true count in image
i and Y; denotes the predicted count of the same image. Different from
the supervision and consistency loss functions, which are formed as MSE

between the heatmaps, here the adaptive consistency weight is developed

from the MAE between the numbers of counts because:

1. the goal is to assess the performance of the teacher model, where
calculating the MAE of counts (rather than the pixel errors) is a

common practise in counting tasks;

2. it is more convenient to transfer a count error (rather than an error

map) to an adjustable value — the adaptive consistency weight.

A normalized MAE is further defined as:

NMAE = MTAE, (4.7)

where Y = % Zfil Y; is the average number of the ground-truth counts

over N images. Hence, the normalized MAE is expressed as:

N ~

, 48
foilyﬁ'e )
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where € is a small value (e.g. 107®) to avoid division by zero, and NMAFE €
[0,00]. In addition, NMAFE > 1 (i.e. the error is even larger than the
average ground-truth count) indicates that the model is far below expecta-
tion. We further limit NMAE to [0, 1] when transferring it to a consistency

weight, which will be introduced later.

Different from the conventional MAE, the normalized MAE provides a
percentage error, which is better for comparing the model performance over
different groups of data varying the ground-truth counts. For example, if
we have two aphid counting datasets with the average aphid counts of 20
and 100 respectively, and we also have a trained model with the MAE of
5 and 10 respectively over the former and the latter datasets, it is difficult
to tell where the model performs better directly from the MAE. However,
the normalized MAE of the former dataset is % = 0.25 and % = 0.1,
indicating that the model is more precise over the second dataset. This
property of the normalized MAE is beneficial to continuously evaluating
the model over different batches of training data because the average count

of each batch may vary a lot, considering the batch size is often much

smaller than the size of the entire training set.

To note, in each training batch, the normalized MAE is only calculated
over the labeled data (because it can not be estimated on the unlabeled
data, which have no true counts) using the teacher model (denoted as
NMAE(t)). Hence the consistency weight A" is updated at every training
iteration as:

N = (1 — min(NMAE(#), 1), (4.9)

where A\ is a hyper-parameter indicating the maximum value of the con-
sistency weight. The former weighted term w = 1 — min(NMAE(t), 1)

increases as NM AFE(t) decreases (i.e. the teacher model is more reliable)

60



4.4. DATASETS

and vice versa; w € [0, 1].

A model is assumed to perform equally well or poorly on either the
labeled or unlabeled images because both of the labeled and unlabeled
data are sampled from the same distribution. As the teacher model is a
moving average of the student model, one may argue that the teacher model
is likely to fit the labeled data better because their supervision signals
are more accurate than the unlabeled ones. However, the evaluation on
the labeled training data can still place the upper-bound expectation of
the performance on the unlabeled data, especially when the percentage of

labeled data per batch is relatively large (e.g. 50%).

We now evaluate the performance of the adaptive consistency weight
on two complementary datasets: a novel aphid plant pest dataset, and a

more standard crowd counting dataset.

4.4 Datasets

4.4.1 Aphid Dataset

4.4.1.1 Initial Data with Multiple Resolutions

The aphid dataset is provided by School of Bioscience at University of
Nottingham including 199 images taken by smart phone with resolution
of 1800 x 4000 (41 images), 4000 x 1800 (44 images), 1816 x 4032 (1 im-
age), 4032 x 1816 (89 images) and 4032 x 3024 (24 images). The images
capture aphids and other insects on wheat plants, which are captured in
a glasshouse environment. Individual images can contain one single plant,

multiple plants, or parts of a plant; the insects can appear in different
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parts of the plant (e.g. wheat spikes and leaves); there are different types
of insects and insects in different stages of life (so they have different ap-
pearance and size); the photograph angles, lighting, distance between the
object and the camera, focus area, and background of the images also vary

dramatically. This is therefore a challenging dataset.

The images are annotated by myself using LabelMe [119]. Each image
is point-annotated at the centers of the aphids with wings, aphids with-
out wings, dead aphids, and other insects respectively; an image-level label
indicating the annotation difficulty (i.e. easy/middle/hard, which can be
affected by the size of the targets, the level of the occlusion of the targets,
the degree of blur of the image, etc, which may be related to the accuracy
of my annotations) of the wingless aphids (because they are the majority),
which can be affected by the factors like the level of occlusion and conges-
tion of the targets, is also provided per image. The annotating process took
17 hours 35 minutes (on average 5 minutes 18 seconds per image), produc-
ing 199 image-level labels and 15,778 point-annotations (in average 79.29
points per image). Some visual examples of each category are presented in

Figure 4.5. The average count per category is summarized in Table 4.1.

Table 4.1: Average counts of different categories per image in the original
(before cropped) aphid dataset

Category Average count
Aphids with wings 1.3
Aphids without wings 68.7
Dead aphids 8.98
Other insects 0.31
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dead aphids

other iﬁsects

aphids without wings

Figure 4.5: Examples of different classes of the original aphid dataset. We
crop the images to 1024 x 768 and train the model to count the aphids with
(blue box) + without (red box) wings together in this chapter (details are
described below).

4.4.1.2 Cropped Data with 1024 x 768 Resolution — Used in the

Experiments of this and next Chapter

The experiments of this and next chapter only attempt to count the aphids
with wings and without wings together (i.e. as a single category, they
will be referred to “aphids” below) because they are of more interest to
the plant scientists and they dominate the counts (shown in Table 4.1).
The annotations of dead aphids and other insects, and the image-level
confidence label will be used in future work.

Table 4.2: Statistics of the aphid dataset used in the following experiments.
Num is the number of images, Max, Min and Avg count represent the max-
imum, minimum and average number of aphids in the images respectively.

Resolution Num Max count Min count Avg count

Training  1024x768 939 104 0 21.8
Validation = 1024x768 255 118 0 20.9
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Ground-truth heatmaps

Count=30

Count=67

Count=42 *

Figure 4.6: Examples of the cropped aphid dataset. Original images are
shown at the top and the corresponding true heatmaps are presented at
the bottom. Each aphid count (shown at the corner of the heatmap) is the
sum of all the pixels of the corresponding heatmap.

In the experiments of this and next chapter, some images are discarded
because they have too much background visible; the remaining images are
first center-cropped at the target-dense area (e.g. on the wheat plant) and
then randomly cropped to 1024 x 768-resolution images to reduce memory
demand. This results in a training set with 939 images and a validation set
with 255 images of 1024 x 768 resolution. This cropped dataset is referred
to “aphid dataset” below. Table 4.2 summarizes the statistics of the aphid
dataset. For density-estimation based aphid counting, a Gaussian kernel
with 15 x 15-pixel size is applied to every target in each image to generate
the corresponding ground-truth heatmap; the heatmap is 8x downsampled
to 128 x 96 to save computation while preserving accuracy. Figure 4.6 shows

some images from the aphid dataset and the associated density maps.
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4.4.2 ShanghaiTech Crowd Dataset

ShanghaiTech [167] is a crowd counting dataset released in 2016 which con-
sists of 2 parts: Part_A is constructed mostly of images with a large number
of people and images in Part_B are relatively less crowded. Table 4.3 sum-
marizes the statistics of the ShanghaiTech crowd dataset. The images in
ShanghaiTech dataset are point-annotated on each human’s head and the
corresponding ground-truth heatmaps are also generated by applying Gaus-
sian kernels on them. Following the same settings as previous researchers
[167, 85, 92], a geometry-adaptive kernel (i.e. automatically adjusting the
Gaussian kernel size for each point annotation based on the distance to its
neighbour point annotations) is adopted to generate the density maps for
part A and a fixed kernel (15 x 15-pixel size) is used for part B. To note,
only part B is evaluated here as extended experiments to aphid counting.
Figure 4.7 shows some example images and the corresponding density maps

of ShanghaiTech part B.

Table 4.3: Statistics of the ShanghaiTech crowd dataset. Num is the num-
ber of images, Max, Min and Avg count represent the maximum, minimum
and average number of crowds in the images respectively.

Resolution Num Max count Min count Avg count

Training  various 300 3139 33 535
Part A gy various 182 92262 62 426.6

Training  768x1024 400 578 12 122.8
Part B mogt  768x1024 316 539 9 123.7

4.5 Experiments

This section compares the performance between label-only training, stan-
dard Mean Teacher, and Mean Teacher with the proposed adaptive consis-

tency weight update approach. Here, label-only training refers to training
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Count=92 Count=157 Count=132 Count=143

Figure 4.7: Examples of ShanghaiTech Part B crowd dataset. Original
images are shown at the top and the corresponding true heatmaps are
presented at the bottom, with the count of people (i.e. sum of all the
pixels of the heatmap) shown at the bottom right.

the model only with labeled data — different from semi-supervised learn-
ing, where unlabeled data is also considered. The experiments are first
performed on aphid counting and then extended to crowd counting to eval-

uate the generalization.

4.5.1 CSRNet in Mean Teacher

CSRNet is used as the base model across the experiments; if not specified,
batch normalization is applied before ReLLU at each block of the backend to
improve performance. Mean Square Error (MSE) is used as the supervision

loss and consistency loss.

In Mean Teacher, the base model is simultaneously optimized by the
supervision loss (between the student predictions and the ground-truth la-
bels) and the consistency loss (between the student predictions and the
teacher predictions). However, as the teacher model may be unreliable,
especially at the early training stage, mixing the supervision loss and the
consistency loss may mislead the student model. In the initial paper of

Mean Teacher [140], the authors attempt to decouple the supervision task
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Figure 4.8: Using CSRNet in Mean Teacher for heatmap regression. The
sigmoid ramp-up function and the proposed adaptive consistency weight
dynamically changes the weight of the consistency loss .

and the consistency task by using two output heads, where one is supervised
by the supervision loss and the other one is supervised by the consistency
loss. We term the former as a supervision head and the latter as a con-
sistency head. An additional weighted MSE is applied between the heads
so by tuning the weight, which is usually quite small (as in [140]), one can

control the coupling level of the supervision task and the consistency task.

Although using two output heads is optional, we adopt this setting
on CSRNet — an additional 1 x 1 convolution layer is added to the end of
the model and an MSE loss weighted by 0.01 is applied between the two
heads. Figure 4.8 indicates how we use CSRNet as the base model of Mean
Teacher. In evaluation stage, we compare the predictions from both heads
of the student model and the teacher model with the ground truth, and

report the best.
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4.5.2 Aphid Counting

4.5.2.1 Implementation Details

Table 4.4 indicates the training setting of the label-only and semi-supervised
learning experiments. In terms of data augmentation, for label-only exper-
iments, the training images are first randomly cropped to 512 x 384 and
then horizontally flipped with a 0.2 probability; for semi-supervised learn-
ing experiments, the images are further randomly jittered in brightness,
contrast and saturation, where the jitter intensity is uniformly drawn from

(0.6, 1.4].

In terms of batch size, different values of batch size are tested and
the one producing the least error is adopted. For label-only experiments,
the batch size is set to 24; for semi-supervised learning experiments, the
batch size is set to 16, with 8 labeled images and 8 unlabeled images forced
by a batch sampler. The original architecture of CSRNet is adopted for
the label-only experiments, and a CSRNet with a dropout layer of 0.5
probability added after the VGG-16 frontend is used in the semi-supervised
learning experiments. An Adam optimizer with learning rate of 10~° and
weight decay of 5 x 107* is used to optimize all the models.

Table 4.4: Different training settings between label-only and semi-
supervised aphid counting experiments.

Data augmentation Batch size Model

Label-only crop—+flip 24 CSRNet
Semi crop+flip+colorjitter 16 (8 labeled) CSRNet+dropout

Every model is validated on the same original validation set (i.e. 255
images with 1024 x 768 resolution, no augmentation) after every training
epoch. For each model, we record the best Mean Absolute Error (MAE)

and the best Root Mean Square Error (RMSE) achieved in validation.
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MAE is defined as:
| XN
MAE = =Y "|Y; - Yi|, 4.10
SPBIEE (4.10)

and RMSE is defined as:

RMSE = | = ) _(Y; = Y;)?, (4.11)

where N denotes the number of images, Y; denotes the true count in image

i and Y; denotes the predicted count of the same image.

MAE and RMSE are common metrics to measure how the learn-
ing model perform in the regression tasks (e.g. heatmap-regression based
counting tasks). Their definitions show that MAE equally weights all the
errors before calculating the average, while RMSE applies larger weights

to the larger errors (because they are squared).

To reduce the randomness from the model (i.e. from model initializa-
tion and optimization) and the dataset (i.e. for < 100% labeled data, there
may exist easier or more difficult subsets), for each evaluated approach,
we conduct repeated experiments over 5 runs and report the average and
standard deviation of the best validation MAE and RMSE. For 100% la-
beled data, 5 runs means training the model on the same training data
5 times; for < 100% labeled data, 5 runs means training the model on 5
different splits of the corresponding number of labeled images. We report
the average (over 5 runs) best MAE and RMSE achieved in validation as

the performance of each method.
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4.5.2.2 Training with Labeled Images Only

First of all, we evaluate training a CSRNet for aphid counting, with only la-
beled data. We conduct experiments varying the number of training images
as follows: 939 (100%), 720 (76.7%, denoted as 75% for easier interpreta-
tion, and being more consistent with later crowd counting experiments),
480 (51.1%, denoted as 50%), 240 (25.6%, denoted as 25%), and 96 (10.2%,

denoted as 10%) to explore the performance change of reducing the labels.

Figure 4.9 reports the validation MAE and RMSE of training the CSR-
Net with different number of labeled images only (i.e. without using Mean
Teacher). In general, the validation error (i.e. MAE and RMSE) increases
as the number of labeled images reduces. This increase becomes notable
at 10% labeled data, where the error rate is about 150% of that at full
training data (i.e. MAE: 7.1 vs 4.6, and RMSE: 4.6 vs 3). Hence, below we
aim to apply and upgrade Mean Teacher to improve the scenario of 10%

labeled training data.

4.5.2.3 Standard vs Adaptive Mean Teacher

Successively, we evaluate training the CSRNet for aphid counting with 10%

labeled data using different training schemes:

e Label-only: training on 10% labeled data only.

e MT: training the standard Mean Teacher on 10% labeled data and
90% unlabeled data; we empirically set the ramp-up epoch = 5, the

EMA decay term o = 0.999, and the consistency weight A\ = 1.

e Adaptive MT: training Mean Teacher with the proposed adaptive

consistency weight update method on 10% labeled data and 90% un-
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Figure 4.9: Validation MAE and RMSE (lower is better) of aphid counting
with different number of labeled training images. The green bars indicate
the percentage of the labeled data to the entire dataset. Each pair of
the validation MAE (bottom blue line) and RMSE (top orange line) is
shown with mean (i.e. the value next to the associated point) and standard
deviation (i.e. the error bar on the associated point) over 5 runs.

labeled data; we empirically set the EMA decay term o = 0.999 and
the consistency weight A = 1, which are the same as the experiments

of the standard Mean Teacher.

Figure 4.10 reports the validation errors of the different training ap-
proaches. Same as before, the validation results are averaged from 5 runs on
different splits of 10% training data. Figure 4.10 shows that the proposed
adaptive approach consistently outperforms training on both 10% labeled
data only, and against the standard Mean Teacher approach. Compared to
label-only, the proposed method reduces the validation MAE and RMSE
by 17.4% (from 4.6 to 3.8) and 11.3% (from 7.1 to 6.3) respectively; while
the original Mean Teacher only decreases MAE by 6.5% (from 4.6 to 4.3),
whilst RMSE remains the same. Besides, rather than manually setting the

ramp-up epoch, the proposed approach is also hyper-parameter-free, which
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Figure 4.10: Validation MAE (left) and RMSE (right) of aphid counting
on 10% labeled training data using different training schemes. Each pair
of MAE and RMSE is reported in mean (i.e. the value associated with the

bar) and standard deviation (i.e. the error bar) from training on 5 different
splits of 10% labeled data.

is more convenient and less subjective.

In addition, to explore the size of the effect, we also conduct a two-
tailed Student’s t-test to verify the validation results shown in Figure 4.10.
The two-tailed student’s t-test indicates the statistical significance of if
the means from two groups are equal (or unequal). This is realized by
comparing the p-value (i.e. the output of the student’s t-test) with a preset
threshold, which is set to 0.05 in our experiments — p < 0.05 indicates strong
evidence (i.e. statistical significance) of the two means are unequal, and
vice versa. The two-tailed student’s t-test can be further divided to paired
and unpaired t-test, where the former compares the means of the same item
under two different conditions, and the latter compares the means of two

independent conditions.

Here we conduct the two-tailed paired student’s t-test to verify the

validation results shown in Figure 4.10 to show if the performance of various
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training schemes is significantly different. We use a paired t-test because
we compare two different approaches (i.e. two conditions) over each of the
5 different training data splits ; in other words, the same split is used in
both conditions. The t-test results are shown in Table 4.5, where almost all
the p-values are less than 0.05 (i.e. significant at the 0.05 level); only one
p-value is greater than 0.05 (RMSE, label-only vs MT (ramp=5)), because
these two methods essentially have the same average RMSE (Figure 4.10
blue and green bars on RMSE). Therefore, the t-test results statistically
confirm the superiority of the proposed adaptive consistency weight over

the standard ramp-up function and not using Mean Teacher.

Table 4.5: P-values of the two-tailed paired student’s t-test for aphid count-
ing, verifying the results shown in Figure 4.10. The p-values that are less
than the 0.05 significance level is bolded.

p-value (MAE) p-value (RMSE)

label-only vs MT (ramp=>5) 0.029 0.742
label-only vs MT (adaptive) 0.004 0.04
MT (ramp=>5) vs MT (adaptive) 0.017 0.015

4.5.3 Crowd Counting

The aphid counting experiments show the effectiveness of the proposed
adaptive consistency weight update methods in a specific plant phenotyping
domain. Here, the generality of the proposed approach will be verified on

a more generic task — crowd counting.

4.5.3.1 Implementation Details

The crowd counting experiments are conducted on ShanghaiTech part B
(called “ShB” below) using CSRNet. Table 4.6 indicates the training set-

ting of the label-only and semi-supervised learning experiments on crowd
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counting.

Table 4.6: Training settings for the label-only and semi-supervised crowd
counting experiments. It is the same setup as for aphid counting, except
batch size is 16 in the label-only experiments because it generates the best
performance compared to the other candidate values of batch size

Data augmentation Batch size Model

Label-only crop+flip 16 CSRNet
Semi crop+flip+colorjitter 16 (8 labeled) CSRNet+dropout

An Adam optimizer with learning rate of 107> and weight decay of
5 x 107* is used in the label-only experiments. Another Adam optimizer
with the same learning rate and weight decay is applied to all the semi-
supervised learning experiments, but the learning rate is divided by 5 at
epoch 10 and 200, respectively. Although Adam automatically changes
the learning rate during training based on the preset learning rate, we
experimentally find that Mean Teacher on ShB is difficult to converge when
the preset learning rate is large — that is why we manually reduce the
learning rate as noted. Every method is validated on the test set of ShB
(i.e. we use this test set as a validation set) after every training epoch, and

we record the best MAE and RMSE achieved in validation.

For every method in the crowd counting experiments, we conduct 5
runs of repeated experiments on the same split of data — while in the
aphid counting experiments, they are 5 different splits — to reduce the
randomness caused by the model initialization and optimization. It is also
convenient to compare the standard and adaptive Mean Teacher models
with the literature [94], where the authors also evaluate Mean Teacher
on ShanghaiTech part B. Although they may use a different base model
and a different split of labeled training data than us, it is still valuable to
compare the percentage improvement of the model performance, between

their work and ours. We report the average (over 5 runs) best MAE and
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RMSE achieved in validation as the performance of each method.

4.5.3.2 Training with Labeled Images Only

Same as aphid counting, the CSRNet is first evaluated without Mean
Teacher, varying the number of training samples — 400 (100%), 300 (75%),
200 (50%), 100 (25%) and 40 (10%), respectively. The results are reported
in Figure 4.11. Figure 4.11 shows that the performance of the learning
model becomes worse as the number of training images reduces. The de-
crease of model property becomes notable at 10% training data and hence

it is used to demonstrate semi-supervised methods below.

4.5.3.3 Batch Normalization over 100% and 10% Labeled Data

Batch normalization is often used to accelerate the training of CNNs. As
mentioned before, batch normalization is applied at the backend of the
CSRNet used in the experiments in this chapter. Here, we first want to
evaluate the impact of using batch normalization over 100% and 10% la-
beled training data on crowd counting, which may indicate a simple solution
to dealing with insufficient training data before using any semi-supervised
learning approach. We evaluate batch normalization on crowd counting
rather than aphid counting because we consider batch normalization as a
more general technique of CNNs, and hence it should be verified on a more

generic task — here, crowd counting.

We train the CSRNet with and without batch normalization on 100%
(400 images) and 10% (40 images) labeled training data only for 2,000
epochs, with their validation results shown in Figure 4.12. Figure 4.12

shows that within 2,000 training epochs, batch normalization improves the
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Figure 4.11: Validation MAE and RMSE (lower is better) of crowd counting
with different number of labeled training images. The green bars indicate
the percentage of the labeled data to the entire dataset. Each pair of the
validation MAE (bottom blue line) and RMSE (top orange line) is shown
with mean (i.e. the value below/above the associated point) and standard

deviation (i.e. the error bar on the associated point) over 5 runs.
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Figure 4.12: Validation MAE and RMSE of training the CSRNet with or
without batch normalization on 100% and 10% labeled samples, denoted in
mean (i.e. values in the bars) and standard deviation (i.e. error bars). The
results are averaged from 5 runs of the model trained on the same split of

the training data. Batch normalization (if in use) is applied before ReLLU
at each block of the backend.
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model over both 100% and 10% labeled data, without using any semi-
supervised learning approach. This improvement is particularly obvious
for the less-labeled-data scenario — using batch normalization reduces the
MAE and RMSE over 10% labeled data by 10.5% (i.e. MAE reduced from
16.2 to 14.5) and 8.1% (i.e. RMSE reduced from 27.1 to 24.9) respectively,
while the corresponding reduction rates for 100% labeled data is 7.3% (i.e.
MAE reduced from 8.2 to 7.6) and 4.6% (i.e. RMSE reduced from 13 to

12.4) respectively.

To note, 2,000 training epochs is quite a large number of epochs for
training the CSRNet on ShB. Specifically, the models in the repeated runs
barely improve after 1,000 epochs. Therefore, here we conclude that batch
normalization is particularly useful for training a CNN with fewer labels
in limited but substantial time, which is worth applying before using any
semi-supervised learning method. In the remainders of this chapter, batch
normalization is still used at the backend of the CSRNet, for both label-

only and semi-supervised experiments.

4.5.3.4 Standard vs Adaptive Mean Teacher

Successively, we evaluate both the standard and the proposed adaptive
Mean Teacher on semi-supervised crowd counting. The EMA decay term
a is empirically set to 0.999 and the maximum value of consistency weight
A is set to 1, for both standard and adaptive Mean Teacher. Since the
proposed adaptive consistency weight can be considered as an substitute
of the ramp-up function, we also evaluate Mean Teacher without using
any weight changing strategy. Figure 4.13 presents the validation errors
of training the CSRNet for crowd counting on 10% labeled data (and 90%

unlabeled data if applicable) with:
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Figure 4.13: Validation MAE (left) and RMSE (right) of crowd counting
on 10% labeled training data using different training schemes. Each pair
of MAE and RMSE is reported in mean (i.e. the value associated with the
bar) and standard deviation (i.e. the error bar) from 5 runs of training on
the same 10% labeled data.

e Label-only: training on 10% labeled data only.

e MT (ramp-up epoch = 0): using Mean Teacher with a fixed consis-

tency weight A = 1 all the time.

e MT (ramp-up epoch = 5): using standard Mean Teacher with sigmoid

ramp-up function, where the ramp-up epoch is set to 5.

e Adaptive MT: using Mean Teacher with the proposed adaptive con-

sistency weight.

The results of using Mean Teacher in Figure 4.13 first indicate that
dynamically changing the consistency weight is an improvement because
the model that uses the fixed consistency weight (i.e. ramp-up epoch = 0)
suffers the largest errors. To note, below standard Mean Teacher refers to

the version with ramp-up epoch = 5 rather than 0.
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Also, the proposed adaptive method does not dominate the perfor-
mance in semi-supervised crowd counting — it slightly outperforms the
standard Mean Teacher (i.e. ramp-up epoch = 5) in MAE, but fails in
RMSE — although the difference is also marginal. It is difficult to draw a
simple conclusion that the adaptive Mean Teacher is better or worse than
the standard Mean Teacher, due to the inconsistency between the MAE and
RMSE. However, here we argue that a method is superior only if it leads in
both the metrics, like the adaptive Mean Teacher in semi-supervised aphid
counting, and hence we consider that the proposed adaptive consistency

weight does not improve Mean Teacher, at least over the ShB dataset.

4.5.3.5 Mean Teacher vs Label-only

In addition, from Figure 4.13, comparing label-only with all the Mean
Teacher results, we find that Mean Teacher, even with the proposed adap-
tive method, is not very effective on ShB — it fails to reduce MAE, though
it does manage to reduce RMSE. This time, the MAE of using the standard
or adaptive Mean Teacher is slightly worse than training on 10% labeled

data only, but, conversely, the improvement in RMSE is relatively large.

Why is there a difference between MAE and RMSE performance? As
introduced in the definition of MAE and RMSE, MAE equally weights all
the errors, but RMSE weights the larger errors more. The marginal change
of MAE (i.e. label-only vs standard MT vs adaptive MT = 14.5 vs 14.8 vs
14.7) indicates that applying Mean Teacher (standard or adaptive) may not
be able to reduce the average errors. On the other hand, the relatively clear
reduce of RMSE (i.e. label-only vs standard MT or adaptive MT = 24.9
vs 23.5 or 23.9) indicates that using Mean Teacher (standard or adaptive)

may help to make the model not being too wrong — as the maximum value
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of the errors may be reduced.

However, we still consider that applying Mean Teacher does not ease
the fewer-label (i.e. 10% labeled data) scenario on crowd counting because

only one metric is improved.

As with aphid counting, we also conduct two-tailed Student’s t-tests
to explore significance of the results shown in Figure 4.13 to ascertain if any
of the small difference are in fact significant. However, here we use two-
tailed unpaired t-test, assuming unequal variance in different groups. The
unpaired t-test is used here because the different approaches are trained on
the same split of data for 5 times, and we consider the performance of the

different methods is independent i.e. does not rely on the split of the data.

The t-test results are shown in Table 4.7. None of the p-values in-
dicates significance at the 0.05 level. These t-test results again confirm
the ineffectiveness of both the standard and adaptive Mean Teacher on

semi-supervised crowd counting, using 10% labeled training data of ShB.

Table 4.7: P-values of the two-tailed two-sample unequal variance student’s
t-test for crowd counting, verifying the results shown in Figure 4.13

p-value (MAE) p-value (RMSE)

label-only vs MT (ramp=0) 0.064 0.292
label-only vs MT (ramp=>5) 0.365 0.085
label-only vs MT (adaptive) 0.382 0.107
MT (ramp=0) vs MT (ramp=5) 0.210 0.389
MT (ramp=0) vs MT (adaptive) 0.113 0.614
MT (ramp=>5) vs MT (adaptive) 0.690 0.654

While not convincing, these results are consistent with previous re-
search. Liu et al. [94] also compared training using only labeled data with
the standard Mean Teacher on 10% labeled data on ShB; though note the
exact labeled samples may be different from the experiments here due to

random split. However, they report only a 1.3% (15.8 to 15.6) improve-
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ment in MAE and a 2% (25 to 24.5) improvement in RMSE, which is also
not obvious. The results from [94] and our experiments show that Mean
Teacher, even with the proposed adaptive consistency weight, is not capa-
ble enough to adapt to the scenario with 10% labeled data in ShB; a more

powerful semi-supervised learning method will be needed.

4.6 Discussion

The experiments show that the proposed adaptive consistency weight is
a more convenient (i.e. no hyper-parameters to set) and more effective
method than the original ramp-up function in Mean Teacher, however, only
in aphid counting — as Figure 4.10 shows. Moreover, faster convergence is

observed with the proposed approach.

Figure 4.13 shows that the performance of Mean Teacher is not satis-
fying enough in crowd counting — the standard and the proposed adaptive
Mean Teacher can only improve the RMSE, with the MAE being slightly
worse than directly training on the 10% labeled data. This may be relevant
to the complexity of the dataset — ShB has greater average counts (123.7

vs 20.9) and more complex background than the aphid dataset.

In addition, using the exponential moving average of the student model
as teacher leads to coupling of the student and teacher model, which means
that the student and the teacher model become very similar at later stages
of training. We observe that the models are easier to improve when they
have larger performance gaps during training, so this coupling limits further
improvement of the models. This coupling issue is also reported in [62]
where the authors find the Euclidean distance between the weights of the

teacher model and the student model is small, and hence they propose to
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train both models independently (terming them “dual student” models),

instead of using exponential moving average to create the teacher model.

The proposed adaptive consistency weight update method also has
its disadvantages. First, it aims to weight the consistency loss based on
how good the teacher model predicts on the unlabeled data. However,
this performance is estimated, by necessity, on a limited amount of labeled
data, which may not be representative. Second, the normalized MAE used
to tune the consistency weight favors the images of fewer targets, which
may result in the model tending to learn from the easier images (i.e. the

images with fewer targets).

4.7 Conclusion

In this chapter, we attempt to apply Mean Teacher to the heatmap-regression
based aphid counting and crowd counting tasks, to reduce the demand of
labeled data. Conventionally, a ramp-up function, for instance, a sigmoid
ramp-up function, is used in Mean Teacher, to increase the consistency
weight by the time of training, with the assumption of the teacher model
being more and more reliable. However, as the teacher model is updated
rapidly (i.e. in every training iteration) as the exponential moving average
of the student model, we find the performance of the teacher model gen-
erally increases, but fluctuates. Thus, we propose an adaptive consistency
weight update approach, which is based on the up-to-date evaluation of the
teacher model using the normalized MAE, to replace the standard ramp-up

function.

In aphid counting, the proposed adaptive consistency weight outper-

forms the standard ramp-up function — when training on 10% labeled data,

82



4.7. CONCLUSION

compared to not using Mean Teacher, using the standard Mean Teacher
with the sigmoid ramp-up function reduces the MAE by 6.5% (i.e. from
4.6 to 4.3) without reducing RMSE, while using Mean Teacher with the
adaptive consistency weight reduces the MAE and RMSE by 17.4% (i.e.
from 4.6 to 3.8) and 11.3% (i.e. from 7.1 to 6.3), respectively. The details

are shown in Figure 4.10.

However, neither the standard nor the adaptive Mean Teacher achieves
satisfying results on semi-supervised crowd counting. As shown in Figure
4.13, compared to training on only the 10% labeled data, using the standard
or the adaptive Mean Teacher achieves slightly worse results in MAE (i.e.
label-only vs standard MT vs adaptive MT = 14.5 vs 14.8 vs 14.7), although
the RMSE is obviously reduced (i.e. label-only vs standard MT vs adaptive
MT = 24.9 vs 23.5 vs 23.9).

The reduction of the RMSE with the plateau of MAE may indicate
that applying Mean Teacher reduces the variance of the counting errors, but
we still consider that Mean Teacher is not effective in semi-supervised crowd
counting because MAE is not reduced. Similarly, we also conclude that the
proposed adaptive consistency weight does not improve Mean Teacher in
semi-supervised crowd counting, because it only achieves slightly better
MAE than using the standard sigmoid ramp-up function (i.e. adaptive
vs standard = 14.7 vs 14.8), with slighly worse RMSE (i.e. adaptive vs
standard = 23.9 vs 23.5).

Beyond semi-supervised learning, we also show that using batch nor-
malization effectively improves the performance of a model trained on less
labeled data — using 10% labeled data in crowd counting as an example, as

shown in Figure 4.12.

In summary, the proposed adaptive consistency weight is a more effec-
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tive and more convenient (i.e. without any hyper-parameter) substitute of
the standard ramp-up function in Mean Teacher, in the domain of aphid
counting. We also conclude that both the standard and the adaptive Mean
Teacher is not able to generalize well to semi-supervised crowd counting —

which may be due to the high complexity of the dataset.

However, we aim to develop a more generalizable and more robust
method that is also capable of addressing the semi-supervised crowd count-
ing task. This may also show the potential of the approach to be effectively
adapted to other tasks with more complex settings, for example heavier oc-
clusion, noisier background, and more objects, in plant phenotyping. Thus,
we will explore a more up-to-date semi-supervised learning method — Fix-
Match, and adapt it to heatmap-regression based counting tasks, starting

with crowd counting.
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Chapter 5

Semi-supervised Counting
with Monte-Carlo-Dropout

FixMatch and Shadowout

85



5.1. INTRODUCTION

5.1 Introduction

In last chapter, we propose the adaptive Mean Teacher, which significantly
improves aphid counting in the 10% labeled data setting. However, it does
not achieve satisfactory results on semi-supervised crowd counting, where
only the RMSE is improved. Thus, in this chapter, we aim to develop a
more robust approach that is capable to address semi-supervised heatmap-

regression based counting in both domains.

Mean Teacher ([140], proposed in 2017) discussed in last chapter is
a consistency-regularization approach, which forces the predictions on the
slightly perturbed versions of the same input to be consistent. Beside
consistency regularization, pseudo-labeling is another trending method in
semi-supervised learning, which transfers the model predictions to pseudo
labels to supervise the learning model. Therefore, in this chapter, we ex-
plore a more up-to-date semi-supervised learning method, FixMatch [132]
(proposed in 2020), which uses stronger data augmentation (than Mean

Teacher) and combines consistency regularization with pseudo-labeling.

FixMatch has demonstrated SOTA (or close to SOTA) performance in
many generic classification datasets including CIFAR-10/100 [70], SVHN
[99], STL-10 [23] and ImageNet [30]. The idea of FixMatch is simple — for an
unlabeled image, first generating a pseudo-label from the model prediction
on its weakly-augmented version, and then enforcing the consistency be-
tween the pseudo-label and the model prediction on its strongly-augmented
version. As FixMatch is proposed for classification, the pseudo-label is
one-hot label transferred from the model prediction, only when the great-
est predicted probability is greater than a preset threshold. This prevents

performance decreasing from unreliable predictions.
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Different from image classification, where the prediction confidence
can be represented by the greatest predicted probabilities, the prediction
in heatmap regression is nothing but a single image, where the confidence
is difficult to estimate without a reference. Hence, in this chapter, we
propose to use Monte Carlo Dropout to estimate the uncertainty of the
predicted heatmap; the low-uncertainty predictions will be transferred to
pseudo-labels. Monte Carlo Dropout computes the mean and variance of
the prediction to represent its uncertainty, which is realized by turning on
dropout at model evaluation and forward the input multiple times. In addi-
tion, a data augmentation technique, Shadowout, which randomly changes
the brightness of multiple random areas of an image, is proposed specifically
for heatmap regression tasks. The experiments on both crowd counting and

aphid counting demonstrate the effectiveness of the proposed methods.

The contributions of this chapter are:

1. adapting FixMatch to heatmap regression using Monte Carlo Dropout;

2. introducing and evaluating a heatmap-regression-specific data aug-
mentation method — Shadowout, on crowd counting and aphid count-

ing.

5.2 Related Work

5.2.1 FixMatch

FixMatch [132] is a semi-supervised learning method integrating pseudo-
labeling with consistency regularization. In FixMatch, the consistency is

built between the predictions of the weakly-augmented version and the
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strongly-augmented counterpart of the same input. Here, weak augmen-
tation (e.g. vertical and horizontal flip) usually refers to the image trans-
formation that does not significantly affect the image quality or shift the
image. Strong augmentation, however, may dramatically change the color
(e.g. altering brightness or hue, or even inverting the color) or block some
areas (e.g. Cutout [32]) of the image. RandAugment [27] and Cutout [32]

are used simultaneously in FixMatch as strong augmentation.

RandAugment samples a number of different strong transformations
(e.g. altering brightness or hue, inverting the color, etc.) and applies
them to the input with various intensities. A list of image transformations
from RandAugment and some visual examples of each transformation used
in this chapter will be shown in the experiment section in Table 5.1 and

Figure 5.3, respectively.

Cutout (visual examples are shown later in Figure 5.2) is implemented
after RandAugment, which directly blocks a random area of the input.
Cutout is generally good for image classification because it prohibits the
learning model from overfitting some patterns or parts of the targets, by
covering different areas of the images during training. However, it may
cause inconsistency between the input and the desired output in heatmap
regression with multiple small objects. The limitation of Cutout will be

further discussed in 5.2.2.

As shown in Figure 5.1, the prediction of the weakly-augmented ver-
sion is converted to an one-hot pseudo-label when it is considered as above
confidence, i.e. the greatest predicted probability > the preset threshold
(the dotted line line at the prediction on the top row in Figure 5.1). This
pseudo-label is then used to supervise the output of the strongly-augmented

version of the same input. In image classification tasks, the confidence of
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Weakly-
augmented

Prediction Pseudo-label
------ I- i I
Strongly- l

Figure 5.1: FixMatch algorithm on image classification. For any unla-
beled sample, a weakly-augmented version is predicted by the model (top).
Only when the greatest value among the assigned probabilities exceeds the
threshold (dotted line), the prediction is transferred to a one-hot pseudo-
label. With a cross-entropy loss (H(p, q)), this pseudo-label is used to su-
pervise the model trained on the strongly-augmented version of the same
example (bottom). Image source: [132].

Unlabeled
example

the prediction can be implemented by thresholding the predicted proba-
bilities, for example, if any of the predicted probabilities among all the
categories is greater than 0.6, this prediction is deemed as confident; the
acquisition functions in active learning (discussed in Chapter 3) can also
be used to estimate the confidence as well. This confidence estimation,
however, is biased to the model — the model can be misled during training

and predict incorrect labels with high confidence.

Same as Mean Teacher, the final loss function L in FixMatch also
consists of the supervision loss L,, and the consistency loss Lc.,s, defined
as:

L = Lsup + /\Lcon57 (51)

where X is a weight to balance the losses. For labeled data, the supervision

loss is expressed as:

Loy = E[H(p, p(yla(z)))] (5.2)
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where p is the true label, p(y|a(x)) is the prediction on a labeled sample
x with a weak augmentation «(-), and H(-) represents the cross-entropy
operation in classification task. Setting ¢ = p(y|a(z)), which is the output
on the weak augmentation input, for the same input x, the consistency loss

L.ons 1s defined as:

Leons = E[1(max(q) > 7)H (g, q(y[A(2)))], (5.3)

where 7 is the confidence threshold, ¢ = argmax(q), representing the one-
hot pseudo-label transferred from ¢, and ¢(y|A(x)) is the output on = with

stronger augmentation A(-).

Although pseudo-labeling is designed for unlabeled data, in practice, in
addition to being supervised by the ground-truth label, the labeled samples
are also considered as part of the unlabeled samples and involved in the
process of pseudo-labeling and the calculation of consistency loss. Hence,
for labeled data, both L, and L.,s are calculated, while for unlabeled

data, only L.y, is considered.

Although the idea of consistency regularization is key to FixMatch and

Mean Teacher, they are distinct from each other:

e FixMatch introduces different levels of transformation for the input
(i.e. strong and weak augmentation), while Mean Teacher usually
uses weaker transformation. The application of the stronger aug-
mentation pushes the learning model to be more robust to predicting

consistently on the same input.

e FixMatch includes a confidence-filter and pseudo-label process be-
fore consistency regularization, while Mean Teacher does not. This is

where FixMatch combines pseudo-labeling with consistency regular-
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ization. Only the predictions with high confidence can be transferred
to pseudo-label (e.g. one-hot label) and to supervise the learning
model, preventing the inaccurate pseudo-labels corrupting the learn-

ing model.

e FixMatch trains a single model, while Mean Teacher utilizes a teacher
model, which is an exponential moving average (EMA) of the student

model, to supervise the student model.

5.2.2 Limitations of FixMatch

The key contributions of FixMatch are (1) improving pseudo-labels by
thresholding the prediction confidence, and (2) using stronger augmen-
tation such as Cutout for better regularization. However, for heatmap
regression task, for example, the crowd and aphid counting tasks in this

chapter, these key components of FixMatch become invalid to some extent.

First, unlike image classification, it is difficult to estimate the con-
fidence from a single prediction on heatmap regression. Second, Cutout
benefits image classification because it prevents the model from overfitting
a certain feature of a class by randomly blocks an area of the image, but
it is ill-posed for counting tasks because it causes inconsistency between
the input and the expected density map. For example, if Cutout blocks
5 aphids in an image containing 12 aphids, then the expected heatmap
should just sum to 7 rather than 12, but without the ground truth (e.g.

for unlabeled images), we can never be sure of the real count of the image.

Therefore, here we propose to estimate the uncertainty of the predicted
heatmaps using Monte Carlo dropout to address the former issue, and a new

data augmentation method, which we term Shadowout, to accommodate
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the latter problem.

5.3 Method

5.3.1 Shadowout

As introduced before, Cutout [32], which is adopted in the initial proposal
of FixMatch [132], may be inappropriate for counting because its blocking
mechanism leads to inconsistent number of counts between the input and
the desired output. Here we propose Shadowout as a strong data augmen-

tation to be used in heatmap-regression based counting tasks.

The motivation behind this is as follows. In plant phenotyping, es-
pecially for in-field research, shading from the background (e.g. clouds or
trees) and occlusion between the research objects (e.g. leaves or aphids)
often appear in multiple areas of the image. Inspired by this, we propose
Shadowout to randomly change the brightness from 0 (i.e. totally black) to
1 (i.e. original brightness) of random regions on the image. Specifically, for
an image, Shadowout samples a random number n € [0, N| of square areas
of random size s € [S1, 5], before altering the brightness in each square

with the intensity uniformly sampled from 0 to 1.

Figure 5.2 shows some examples to illustrate the difference between
Cutout (2nd row), Random Cutout (3rd row) and Shadowout (4th row).
Cutout usually blocks a single large region (e.g. quarter of an image), but
the proposed Shadowout randomly tunes the brightness on multiple small
regions with different size. Random Cutout is same as Shadowout except
the pixel values at each random regions are set to zero. These three methods

will be compared with each other in the aphid counting experiments below.

92



5.3. METHOD

Orlglnal

Cutout

- ‘

Random Cutout

Figure 5.2: Different occlusion-based image transformation methods ap-
plied on four aphid images. The original images are shown at the top row,
and the effects of applying different transformations to these images are
shown at the remaining rows, respectively.
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Shadowout is different from the typical implementation of Cutout in
two aspects: (1) Shadowout acts to more than one area with small size,
rather than a single large square; (2) Shadowout randomly changes the
brightness in each square, instead of blacking-out the selected region. These
two traits are designed to fit the density-estimation based counting tasks —
they usually include many (small) targets to predict. Therefore, covering
more small regions without affecting the consistency between the input and

output, is beneficial.

5.3.2 FixMatch with Monte Carlo Dropout

Monte Carlo Dropout is proposed in [40] to estimate the uncertainty of
deep learning models. The idea is to turn on dropout at the evaluation
stage and forward the same input N times to have N predictions. To note,
the dropout and batch normalization are supposed to be switched off in
evaluation stage, but here only dropout is turned on so different features
are dropped at each time to create multiple sub-models. The mean p and

2

variance ¢° are calculated from the predictions to represent the uncertainty

of the model on the input.

Inspired by the original version of FixMatch, which selects the confi-
dent sample by thresholding its highest predicted probability and transfers
its prediction to one-hot pseudo-label, here we propose to use the variance
0? and mean p from Monte Carlo Dropout as the uncertainty indicator and
pseudo-label respectively to adapt FixMatch to density estimation tasks.
Specifically, at the beginning of each training iteration, for each image x,
the mean map fi,(,) and variance map ai(w) of its weakly-augmented ver-
sion a(x) is predicted from the current model using Monte Carlo Dropout;

if the sum of all the pixel values on ai(x) is less than a pre-defined threshold
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T, Ha(z) Will be used as the pseudo-label to form the prediction consistency
between a(z) and the corresponding strongly-augmented version A(x); oth-

erwise, the consistency loss is not calculated.

The final loss function is defined as L = Ly, +ALcons, same as in Equa-
tion 5.1, where A is a hyper-parameter to balance the losses. In heatmap
regression task, mean square error (MSE) is usually used as loss function
so here MSE between heatmaps is adopted in both supervision loss and
consistency loss, same as the loss functions for Mean Teacher implemented
in Chapter 4. The supervision term L, (for labeled data only) is defined
as:

Lo = E [ly — M(a(x),0))]"], (5.4)
where y represents the true density map for x and M (-,0) is the learning
model. The consistency term L., (for both labeled and unlabeled data)
is defined as:

Leons = E [1(02(@ < 7) |ftaey — M(A(z), 9)}2] (5.5)

[0}

5.4 Experiments

To note, below we term the FixMatch with Monte Carlo Dropout as MC-
FizMatch, to differ from the original version of FixMatch proposed in [132].
By default, Shadowout is used in MC-FixMatch.

In this section, we evaluate the proposed MC-FixMatch on semi-supervised
crowd counting and aphid counting, respectively. The experiments begin
with crowd counting because Mean Teacher does not achieved satisfying

results on crowd counting as shown Chapter 4.
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For both crowd counting and aphid counting, we compare training MC-
FixMatch on 10% labeled data, with the other training schemes, namely
label-only, standard Mean Teacher (using the sigmoid ramp-up function),
and adaptive Mean Teacher, which have been evaluated in Chapter 4. We
expect that the proposed MC-FixMatch should at least improve the label-
only scenario for both crowd counting and aphid counting, to demonstrate
its effectiveness and robustness. In addition, we also explore MC-FixMatch
with different values of the uncertainty threshold 7. Moreover, we compare
the performance of MC-FixMatch using Shadowout with using its substi-

tutes such as Cutout and Random Cutout.

5.4.1 Implementation Details

5.4.1.1 MC-FixMatch and Shadowout

CSRNet (one output head) with batch normalization at its backend is
adopted as the base model of MC-FixMatch. A dropout layer is added

after the frontend of CSRNet to perform Monte Carlo Dropout.

Monte Carlo Dropout is performed at the beginning of each training
iteration with the number of forwarding times set to 10. Multiple values
of the uncertainty threshold 7 (i.e. 0.01, 0.1, 1, co) are first evaluated on
crowd counting, and then we empirically set 7 = 0.05 in aphid counting by

examining the number of selected pseudo-labels per training iteration.

Weak augmentation is not applied (i.e. directly using input z as
weakly-augmented version «(x)) because it often contains flip operation,
which causes inconsistency between the pseudo-label and the prediction
of the strongly-augmented input A(z). RandAugment following by Shad-

owout is used as strong augmentation. The operations that cause shifting in
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RandAugment are removed for the same reason of not using weak augmen-
tation. The details of our implementation of RandAugment is described
in Table 5.1 and some visual examples of each transformation is shown in

Figure 5.3.

For Shadowout (visual examples shown above at the bottom row of
Figure 5.2), the number of regions n is sampled from [0, 16], and the size

of each region is sampled from [30, 60].

5.4.1.2 Training and Validation

For a fair comparison with the other training schemes, the proposed MC-
FixMatch is trained and evaluated on the exactly same datasets in Chapter
4 — that is, we use the same training data and validation data of Shang-
haiTech part B (ShB) and the aphid dataset as Chapter 4. Specifically, for
crowd counting, we train MC-FixMatch 5 times on the same split (i.e. the
identical split used in Chapter 4) of 10% labeled data from ShB; for aphid
counting, we train MC-FixMatch on the 5 different splits (i.e. the identical
splits used in Chapter 4) of 10% labeled data from the aphid dataset, re-
spectively. We report the average best MAE and RMSE in validation over

5 runs.

The hyper-parameters for training MC-FixMatch on crowd counting
and aphid counting are very similar in this chapter. Specifically, the original
training images are first randomly cropped to a quarter of the original size
(i.e. for ShB, this is from 768x1024 to 384x512; for aphid, this is from
1024x768 to 512x384) and horizontally flipped with 0.2 probability. This
flip and crop aim to expand the training dataset, which is not relevant to the
data augmentation used in MC-FixMatch. For Mc-FixMatch, the strong

augmentation (details in Table 5.1) followed by the proposed Shadowout
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Table 5.1: List of image transformations from RandAugment used in our
implementation. Rotating, shearing and translating are removed because
they cause displacement. Every time, N = 2 transformations are randomly
selected from the list, and each transformation has a 50% chance to be
applied to the image with the intensity (if applicable) randomly drew from
the associated parameter range.

Transformation Description Parameter Range

Maximizes the image contrast - -
by setting the darkest (light-

est) pixel to black (white).

Adjusts the brightness of the B
image. B = 0 returns a black

image, B = 1 returns the
original image.

Color Adjusts the color balance of C
the image like ina TV. C'= 0

returns a black and white im-

age, C' = 1 returns the origi-

nal image.

Controls the contrast of the C
image. C' = 0 returns a gray

image, C = 1 returns the
original image

Equalizes the image his- - -
togram.

Autocontrast

Brightness [0.05,0.95]

[0.05,0.95]

Contrast [0.05,0.95]

Equalize

Identity
Posterize
Sharpness

Solarize

Returns the original image.
Reduces each pixel to B bits.
Adjusts the sharpness of the
image, where S = 0 returns
a blurred image, and S = 1
returns the original image.

Inverts all pixels above a
threshold value of T'.

T

4.8
[0.05, 0.95]

[0, 255]
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AutoContrast Brightness

Contrast Original Image

Posterize

Figure 5.3: Visual examples of every transformation in Rand Augment used
in our experiments (details described in 5.1). The original input image is
shown in the middle.
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is applied after the crop and flip, to create the strongly-augmented input.
The batch size is set to 16, consisting of 8 labeled images and 8 unlabeled
image in every batch. An Adam optimizer with a learning rate of 107°
and weight decay of 5 x 107% is used to optimize MC-FixMatch. For crowd
counting only, we empirically divide the learning rate by 10 at the 400th

training epoch.

5.4.2 Crowd Counting

5.4.2.1 MC-FixMatch + Shadowout vs Other Training Schemes

We first compare the performance of the proposed MC-FixMatch + Shad-
owout, with the other training schemes that have been evaluated in Chapter
4, using 10% labeled (and the other 90% unlabeled if applicable) train-
ing data of ShB. Figure 5.4 shows the validation errors of these training

schemes:

e Label-only (evaluated in Chapter 4): directly training the CSRNet

on 10% labeled data only:;

e MT (evaluated in Chapter 4): standard Mean Teacher with ramp-up

epoch = 5, EMA decay a = 0.999 and consistency weight A = 1;

e Adaptive MT (proposed and evaluated in Chapter 4): adaptive Mean

Teacher with EMA decay a = 0.999 and consistency weight A = 1;

e MC-FixMatch + Shadowout (proposed in this chapter): FixMatch
using Monte Carlo Dropout plus Shadowout; we empirically set the

uncertainty threshold 7 = 1.

As shown in Figure 5.4, compared to label-only, the proposed method
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Figure 5.4: Validation MAE (left) and RMSE (right) of crowd counting on
10% labeled training data using different training schemes. Each pair of
MAE and RMSE is reported in mean (i.e. the value associated with the
bar) and standard deviation (i.e. the error bar) from 5 runs of training on
the same 10% labeled data (i.e. same data as in Chapter 4).

— MC-FixMatch + Shadowout reduces the MAE by 11.7% (i.e. from 14.5
to 12.8) and the RMSE by 9.6% (i.e. from 24.9 to 22.5). Besides, the
performance of MC-FixMatch + Shadowout consistently outperforms the
standard and the adaptive Mean Teacher approaches in terms of both MAE
and RMSE. We conclude that MC-FixMatch + Shadowout is capable to

improve semi-supervised crowd counting, on 10% labeled ShB.

We also conduct a two-tailed unpaired (assuming unequal variance)
Student’s t-test (same as Chapter 4) to verify if there is any significant im-
provement after applying MC-FixMatch + Shadowout. The t-test results
are presented in Table 5.2. The results from Table 5.2 again demonstrate
the superiority of MC-FixMatch + Shadowout — the improvement in both
MAE and RMSE is significant (at 0.01 level) compared to label-only. Re-
calling Table 4.7 in Chapter 4, which shows the t-test results between
label-only and the standard/adaptive Mean Teacher, there is no significant

(at 0.05 level) improvement after applying Mean Teacher in terms of both

MAE and RMSE.
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Table 5.2: P-values of the two-tailed unpaired unequal variance student’s
t-test for crowd counting, verifying the results shown in Figure 5.4. Here
we use FM to represent MC-FixMatch + Shadowout.

p-value (MAE) p-value (RMSE)

label-only vs FM 0.005 0.002
MT (ramp=>5) vs FM 0.002 0.232
MT (adaptive) vs FM 0.004 0.069

In addition, the training time of the explored semi-supervised learning
methods are shown in Table 5.3.

Table 5.3: Training time on crowd counting of Mean Teacher (ramp=5),
adaptive Mean Teacher, and MC-FixMatch + Shadowout. The training
time is calculated by n x t, where n is the index of the iteration that the
model converges and ¢ is the time (seconds) needed to train the model per
iteration. The results are averaged from 5 runs and normalized by the
training time of Mean Teacher.

MT adaptive MT MC-FixMatch
training time 1 0.94 3.29

5.4.2.2 Changing the Uncertainty Threshold 7

The uncertainty threshold 7 is a key hyper-parameter of the proposed MC-
FixMatch. It is assumed to affect the performance of the learning model
— it should not be too small (i.e. filtering most samples) or too large (i.e.
allowing all the samples). Below the effect of setting different values of 7 is
evaluated in crowd counting, which is a more studied domain than aphid
counting, as we wish to consider MC-FixMatch a more generic model for

heatmap regression and not limited only to plant phenotyping.

Figure 5.5 shows the number of selected pseudo-labels per training
iteration under different values of 7. In all the reported values of 7, the
number of selected pseudo-labels increases (until reaching the batch size

16) as training proceeds, indicating that the learning model becomes more
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Figure 5.5: The number of selected pseudo-labels per training iteration on
10% labeled ShB, using different uncertainty thresholds 7.

and more reliable. As expected, when the criterion of uncertainty is too
strict (i.e. 7 = 0.01), many predictions are deemed as uncertain even at
later training stages, and hence the number of selected pseudo-labels is
always lower than the batch size. When the criterion of uncertainty is
too loose (i.e. 7 = o0), all the pseudo-labels are allowed to be used from
the very beginning of the training process. Only when the criterion of the
uncertainty is properly set (i.e. 7 = 0.1 or 1), the number of the selected
pseudo-labels gradually increases until reaching the batch size. Below we

evaluate MC-FixMatch with different uncertainty thresholds.

Figure 5.6 compares the validation MAE and RMSE of using different
7. As expected, 7 = 0.01 achieves the worst performance, which is even
worse than training on labeled data only, because many unlabeled sam-
ples are dumped without providing any information. 7 = 0.1 and 7 = 1
achieve comparable results, although 7 = 1 outperforms 7 = 0.1 in both

metrics. Surprisingly, 7 = oo does not damage the performance too much
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Figure 5.6: Validation MAE and RMSE of MC-FixMatch (+ Shadowout)
varying the uncertainty threshold 7, trained on 10% labeled data of ShB.
The label-only bar is for the convenience of comparison. The results are
reported as averaging 5 runs on the same split of data.

— it achieves the worse MAE but the same RMSE as 7 = 0.1; this may
be because the pseudo-label is essentially the mean of multiple predictions,

which counteracts the noise and is relatively accurate.

We conduct the two-tailed unpaired (assuming unequal variance) Stu-
dent’s t-test for the results in Figure 5.6. The t-test results shown in Table
5.4 confirms our finding — the performance of using very a small uncertainty
threshold (e.g. 7 = 0.01) is significantly worse than the other evaluated
values at 0.01 level (1st to 3rd rows), but the performance gap between

7 =0.1, 1 and oo is not significant (4th to 6th rows).

Table 5.4: Student’s t-test results for Figure 5.6, verifying the significance
of the performance change when applying different 7 to MC-FixMatch on
crowd counting.

T p-value (MAE) p-value (RMSE)
0.01 vs 0.1 0.002 0.003
0.0Lvs1 0.001 0.002
0.01 vs inf 0.003 0.003
0.1vs1 0.912 0.676
0.1 vs inf 0.485 0.989
1 vs inf 0.395 0.620
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5.4.3 Aphid Counting

5.4.3.1 MC-FixMatch + Shadowout vs Other Training Schemes

Similar to the crowd counting experiments, we also compare the proposed
MC-FixMatch + Shadowout with the other training schemes, on 10% la-
beled aphid dataset. Figure 5.4 shows the validation errors of the different

training schemes:

e Label-only (evaluated in Chapter 4): directly training the CSRNet

on 10% labeled data only;

e MT (evaluated in Chapter 4): standard Mean Teacher with ramp-up

epoch =5, EMA decay a = 0.999 and consistency weight \ = 1;

e Adaptive MT (proposed and evaluated in Chapter 4): adaptive Mean

Teacher with EMA decay a = 0.999 and consistency weight A = 1;

e MC-FixMatch + Shadowout (proposed in this chapter): FixMatch
using Monte Carlo Dropout plus Shadowout; we empirically set the

uncertainty threshold 7 = 0.05.

As shown in Figure 5.7, the proposed MC-FixMatch + Shadowout
improves on the label-only baseline by 13% in MAE (i.e. from 4.6 to 4) and
11.3% in RMSE (i.e. 7.1 to 6.3). It is also better than the standard Mean
Teacher with sigmoid ramp-up, where the MAE and RMSE is reduced by
7% (i.e. MAE reduced from 4.3 to 4) and 11.3% (i.e. RMSE reduced
from 7.1 to 6.3), respectively. However, it is worse than the adaptive Mean

Teacher in terms of MAE.

The two-tailed paired Student’s t-test is conducted to verify the sta-

tistical significance of the semi-supervised aphid counting results shown in
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Figure 5.7: Validation MAE (left) and RMSE (right) of aphid counting
on 10% labeled training data using different training schemes. Each pair
of MAE and RMSE is reported in mean (i.e. the value associated with
the bar) and standard deviation (i.e. the error bar) from training on 5
different splits of 10% labeled data (i.e. identical splits as in the aphid
counting experiments of Chapter 4).

Figure 5.7. The t-test results presented in Table 5.5 indicates the statisti-
cal significance (at 0.05 level) of the performance improvement after using
MC-FixMatch + Shadowout, compared to label-only (in both MAE and
RMSE, 1st row) and the standard Mean Teacher (only in RMSE, 2nd row),
although there is no significance compared to the adaptive Mean Teacher

proposed in Chapter 4.

As mentioned at the end of Chapter 4 and the beginning of this chap-
ter, we aim to develop a more generalizable approach that is capable of
addressing both semi-supervised aphid counting and crowd counting. Com-
pared to the adaptive Mean Teacher, which only reaches satisfactory results
on aphid counting, the proposed MC-FixMatch + Shadowout in this chap-

ter shows the effectiveness in both domains, and hence our goal is satisfied.

In addition, the training time of the explored semi-supervised learning

methods are shown in Table 5.6.
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Table 5.5: P-values of the two-tailed paired Student’s t-test results for
Figure 5.7, comparing FM (i.e. MC-FixMatch + Shadowout) with the
other training schemes on semi-supervised aphid counting.

p-value (MAE) p-value (RMSE)

label-only vs FM 0.009 0.025
MT (ramp=>5) vs FM 0.173 0.016
MT (adaptive) vs FM 0.437 0.741

Table 5.6: Training time on aphid counting of Mean Teacher (ramp=5),
adaptive Mean Teacher, and MC-FixMatch + Shadowout. The training
time is calculated by n x t, where n is the index of the iteration that the
model converges and ¢ is the time (seconds) needed to train the model per
iteration. The results are averaged from 5 runs and normalized by the
training time of Mean Teacher.

MT adaptive MT MC-FixMatch
training time 1 0.46 191

5.4.3.2 Ablation Study on Shadowout

We have already demonstrated the effectiveness and robustness of the com-
bination of MC-FixMatch and Shadowout, in semi-supervised crowd count-
ing and aphid counting. We have also shown how different uncertainty
thresholds 7 affect MC-FixMatch in the more generic crowd counting. Here,
the proposed Shadowout is compared with its alternatives on 10% labeled
aphid counting, because it is inspired by natural shadows (e.g. from leaves

or trees) and occlusion, common in plant phenotyping scenarios.

In addition to Cutout, which is applied to the original FixMatch and
seems to be more suitable for classification than heatmap regression, we also
compare Shadowout with not using any occlusion-based transformation,
and Random Cutout, which is a combination of Cutout and Shadowout.
The visual examples of these occlusion-based data augmentation are shown
in Figure 5.2, and the hyper-parameters of each transformation are shown

below:
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Figure 5.8: Validation MAE (left) and RMSE (right) of using different
occlusion methods with MC-FixMatch. Random crop, random flip and
RandAugment are still applied before the evaluated occlusion-based trans-
formation. Each pair of MAE and RMSE is reported in mean (i.e. the
value associated with the bar) and standard deviation (i.e. the error bar)
from training on 5 different splits of 10% labeled aphid data (i.e. identical
splits as Chapter 4).

e None: not using any occlusion augmentation;

e Cutout: randomly block a 220 x 220-size (approximately a quarter of

an image) region;

e Random Cutout: randomly block n regions (n € [0,16]) with s x s

resolution (s € [30,60]);

e Shadowout (proposed): randomly change the brightness (from 0 to

1) of n regions (n € [0, 16]) with s x s resolution (s € [30, 60]).

To note, following the same setting as the original paper of FixMatch
[132], Cutout occludes the selected regions in grey (i.e. pixel value is set to
(127,127, 127) for RGB images) rather than black (i.e. pixel value=(0, 0, 0)),
while Random Cutout and Shadowout are set to block the selected areas

in black.

Figure 5.8 compares the validation errors of using different occlusion
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methods with MC-FixMatch. As shown in Figure 5.8, the proposed Shad-
owout consistently outperforms the others on both MAE and RMSE. How-
ever, the performance gap between Cutout and Shadowout is small — Shad-
owout achieves slightly better MAE and the same RMSE as Cutout. We
assume Cutout is not optimal for heatmap regression, especially for the
scenarios with many small objects, because it occludes a single large area
of the input, which may cause inconsistency between the input and the
output (e.g. different number of objects). However, the results in Figure
5.8 indicate that this inconsistency may actually be a tolerable noise to
the heatmap regression model. It is also noticeable that using any occlu-
sion augmentation listed at Figure 5.8 improves the performance as “none”
achieves the worst MAE and RMSE.

Table 5.7: Student’s t-test results for Figure 5.8, comparing the perfor-
mance gap between different occlusion-based data augmentation on semi-
supervised aphid counting.

p-value (MAE) p-value (RMSE)

None vs Random Cutout 0.886 0.861
None vs Cutout 0.497 0.343

None vs Shadowout 0.196 0.261
Random Cutout vs Cutout 0.606 0.577
Random Cutout vs Shadowout 0.287 0.646
Cutout vs Shadowout 0.545 0.914

The two-tailed paired Student’s t-test is conducted to verify the sta-
tistical significance between the results shown in Figure 5.8. The t-test
results, which are presented in Table 5.7, however, indicate that there is no
significant difference between any of the evaluated transformations, despite

the visible trend in favour of Shadowout.
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5.5 Discussion

The experiments on aphid counting and crowd counting have demonstrate
that combining FixMatch with Monte Carlo Dropout is able to perform
and generalize well on semi-supervised learning heatmap regression tasks.
As defined in [63], uncertainty in deep learning can be classified to epis-
temic uncertainty and aleatoric uncertainty. The former represents the
uncertainty of the learning model, which can be estimated by Monte Carlo
Dropout; the latter, capturing the uncertainty (e.g. noise) of the data (i.e.

images and labels), however, is not properly represented in this chapter.

Aleatoric uncertainty in heatmap regression can be predicted by adding
an extra output head to the learning model and integrating this uncertainty

output into a MSE loss, which is defined as:

1 1. . 1 .
Lalea(e) = E Z 50-1‘ 2Hyz - %H2 + 5 log O-'L'QJ (56)

where 6 denotes the weights of the learning model, D is the pixel resolution
of the output ¢; (e.g. the predicted aphid density map of 64 x 48 resolu-
tion), y; is the ground truth, and 62 is the predicted variance from the
additional output head. The second term %log 62 is to prohibit the model

from predicting infinite variance (so that the loss can easily be small).

In practice, s; = logd? is predicted on the additional output head
rather than 67 because it is more numerically stable, so the loss function

is further defined as:

1 1 .1
Lalea(e) - E Z 5 exp (_Sl)HyZ - yZH + ési (57)

)

The predicted aleatoric uncertainty is sample-dependent and can be
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added together to the uncertainty calculated from Monte Carlo Dropout
as shown before to form a more complete uncertainty. This may estimate
a more accurate uncertainty for thresholding and further improve the per-

formance of FixMatch.

Another approach to integrate input uncertainty is to apply different
data transformation on the input at each forward pass of Monte Carlo
Dropout. For example, one can apply a weaker Shadowout which tunes the
brightness level of the input from 0.6 to 1. This creates variations on both
the input and the learning model (i.e. by applying dropout) so the variance
generated from Monte Carlo Dropout is able to represent the uncertainty
from both sides. Compared to computing the aleatoric uncertainty, this
method does not require an additional output head, and the integrated
uncertainty relates to the difficulty of the input image (e.g. background
complexity and number of targets), which is also useful in semi-supervised

learning.

5.6 Conclusion

In this chapter, we propose MC-FixMatch and Shadowout for semi-supervised
heatmap regression. MC-FixMatch incorporates Monte Carlo Dropout
with FixMatch to address the uncertainty estimation for heatmap regres-
sion. Shadowout, which is inspired by the natural shading and occlusion in
plant phenotyping, is designed to randomly change the brightness of mul-
tiple random regions of an image. Shadowout can corrupt the input image
without breaking the consistency between it and its desired output (e.g.

the number of targets), which is specially useful for counting tasks.

The proposed approaches improve on both semi-supervised aphid count-
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ing and crowd counting, with 10% labeled data. This demonstrates the
effectiveness and robustness of the proposed methods in this chapter. As
comparison, adaptive Mean Teacher proposed in Chapter 4 only achieves
satisfying results on aphid counting. Here we have fulfilled the goal set at
the end of Chapter 4 — to develop a more generalizable semi-supervised

approach.
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Chapter 6

Learning to Localise and
Count With Incomplete

Point-Annotations
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6.1 Introduction

This chapter has led to a publication at the Workshop on Interactive La-
beling and Data Augmentation for Vision (ILDAV) in the International

Conference on Computer Vision (ICCV) 2021 (Section 1.4 2).

As discussed in the previous chapters, the quality and quantity of
training data are important in deep learning, but annotating data is time-
consuming and expensive. Active learning (discussed in Chapter 3) and
semi-supervised learning (discussed in Chapter 4 and 5) attempt to reduce
the labeling cost by using fewer labeled training samples. The difference is
that active learning begins with a small labeled set, and gradually expand
the labeled set by actively querying the labels of the most informative
unlabeled samples from the human annotators within the training process;
while semi-supervised learning uses a fixed labeled set and explores all of

the available unlabeled data without extra manpower.

In recent years, another approach to reduce the labeling complexity
— weakly-supervised learning, is becoming more and more popular in deep
learning. Instead of decreasing the number of labeled samples, weakly-
supervised learning aims to utilize “weaker” labels to train the deep neural
networks, for instance, learning an object recognition task with image-level

class labels rather than bounding boxes.

In counting and localisation tasks, people usually need to point-annotate
every relevant object on images, which can be hundreds or thousands of
points per image, which is costly. Moreover, human annotators may miss
some objects due to fatigue and subjectivity, which leads to low-quality
annotations. To address these two problems, a novel scenario — learning

with fewer point-annotations per image, is explored in this chapter (some
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example images will be shown in Figure 6.3). This is a scenario in between
weakly-supervised learning and semi-supervised learning. On one hand, it
explores incomplete labels per image; on the other hand, it also reduces the
total number of annotations. This per-image reduction of annotations can
be imposed intentionally by asking the annotators to label a portion (e.g.
50%) of what they see in each image to reduce the labeling efforts, while
it can also be caused by unintentionally missing labels from the annota-
tors. In this chapter, a simple yet effective approach — asymmetric mean
square error (AMSE) is proposed to adapt to the intentional reduction and
counteract the unintentional missing of per-image annotations, which are
demonstrated on heatmap-regression based wheat spikelet localisation and

crowd counting.

Mean square error (MSE) is widely used as a loss function in heatmap
regression tasks, for example, object counting and localisation. As dis-
cussed in Chapter 4 and Chapter 5, a heatmap is usually generated by
applying a Gaussian kernel on every point-annotation. However, if some
of the point annotations are removed, a neural network trained with MSE
will easily overfit the Gaussian areas around the remaining labeled points.
Replacing MSE with the proposed loss function, AMSE, can force the learn-
ing model to enhance the response from the false-negative areas (i.e. areas
where the targets are incorrectly unlabeled), and to cope with the class
imbalance between background and targets when the annotations are sig-

nificantly reduced.

In this chapter, experiments on two tasks, heatmap-regression-based
crowd counting and wheat spikelet localisation are conducted to demon-
strate the effectiveness and robustness of the proposed AMSE. Specifically,
different percentages of the reduction of per-image annotations, which is

termed the “drop rate”, ranging from minor (10% drop) to extreme (90%
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drop), are evaluated. The only hyper-parameter of AMSE (/) is tuned to
adapt to different drop rates. Results show that an asymmetric loss func-
tion is effective across different models and datasets, even in very extreme
cases with limited annotations provided (e.g. 90% reduction of the original
annotations). Whilst tuning of the key parameter is required, setting con-
servative parameter values can help more realistic situations, where only

small amounts of data have been missed by annotators.

The main contributions of this chapter are:

1. introducing a novel and efficient annotation concept, which helps ac-

count for accidental or purposeful partial annotation per image;

2. a description and evaluation of the proposed AMSE loss function to
counteract performance loss from this reduced number of annotations

per image;

3. an exploration of the sensitivity of the single tuning parameter [
of AMSE over two diverse datasets and two deep neural network

architectures;

4. demonstration of competitive performance on public crowd counting
and wheat spikelet localisation datasets in the presence of substan-

tially (from 10% to 90%) reduced annotations.

The results show that when the reduction of annotations per image is
less than 50%, the proposed method can achieve comparable performance
to the baseline (i.e. training on a fully-annotated dataset with MSE loss);
when the reduction is greater than 70%, the proposed method perform
better than the model trained on the same reduced dataset with MSE loss.
However, selection of § and management of the training regime plays an

important role.
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6.2 Related Work

There are two scenarios of incomplete annotations discussed in this chapter
— unintentionally missing annotations (e.g. by mistake or due to fatigue)
and intentionally dropping annotations (e.g. as a faster labeling scheme).
Although both tasks are accomplished by the proposed asymmetric loss
function (with different hyper-parameters), the recent works are discussed
separately below, terming noisy labels and incomplete labels, respectively.
The neural networks used in the experiments are also introduced in this

section.

6.2.1 Learning with Noisy Labels

The quality and quantity of training data and its annotations are crucial in
deep learning, but the annotation process is expensive and time-consuming.
With the increasing demand of labeled data, recent work focuses on improv-
ing the labeling efficiency and reducing the price of annotating images, for
example, using crowdsourcing [163]. Crowdsourcing has become a popular
method to acquire labels for large-scale image datasets, especially after the
ImageNet dataset [30] was released. However, imperfect labels are com-
monly generated in any human-label process, especially via crowdsourcing.
These inaccurate labels are often produced by non-experts due to careless-
ness, fatigue or inexperience, leading to a need to suppress or handle noisy

or missing labels [43, 82, 83].

Some fundamental experiments of how deep neural networks react to
noisy labels were carried out recently. For example, Zhang et al. [165] swap
and delete labels on different datasets including CIFAR10 [70] and Ima-

geNet [30] to demonstrate that deep models can learn the general patterns
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of the data in early epochs but soon overfit the local patterns. Krueger [72]
and Arpit [7] find that deep neural networks can practically memorize all
training information including noisy (i.e. misclassified) and missing labels.
At the application level, Jiang et al. [57] propose a step-by-step curriculum
learning model that learns the easier patterns first and then generalizes to
the more difficult cases. Li et al. [80] propose a method to perform a meta-
learning update before a gradient update, where they generate synthetic
noisy labels in the training process to simulate real-life annotation noise.
Goldberger and Ben-Reuven [45] use the expectation maximization (EM)
algorithm to estimate the correct labels and retrain the network after a
certain number of epochs. Northcutt et al. [108] use confident learning to
estimate label errors and refine learning model by assuming the dependency

between the noise and true labels.

6.2.2 Learning with Incomplete Labels

Labeling fewer targets per image can dramatically reduce the difficulty and
effort of annotating images, especially those with a lot of interested objects.
This is different from what often happens in semi-supervised learning where
the number of labeled images, rather than the number of labels in an image,
is decreased. It is also different from typical scenarios in weakly-supervised
learning using coarse-grained supervision, where pixel-level annotations are

reduced to image-level labels (i.e. easier labels).

However, to the best of our knowledge, very limited amount of litera-
ture attempts to deal with the scenarios with incomplete pixel-level labels.
For example, Nguyen et al. [101] propose a loss function to learn two en-
ergy maps representing target pixels and background pixels, respectively,

to refine the incomplete pixel-level annotations in binary segmentation, and
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Wang et al. [150] propose to propagate the incomplete bounding box per
image using a positiveness-focused object detector to for detection-based

object counting.

6.2.3 Limitations of Previous Work on Noisy or In-

complete Labels

Recent literature favors noisy labels (e.g. randomly assigned labels) over
incomplete labels, and image-level labels (e.g. classification labels) over
pixel-level annotations (e.g. point-annotations). Besides, many existing ap-
proaches either require tuning multiple hyper-parameters or need to modify
the architecture of the learning model, which may increase the complexity

of optimization.

These limitations motivate us to develop an effective yet simple method
(both computationally and intuitively), to cope with intentionally- and
unintentionally-missing pixel-level annotations per image. The proposed
method, AMSE, is architecture-independent and has only one tuning hyper-
parameter. The experiments below demonstrate the effectiveness and ro-
bustness of the proposed method on heatmap-regression-based localisation
and counting tasks, with a larger number of objects of interest per image
than typically occur in previous work of learning with incomplete pixel-level

labels.

6.2.4 Context-Aware Network

The Context-Aware Network (CAN, [92]) is used as the base model in crowd

counting experiments. The Context-Aware Network is one of the best
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performing crowd counting models to date. A similar structure is adopted
from the original Context-Aware Network paper [92], except AMSE is used
to supervise the partially-annotated tasks. As the major contribution of
this chapter is a model-independent loss function, below the mechanism of
the Context-Aware Network is briefly introduced for readers’ convenience,

with more details found in [92].

In computer vision, contextual information refers to the relationship
between a pixel and the other pixels. In density-estimation-based crowd
counting, perspective distortion (e.g. due to the position of camera) can
significantly affect the accuracy of local crowd density estimation. Figure
6.1 illustrates the architecture of the Context-Aware Network used in the
experiments of this chapter. The Context-Aware Network attempts to
represent the rapid change of local perspective using multi-scale contextual
information, by inserting a contextual block (Figure 6.1 bottom) between

the frontend and backend of CSRNet (introduced in Chapter 4).

The contextual block first computes the multi-scale feature maps from
the previous VGG feature maps f, using average pooling with different
kernel sizes. The feature map of certain scales can be deemed as the average
representation at the particular sub-area of f,,. For example, a 1 x 1 feature
map generated by average pooling represents the average feature of the
entire f, (first row of Figure 6.1 bottom); and a 2 x 2 feature map generated
by average pooling represent the average feature of every quarter of f,
(second row of Figure 6.1 bottom). These multi-scale feature maps are
further processed by 1x 1 convolution (being learnable and more expressive)
and bilinear upsampling (scaling the feature maps of different scales to the

same size for further computation). Therefore, the process of computing
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f,: VGG feature mapss;: scale feature mapsc;: contrast features

w;: weight maps f,: weighted feature maps f;: contextual feature maps
fully-annotated density map
*We drop the annotations before generating the heatmaps (i.e. from the raw annotations)

partially-annotated density map
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Figure 6.1: Architecture of the Context-Aware Network. Top: general
structure of Context-Aware Network. AMSE is used to supervise the net-
work so it can learn from partially annotated data. As can be seen, the
contribution of this chapter is the AMSE and the handling of partially-
annotated data on the right hand side - the rest of the architecture remains
the same as [92] Bottom: details of the contextual block.

the scale feature map s; can be represented as:

Sj :Ubi<F}(PaUg<fvaj)>0j))> (61)

where j € 1,2,..., N and N is the number of average pooling operations;
P.q(fv,7) average pools f, into n(j) x n(j) blocks; specifically, N = 4 is
adopted, where n(j) € 1,2,3,6; F; represents a 1 x 1 convolution oper-
ation with the parameters 6;; and U, represents the bilinear upsampling

operation.

After computing the scale feature maps, the contrast feature c; at each
scale is generated by ¢; = s; — f,. Here ¢; is a context feature representing
the difference of a pixel and its local neighbours. This difference indicates
the saliency of each pixel at multiple scales, capturing the rapid change of

perspective at various local areas of the image.

121



6.2. RELATED WORK

Similar to the attention mechanism, the scale-specific weight map w;
is first computed from c; before applied back to s; to obtain the context-

weighted scale feature map f,,, as follows:
Wy = sta(cj’ 9ga)’ (62)

where FJ, represents a 1 x 1 convolution layer with the parameters 67,

connected with a sigmoid activation function.

N
> 1w O

fw = N )
Zj:l Wi

(6.3)

where (©) represents element-wise product of two matrices.

f. essentially incorporates the information of where the learning model
should focus on in different scales. Finally f, is concatenated (channel-
wise) with the VGG features f, and sent to the decoder to predict the

density map.

6.2.5 Stacked Hourglass Network

The Stacked Hourglass Network was first introduced to perform human
pose estimation, but it is also popular for object localisation. We conduct
the wheat spikelet localisation experiments based on the dataset proposed
by [111]. Following the similar setting in [111], where the authors simul-
taneously localise spikes and spikelets, and classify awned and unawned
plants using the Stacked Hourglass Network [100], we also deploy a four-
block Stacked Hourglass Network with intermediate supervision, while only
one task — wheat spikelet localisation is performed. The architecture of
Stacked Hourglass Network used in the wheat spikelet localisation experi-

ments in this chapter is shown in Figure 6.2. As the major contribution of
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g L
AMSE . ’ I
1 1
] S
! =
y o
predicted i
heatmap
I

|
AMSE:
|

CxSxS Conv means a convolutional
128x1x1 128x3x3  256x1x1  kernel of SxS size and outputs C-
Conv Conv C:
channel feature maps

x
onv
Input
D - p\
N I I l /

Residual block

partially-annotated heatmap

Figure 6.2: Architecture of a four-block Stacked Hourglass Network. Top:
general structure of the Stacked Hourglass Network, based on [111]; each
white block in the figure represents a residual block (bottom). The method
proposed in this thesis uses AMSE (indicated on the right of the figure) to
supervise the model so it can learn from partially annotated data.

this chapter is a model-independent loss function, below the mechanism of
Stacked Hourglass Network is briefly introduced for readers’ convenience,

with more details can be found in [100] and [111].

The Stacked Hourglass Network stacks multiple hourglass sub-networks,
with intermediate supervision performed after each. Each hourglass sub-
network is an encoder-decoder structure, where the encoder extracts fea-
tures by downsampling (max pooling and convolution), while the decoder
upsamples these features back to the original resolution using nearest neigh-
bor upsampling, and reconnecting the corresponding encoder features. The
hourglass sub-network is designed as such to extract sufficient semantic
representation from downsampling as well as preserve enough spatial in-
formation from upsampling and reconnection — the spatial information is
crucial in localisation tasks. By stacking several hourglass sub-networks,
the Stacked Hourglass Network is able to better capture local and global
relationship, and to refine the outputs by intermediate supervision which
shows performance improvement beyond a straightforward loss at the end

of the network [100].
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6.3 Method

6.3.1 Problem Definition

The aim of this section is training a deep network with competitive perfor-
mance using a reduced number of annotations per image. This reduction
of annotations can be caused by two possible scenarios: 1) intentional re-
duction in annotation quality, as a result of having a learning system which
is able to cope with a quicker, less accurate annotation regimes, or 2) acci-
dental errors and oversight on the part of the annotator trying to achieve
“perfect” labelling. The first of these scenarios could be the result of in-
structing an annotator to only annotate approximately half of the objects
they can see in the image, for example. If a neural network can be trained
successfully in this regime, the time consuming process of labeling a dataset
can be reduced whilst still acquiring high quality annotations for those that

are given.

In contrast, in the second scenario the exact percentage of missing
annotations on each image is difficult to estimate because these missing
annotations are the result of unknown errors. The first, intentional scenario
is more likely to produce more extreme missing data amounts, whereas the
second, accidental scenario is more likely to produce more conservative
drops in annotation data. The proposed AMSE is potentially valuable for
both of these scenarios as different drop rates (again, the percentage data

reduction) are explored.

The AMSE approach presented in this Chapter is developed to tackle
deep learning-based heatmap regression problems, for object localisation
and counting, on 2D RGB images. These images are point-annotated, from

which a Gaussian kernel is applied to generate the heatmaps representing
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(a) Iput (b) Original heatmap (c) 50% reduced (d) 90%reduced

Figure 6.3: A graphical overview of reduced annotations: upper row:
ShanghaiTech Part B [167], bottom row: ACID wheat dataset [111]. (a)
input image, (b) original instance heatmap image, (c¢) and (d) show the
same heatmap as (b) but with 50% and 90% of annotations dropped re-
spectively. The aim is to train a well-performing network using dropped
annotations as represented in (c) and (d).

locations and densities. Different drop rates dr € [0, 1] are applied to the
fully labeled dataset to imitate the scenarios of incomplete annotations.
The drop rate dr is applied equally to all the ground-truth heatmaps in the
dataset and the annotations in each ground-truth heatmap are randomly
dropped subject to dr. For example, if dr = 0, the ground-truth heatmaps
are unchanged, but if dr = 1, then there will be no annotation in any
ground-truth heatmap of that dataset. When dr = 0.5, there are 50%

annotations dropped randomly in each the ground-truth heatmap.

The conducted experiments examine the AMSE performance when
training a deep learning model on such a dropped dataset, and compare
the performance to (1) baseline MSE methods with zero drop out (i.e.
complete annotations), and (2) MSE methods with different drop rates.

Figure 6.3 illustrates heatmaps with different drop rates for comparison.
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6.3.2 AMSE vs. MSE

Mean square error (MSE) is expressed as:
L
MSE ==Y (Vi - Y;)? 6.4
ROILAROE (6.4

where Y; is the ground truth and }A/Z is the predicted value.

Asymmetric MSE (AMSE) is used to counteract the effect of the re-

duced (missing) annotations, which is defined as:
N
AMSE = E Z{[ﬁ + sign(Y; — Y))|(Y; — Vi) }2 (6.5)
N — 7 (2 K3 (2 ) N

where 8 € [—1,1] is a hyper-parameter set manually, and sign(-) is ex-

pressed as:

-1, <0
sign(x) = 0, =0 (6.6)
1, >0

The difference between MSE and AMSE is illustrated in Figure 6.4:
MSE maps the input x equally for both z < 0 and x > 0, while AMSE
favours one side than the other. As a loss function, this imbalance allows
us to punish the model with bias, and hence leads to better performance.
In this chapter, z is set to z = Y; — Y}, where Y; represents ground truth
and Y; stands for prediction from the model. To counteract the reduced-
annotation scenarios, § > 0 (Figure 6.4 left) is adopted because it applies
a higher penalty for the scenarios of Y; < Y; and forces the neural network
to over-predict. To note, when  in AMSE is set to 0, AMSE is equivalent

to MSE.
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Figure 6.4: A comparison between MSE and AMSE. In both graphs, the
blue solid line represents MSE, and the dashed lines show the behaviour
of AMSE under different parameters (noted as ). The graph on the left
shows AMSE under 8 > 0, where the left part of each curve is suppressed,
while the graph on the right shows the opposite.

Below we discuss the use case of AMSE as a loss function to handle in-
complete point-annotations in this chapter. Setting the complete number of
the point-annotations (i.e. fully and correctly labeled targets) in an image
to M, in the case of reduced annotations, dr x M annotations are dropped
(i.e. missed in annotation) so only (1 — dr) x M annotations are left. A
ground-truth heatmap is generated by applying a Gaussian kernel over the
point-annotations, which results in Gaussian (hot-spot) regions centered at
the corresponding points. The values within the hot-spot areas are > 0,
and the remaining areas of the generated heatmap are zero-valued, which
represents the background. Reducing annotations creates a lot of false neg-
atives because some desired areas (i.e. the hot-spot areas) are treated as
background. This causes locations to be lost and counts underestimated in

object localisation and counting tasks respectively.

The neural network, therefore, is expected to overestimate the pre-
dictions especially in the false-negative areas. In other words, the model
should predict larger Y; than the ground truth Y;. As mentioned, x in Fig-
ure 6.4 is set to (YZ—}A/Z) A greater loss should be allocated for (Yi—ffi) > 0;

and when (Y; — Yz) grows, a larger loss should be applied. This will guide
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the neural network to learn a larger Y;. As a result, the model learns to
avoid underestimation, which in practice cancels out the effects from re-
duced annotations. Therefore, 5 > 0 is adopted here to deal specifically
with reduced-annotation cases. This parameter, (3, is the key and the only
tuning parameter of AMSE. As shown in Figure 6.4, when § grows, the
curve becomes more unbalanced. It is reasonable to assume from this that
the ideal value of (8 is related to the drop rate dr for a particular dataset;

this is explored experimentally in the remainder of this chapter.

6.4 Experiments

The experiments of this chapter are conducted on two contrasting tasks —
crowd counting and wheat spikelet localisation to explore AMSE (varying
f) when different portions of point-annotations are dropped. Below we
first introduce the datasets, learning models and implementation details,

followed by the experiments and the relevant analysis in detail.

6.4.1 Datasets
6.4.1.1 ACID Wheat Dataset

The Annotated Crop Image Database (ACID) [111] is used for wheat
spikelet localisation. ACID is constructed from high-resolution (1956x1530)
wheat plant images annotated on spikelets and ears (individual wheat
grains). In the experiments of this chapter, only the point-annotations
on spikelets (92.3 per image in average) are used. The stats of the ACID
dataset are summarized in the first row of Table 6.1. We use 364 images

from ACID to form the training set and 78 different images to form the
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validation set.

Table 6.1: Stats of the ShanghaiTech crowd dataset and ACID wheat
dataset. The average count represents the average number of people or
spikelets of the images in the corresponding dataset. To note, in the
wheat spikelet localisation experiments, the images from ACID are ran-
domly cropped to 256x256 resolution, so the average count reduces accord-

ingly.

resolution number of images average count

ACID 1956x1530 442 92.3
ShA various 482 494 .1
ShB 768x1024 716 123.2

To evaluate the scenarios of incomplete annotations, the annotations
in each ground truth of the training set are randomly dropped before gen-
erating the corresponding heatmap, while the ones in the validation set
remain unchanged. The dropped portions are decided by the drop rate
dr € ]0,1] as discussed in Section 6.3. To note, rather than dropping from
the generated heatmaps, dropping directly from the original point annota-
tions is carried out to simulate the real-life case where the annotators omit
some annotations, either as unintentional error, or as part of a “quick but

Y

messy’ annotation scheme, where annotators may be told that annotating

less than 100% of instances is acceptable.

After dropping the annotations in the training set, a fixed-size Gaus-
sian kernel is applied to the point-annotations to generate the ground-truth
heatmaps. Figure 6.5 left shows two examples of the images from ACID and

their true heatmaps, which are generated from the complete annotations.

6.4.1.2 ShanghaiTech Crowd Dataset

ShanghaiTech crowd dataset [167] is used for crowd counting. Shang-

haiTech consists of 2 parts: part A is constructed mostly of images with
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Ground Truth Ground Truth

0

ACID ShanghaiTech

Figure 6.5: Example images and the corresponding ground truth from the
datasets used in this paper. Left: ACID dataset (image source: [111]).
Right: ShanghaiTech dataset (image source: [167]).

a large number of people (average 494.1), and images in part B (also used
in Chapter 4 and Chapter 5) are relatively less crowded (average 123.2).
Each human head in every image of the dataset is point-annotated. Part
A consists of 482 images with various resolution, which are further divided
into 300 training images and 182 validation images; part B contains 716
images of 768x1024 resolution, which are further split into 400 training
images and 316 validation images. The stats of the ShanghaiTech crowd

dataset are summarized in the second and third rows of Table 6.1.

Same as ACID, the point-annotations in each image of the training
sets are randomly dropped subject to dr, while those of the validation
sets remain untouched. After dropping the point-annotations, a geometry-
adaptive kernel is adopted to generate the density maps for part A and
a fixed kernel is used for part B, Following the same settings as previous
researchers ([167, 85, 92]). Figure 6.5 right shows two examples of the
images from ShanghaiTech crowd dataset and their true heatmaps, which

are generated from the complete annotations.
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6.4.2 Implementation Details

The original structure of Context-aware Network (CAN) [92] is used to
perform crowd counting on the ShanghaiTech dataset [167]. This results in
a size of the predicted heatmap of @ of the input size. The training batch
size is set to 1 for part A because the images of part A vary in size; the
training batch size is set to 4 for part B to balance the performance and
computational power. The detailed implementation parameters of crowd

counting are shown in the second and third rows of Table 6.2.

The Stacked Hourglass Network (SHN) [100] is used to perform the
spikelet localisation on the ACID dataset [111]. A similar Stacked Hour-
glass Network structure as used in [111] is adopted, which is to say four-
stacked with intermediate supervision, and one output head to predict the
heatmap. This leads to the size of the predicted heatmap is 4—i4 of the
input size. Each image in either training or validation set is cropped to
10 different 256 x 256-resolution sub-images, to enlarge the dataset as well
as saving computational consumption. The training batch size in wheat

spikelet localisation is set to 6. Table 6.2 first row shows more implemen-

tation details of the wheat spikelet localisation experiments.

Table 6.2: Training parameters of wheat spikelet localisation (ACID-SHN)
and crowd counting (ShA/ShB-CAN). In the optimizer part, Ir denotes
learning rate, wd denotes weight decay, and mo denotes momentum.

optimizer
input res output res batch size e e wd o
ACID-SHN 256 x 256 64 x 64 6 RMSProp 2.5e —4 0 0
ShA-CAN  various (a x b) & x 2 1 SGD le—7 0 0.95
ShB-CAN 768 x 1024 96 x 128 4 Adam le—5 be—4 0

Importantly, only the annotations from the training sets are dropped,
while those of the validation sets remain the same as the original dataset

(i.e. 100% annotated). Despite dropped annotations, the neural networks
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are expected to localise or count all instances if possible. Different values
of AMSE parameter 3 are applied to the pairs of datasets and models with
various drop rates dr to explore the relationship between 3 and dr, and the

resulting effect on performance.

6.4.3 Crowd Counting with AMSE

In the crowd counting experiments, each model is trained on dropped data
and validated on unseen and undropped data every epoch to view perfor-
mance. The predicted counts are calculated by summing up the values
through each pixel of the heatmaps. The validation results are presented
as Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE),

which are the same as Chapter 4 and Chapter 5.

In the following experiments, “ShanghaiTech Part A” is abbreviated to
“ShA”, “ShanghaiTech Part B” is abbreviated to “ShB”, and, as introduced
before, the Context-Aware Network is abbreviated to “CAN”. For example,
“ShA-CAN” represents the Context-Aware Network trained and validated

on ShanghaiTech Part A.

6.4.3.1 Experiment 1: AMSE on Fully-annotated Data

First, the effects of AMSE on the original, fully-annotated dataset (dr = 0)
are explored to show performance with “perfect” annotations. Ideally the
model trained on AMSE should perform broadly as well as baseline MSE in
this scenario. The validation results, reported in MAE and RMSE (lower
is better), are shown in Table 6.3. Generally speaking, the errors become
larger as S grows. One exception is f = 0.1, which obtains even better

results than 8 = 0 (MSE loss function). This may indicate that the original
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Table 6.3: Validation MAE and RMSE (lower is better) for dr = 0 un-
der different AMSE parameters 8 on ShanghaiTech dataset using Context-
Aware Network: (a) validation results on ShanghaiTech Part A; (b) vali-
dation results on ShanghaiTech Part B. § = 0 is equivalent to using MSE
loss function and g # 0 stands for using AMSE loss function in training.
The best result (i.e. minimum) in each column is highlighted in bold.

(a) ShA-CAN Results (dr = 0) (b) ShB-CAN Results (dr = 0)
MAE RMSE 6] MAE RMSE
0 67.3 103.5 0 8.6 13.7
0.1 64.7 99.6 0.1 8.4 13.3
0.2 69.4 101.2 0.3 8.6 13.7
0.3 101.1 139.6 0.5 8.9 14
0.5 151.2 194.7 0.7 11.2 16
0.7 305.9 365.4 0.9 28.5 32.1

0.9 806.6 949.8

data has already missed some annotations - although this is hard to verify.

From Table 6.3, it can be concluded that an undropped dataset is
indeed sensitive to different 3, but for a relatively small 3, for example up
to 8 < 0.2 in Part A and # < 0.5 in Part B, the performance is not affected

significantly, and sometimes even achieves a slight improvement.

6.4.3.2 Experiment 2: AMSE on Incompletely-annotated Data

The next step is to create dropped datasets from the original ShanghaiTech
dataset using dr = 0.1,0.3,0.5,0.7,0.9, and then apply various values of
S to see how the model reacts to different drop rates. Figure 6.6 (report-
ing MAE) and Figure 6.7 (reporting RMSE) compare the validation results
between using MSE and AMSE loss function in training on ShA-CAN. Fig-
ure 6.8 (reporting MAE) and Figure 6.9 (reporting RMSE) compare the
corresponding validation results on ShB-CAN. Table 6.4 (ShA-CAN) and
Table 6.5 (ShB-CAN) provide numerical results, showing the best valida-

tion MAE/RMSE achieved for each dr and the corresponding optimal /3 of
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Figure 6.6: Validation MAE (lower is better) on ShA-CAN under different
drop rates. Blue line: results obtained by using MSE loss function (i.e.
B = 0) in training. Orange line: best results obtained by using AMSE
loss function in training, with S value under each point showing when the
corresponding result is achieved.
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Figure 6.7: Validation RMSE (lower is better) on ShA-CAN under different
drop rates. Blue line: results obtained by using MSE loss function (i.e.
B = 0) in training. Orange line: best results obtained by using AMSE
loss function in training, with § value under each point showing when the
corresponding result is achieved.

134



6.4. EXPERIMENTS

the proposed method. As a comparison, the results achieved by training
with the original MSE loss function are shown in the column of 5 = 0.

Table 6.4: Validation MAE/RMSE (lower is better) on ShA-CAN under
different drop rates. Columns under $ = 0: results obtained by training
with MSE loss function. Columns under § # 0: best results obtained by
training with AMSE loss function, with 5 value in bracket showing when
the corresponding result is achieved.

MAE RMSE

B0 BAO(estB)  B=0 B0 (best B)
0 67.3 64.7 (0.1) 103.5 99.6 (0.1)
0.1 65.7 65.7 (0.2) 98.9 98.9 (0)
0.3 75.3 66.7 (0.3) 113.6 97.6 (0.3)
05  116.9 71.4 (0.5) 188.5 107.4 (0.5)
0.7 1863 77.3 (0.7) 186.3 114.8 (0.7)
09 3632 90.5 (0.9) 363.2 141.4 (0.9)

Figure 6.6, which presents validation MAE in ShA-CAN, shows that
as drop rate grows, the performance gap between MSE (blue line) and
AMSE (orange line) becomes larger; particularly when dr > 0.3 AMSE
significantly outperforms MSE. A similar trend is observed in Figure 6.7
where validation RMSE of ShA-CAN is shown. Table 6.4 indicates that
when dr < 0.3, the results achieved by AMSE not only beat those achieved
by MSE on the same drop rate but also are marginally better than the
model trained on the undropped dataset with MSE loss function, i.e. dr =0
and 8 = 0 in the tables. The results for dr = 0.5 show that with 50% data
dropped, the performance only reduces 6.1% in MAE (67.3 to 71.4) and
3.8% (103.5 to 107.4) in RMSE compared to the baseline. Even in the very
extreme cases, where 70% and 90% of annotations are dropped per image,
the models only experience 14.9% (67.3 to 77.3) and 34.5% (67.3 to 90.5)
dropped in MAE, respectively. Although these extreme cases are unlikely
to happen in real life (unless annotators are instructed to behave this way),
they still show the robustness and effectiveness of the proposed method.

To note, the optimal ( is selected by evaluating multiple values of g on a
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particular dr and reporting the one that leads to the best validation result.

Table 6.5: Validation MAE/RMSE (lower is better) on ShB-CAN under
different drop rates. Columns under $ = 0: results obtained by training
with MSE loss function. Columns under g # 0: best results obtained by
training with AMSE loss function, with § value in bracket showing when
the corresponding result is achieved.

MAE RMSE
B0 BAO(estB)  B=0 B0 (best B)
0 8.6 8.4 (0.1) 13.7 13.3 (0.1)
0.1 9.2 8.8 (0.1) 14.8 14.4 (0.1)
0.3 18.1 10 (0.5) 19.7 15.9 (0.3)
0.5 48.4 12.6 (0.8) 68.2 17.9 (0.8)
0.7 75.5 16.9 (0.95) 99.1 26.8 (0.95)
0.9 1027 34 (0.95) 133.8 50.8 (0.95)

Similar trends are also shown in ShB-CAN validation results. From
Figure 6.8 and Figure 6.9 it can be observed that when dr > 0.3 the
validation MAE and RMSE achieved by AMSE exceed those obtained by
MSE loss function; and the gap in performance becomes larger when dr >
0.5. Table 6.5 shows that when dr < 0.3 the validation results obtained
by AMSE are better than those achieved by MSE on the same drop rate,
and also very close to the baseline (i.e. dr = 0,8 = 0). When dr > 0.5,
the performance of models trained with AMSE is far better than the ones
trained with MSE. A general preference for increasing § with dr is also

observed, although this pattern is slightly less consistent for the ShB-CAN.

To summarize, the results on ShA /ShB-CAN on various dr shows that
AMSE outperforms MSE when annotations are dropped in training. Par-
ticularly, if one is asked to annotate 70% of points per image (ie. dr=0.3),
using AMSE with a suitable § can still obtain performance on par with
training on 100%-annotated data using MSE. If one wishes to further re-
duce annotations, the results of AMSE will still fall within an acceptable

area until dr becomes extreme (i.e. dr > 0.7).
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Figure 6.8: Validation MAE (lower is better) on ShB-CAN under different
drop rates. Blue line: results obtained by using MSE loss function (i.e.
B = 0) in training. Orange line: best results obtained by using AMSE
loss function in training, with  value under each point showing when the
corresponding result is achieved.
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Figure 6.9: Validation RMSE (lower is better) on ShB-CAN under different
drop rates. Blue line: results obtained by using MSE loss function (i.e.
B = 0) in training. Orange line: best results obtained by using AMSE
loss function in training, with § value under each point showing when the
corresponding result is achieved.
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Figure 6.10: 8 value where the best validation MAE is achieved under each
drop rate on ShA/ShB-CAN.

Plotting dr against (3 of the best MAE achieved (Figure 6.10) indicates
that the optimal S value increases as the dr grows larger. This provides

some hints in how to select a proper [ in real life scenarios.

6.4.3.3 Experiment 3 (Repeated): AMSE vs MSE on dr = 0.5

To eliminate the contingency from the previous experiments caused by
the random initialization of the learning model and the single split of the
dropped-annotation datasets, and to reveal how differently the two loss
functions, MSE and AMSE, behave on a dropped dataset, repeated exper-
iments are conducted on ShA/ShB-CAN for a fixed drop rate, dr = 0.5.
For ShA and ShB dataset respectively, five different folds are created by
randomly dropping a different subset of the annotations per image (by ap-
plying different random seeds). The neural network is then trained using
MSE and AMSE with the best performing 3 noted from earlier experiments
above (i.e. = 0.5 for ShA and g = 0.8 for ShB) on these folds.
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The validation results of the model are reported by average error,
bias and standard deviation, which are shown in Figure 6.11. MAE is a
more common metric for model selection in crowd counting so RMSE is not
reported here — its response is also very similar to MAE. Bias is introduced

here to better reveal the mechanism of AMSE, which is defined as:

N
1 ~

bias = — 3 (¥; = Vi), .

ias Nizl( ) (6.7)

where N denotes the total number of images, Y; denotes the true number
of crowd counts in image ¢ and Y; denotes the predicted crowd counts of
the same image. Bias not only measures the absolute errors (i.e. such as

MAE), but also reports over- or under-estimation of the count.

It is observed from Figure 6.11 panels (a) and (c) (reporting MAE),
that the proposed method (AMSE, orange line) is robust to different ran-
dom samples of annotations as the standard deviation of MAE is small;
AMSE also consistently outperforms MSE (blue line), after sufficient train-

ing, using the same dropped dataset.

Figure 6.11 panels (b) and (d) illustrate the bias as defined in Equation
(6.7): bias < 0 means the predicted count is greater than the true count
(i.e. prediction is overestimated) and bias > 0 represents the opposite
(underestimation). Figure 6.11 panels (b) and (d) which report validation

bias indicates that:

e The proposed method (AMSE, orange line) starts from predicting
overestimated counts and gradually forces the model to predict true
counts during training before overfitting the dropped training data.
However, eventually it leads the model to under-count if training

proceeds.
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Figure 6.11: Average validation MAE /bias of ShA/ShB-CAN on dr = 0.5
from repeated experiments. Under each parameter set, the curves show
the mean and standard deviation (error bars) of 5 repeated experiments,
with various random seeds to generate different dropped training data. All

the curves are smoothed after every 10 epochs. (a)/(b) Average validation
MAE/bias of ShA-CAN on dr = 0.5 with MSE and AMSE of = 0.5 (i.e.

optimal beta, below as the same); (c¢)/(d) Average validation MAE/bias of
ShB-CAN on dr = 0.5 with MSE and AMSE of 5 = 0.8.
e The model trained with MSE (blue line) overfits the dropped data

at the very beginning, and consequently predicts a steady underesti-

mated count throughout training.

e The bias of AMSE crosses zero at around epoch 400 and 100 in
ShA /ShB respectively, indicating when the model begins to under-
count. This matches panel (a) and (c¢) where the curves show that

the models plateau or start performing worse from the same points.

To summarize, AMSE begins with strong overestimation and gradu-
ally moves towards the true count as training progresses. MSE, however,

already underestimates the count at the start, as expected, and never has
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the opportunity to predict correctly. What is key to note is that over train-
ing with AMSE can also lead to underestimation if the model is allowed to
overfit the training data. Therefore, the optimal strategy of using AMSE
may be training the model for a sufficient amount of time, then selecting
the model with lowest validation error - rather than simply training for
a fixed number of epochs and selecting the final model as the best. The
graphs suggest this could potentially be used to locate the zero-crossing

point for the bias - where the model is optimally trained.

6.4.3.4 The Impacts of Different 5 of AMSE

After demonstrating the effectiveness and robustness of the proposed AMSE,
we also evaluated how varying the only parameter of AMSE — g influences
the performance of AMSE on a particular dr. Clearly the improvement af-
forded by AMSE is highly dependant on a suitable choice of 3. Figure 6.12
presents validation MAE curves of ShA/ShB-CAN with different 5 under
dr=0.3 and 0.9, which imitates a realistic case of unintentional missing of
a few annotations, and an extreme case of intentionally dropping many

annotations respectively. Figure 6.12 shows that:

e Almost every [ improves the performance given sufficient training
time, while there is an optimal choice of § among all values for each

dr.

e Under a given dr, a relatively high (not necessarily the highest)
makes the network start from a larger validation error and converge
slower. However, the network can be trained longer before overfitting
the reduced annotations and hence converge to a better end point.
For example in Figure 6.12 (b), which shows the validation results

of ShA-CAN under dr = 0.9, the pink solid line (5 = 0.9) clearly
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Figure 6.12: Validation MAE of ShA/ShB-CAN with various 5 on dr =
0.3 and dr = 0.9 through training: (a)/(b) validation MAE of ShA-CAN
trained on dr = 0.3/dr = 0.9, (c)/(d) validation MAE of ShB-CAN trained
on dr = 0.3/dr = 0.9. The results are averaged every 10th epoch. In each
sub-graph, the blue dashed line (trained on fully-annotated data with MSE
loss function) and the orange dashed line (trained on reduced data with
MSE loss function) delineate the baseline boundaries of the experiments.
The solid lines (trained on reduced data with AMSE loss function) are
expected to fall between the dashed lines to show the effectiveness of AMSE;
those closer to the blue dashed line show better performance.

converges later than the other parameters, and to a lower MAE.

e Under a given dr, choosing a too high 3, may reduce performance,
though it is still better than not using AMSE (orange dashed line).
For example, in Figure 6.12 (d), which shows validation results of
ShB-CAN under dr = 0.9, the brown solid line (8 = 0.99) performs
worse than the purple solid line (5 = 0.95), while it is still better

than the orange dashed line (i.e. using MSE).

To conclude, AMSE is able to compensate for reduced annotations
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by allowing the network to train longer and learn better before overfitting.
Choosing an exact 3 is more complex because it depends on different dr and
data. In the next section, we consider applying AMSE on wheat spikelet

localisation, where the positions of the objects matter.

6.4.4 Wheat Spikelet Localisation with AMSE

Spikelet localisation is a more complicated task than crowd counting be-
cause it aims to localise each spikelet instead of directly counting the tar-
gets. In the following experiments, each model is trained on data of re-
duced annotations and evaluated on the fully-annotated unseen set every
five training epochs. Following the same setting as [111], the location of
each spikelet is calculated by non-maximum suppression over the predicted
heatmap and the validation results are presented as the F1 score, which is

defined as:

precision x recall TP
precision +recall TP + S(FP+FN)’

F1=2x (6.8)

where TP, FP and FN represent number of true positives, false positives

and false negatives, respectively.

True positives are the predicted points on the positions of the corre-
sponding ground-truth points; false positives are the predicted points that
do not match any ground-truth point (i.e. predictions on the non-spikelet
positions); false negatives are the ground-truth points that do not match
any predicted counterpart. As perfect pixel-level predictions are difficult,
in practice, we allow a one-pixel error for the predictions (the resolution of
the predicted heatmaps is 64 x 64). To note, as F1 score is used here, higher

results are better (opposite to the previous crowd counting experiments).
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6.4.4.1 Experiment 1: AMSE on Incompletely-annotated Data

Similar to the experiments in crowd counting, the Stacked Hourglass Net-
work is trained on the wheat spikelet localisation task (abbreviated to
spikelet-SHN below) under regimes of dr = 0.1,0.3,0.5,0.7,0.9 using the
AMSE loss function. Figure 6.13 and Table 6.6 compare the validation F1
score between training with MSE and AMSE. Here the impact of applying
AMSE on a fully-annotated dataset (i.e. dr = 0) is not explored because

it was demonstrated in the more generic crowd counting.

Table 6.6: Validation F1 score on spikelet-SHN under different drop rates.
B = 0: results obtained by training with MSE loss function. § # 0: best
results obtained by training with AMSE loss function, with § value in
bracket showing when the corresponding result is achieved.

Fl-score (%)

ar B=0 B #0 (best )
0 84.2 -

0.1 78.5 80.2 (0.1)
0.3 65.9 82.3 (0.7)
0.5 50.8 78.7 (0.7)
0.7 27.2 77.9 (0.9)
0.9 8.1 70.3 (0.9)

Figure 6.13 shows that the validation F1 score of the model trained
with MSE (blue line) worsens as the drop rate increases, while the perfor-
mance of the model trained with AMSE (orange line) still holds steady.
Table 6.6 shows that with 30% and 50% annotations dropped, training
with AMSE only experiences a 2.3% (84.2 to 82.3) and 6.5% (84.2 to 78.7)
performance drop compared to the baseline (dr = 0, = 0); even under
the extreme case where only 10% annotations remain (dr=0.9), the model
trained with AMSE can still achieve 83.5% (70.3 / 84.2) of the performance
of the baseline, while the model trained with MSE shows far below accept-

able performance. It is also observed from Table 6.6 that the optimal
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Figure 6.13: Validation F1 score (higher is better) on spikelet localisation
under different drop rates. Blue line: results obtained by using MSE loss
function (i.e. § = 0) in training. Orange line: best results obtained by us-
ing AMSE loss function in training, with 5 value above each point showing
when the corresponding result is achieved. Green bar: what percentage of
annotations per image is used in training (100% stands for fully-annotated
data).

tends to increase as dr grows, in a similar way to how it behaves in the
crowd counting experiments. The nature of the increase is not linear, but

still shows a monotonic relationship.

6.4.4.2 The Impacts of Different 7 values in AMSE

Moreover, the validation curves throughout the training process with var-
ious dr and (8 are shown in Figure 6.14. The models are validated after
every 5 training epochs on unseen fully-annotated images, and the pre-
sented curves are smoothed by averaging every 5 results. Figure 6.14 again
confirms that AMSE is able to delay overfitting, and helps the models learn
better on dropped annotations, with performance nearly always falling be-
tween the baseline best case (fully-annotated data, MSE) and baseline

worse case (dropped data, MSE).
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Figure 6.14: (a) — (e): validation F1 scores of spikelet-SHN under dr =
0.1,0.3,0.5,0.7,0.9 respectively through training. Each curve is smoothed
by averaging every 5 results. In each sub figure, the blue dashed line
(trained on fully-annotated data with MSE loss function) and the orange
dashed line (trained on dropped data with MSE loss function) delineate
the baseline boundaries of the experiments. The solid lines are trained on
dropped data with AMSE of different values of 5. (f): The best value of 3
for each drop rate.
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6.4.4.3 Visual Results of Wheat Spikelet Localisation

As mentioned before, spikelet localisation aims to obtain the accurate po-
sition of each spike (rather than simply a count), so here some graphical
results are presented in addition to the F'1 scores. Figure 6.15 compares the
predicted heatmaps on validation data from the models trained with MSE
and AMSE respectively, when dr = 0.3,0.5,0.7,0.9. This figure shows that
the models trained with MSE predict much fewer spikelets compared to
the ground truth (2nd row versus 3rd row in sub figures) especially under
extreme cases where dr > 0.5. However, the predictions from the mod-
els trained with loss are very close to the ground truth (2nd row versus
4th row in sub figures), even when the drop rate is extreme at dr = 0.9.
The performance gap between using MSE and AMSE becomes increas-
ingly wider as dr grows. In Figure 6.15 (d), the predicted heatmaps from
the AMSE model (4th row) contain some noticeably brighter background.
This is a side effect when a large [ is applied (e.g. § = 0.9) because the
model tends to predict higher pixel values globally. However, it does not
affect the accuracy of the predicted wheat spikelet positions. Applying a
simple threshold method, or looking for local maximum, would be able to

counteract the background, if necessary.

The F1 scores (Table 6.6) and the graphical results (Figure 6.15)
demonstrate that AMSE is able to effectively counteract the absence of
some point-annotations in wheat spikelet localisation, even when the miss-
ing portion is large (e.g. dr = 0.9). On the other hand, images from the
ACID dataset have consistent background and the average number of tar-
gets (i.e. spikelets) is relatively small compared to crowd counting, which
may be easier to localise more true positives even when the training labels

are inaccurate and incomplete.
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Figure 6.15: Inputs, ground truth and predicted heatmaps of spikelet lo-
calisation under different dr. The first row in each sub figure shows the
validation images. The second row in each sub figure shows the ground
truth (fully annotated). The third row in each sub figure shows the predic-
tions by the model trained using MSE loss on the dropped data under the
given dr. The fourth row in each sub figure shows the predictions by the
model trained using AMSE loss with the optimal § under the given dr.
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6.5 Discussion

6.5.1 Summaries of AMSE

The experiments of crowd counting and wheat spikelet localisation have
shown that the proposed AMSE loss function can achieve performance
close to (or even better than) the no-dropout baseline in the presence of
substantial dropped annotations when the only tuning parameter § is set
properly. Even without tuning, a small value of g still leads to better per-
formance than using MSE in some cases. This result provides tolerance to
unintentionally missing annotations, and potentially more practical anno-

tation guidelines, where 100% annotation coverage is not required.

The proposed method is not restricted to object counting and localisa-
tion; it could be expanded to other learning tasks. AMSE may also provide
some insights of how to deal with other non-intentional errors in annota-
tions. For example, human annotators may over-count the instances in the
images when the gaps between the objects in the images are blurry; in such
case, using AMSE with 8 < 0 may help ease the situation, which can be

explored in the future.

Despite the effectiveness of the AMSE method, the downside of using
the AMSE approach would seem to be a relatively longer training time
when f is large; however, too long also causes overfitting, so a balance is
necessary, as with most training regimes. The estimation of dr and [ is

also worth discussing;:

e On an intentionally-dropped dataset, where the annotators are in-
structed to label fewer targets, dr is known, which simplifies the case.

Annotators can be explicitly instructed to only label about half the
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instances, for example. However, in the case where the annotations
are missed due to fatigue or carelessness of the annotators, dr needs
to be determined. This dr could be estimated empirically by careful
annotation of a small subset of the training data, and comparing this

with the existing annotations.

e The best 3 is positively related to dr, but the value of the optimal
varies in different data and models. One could empirically determine
the best g for the AMSE loss by trial and error on a subset of a
dataset. This may require further mathematical exploration on the

patterns of AMSE under different drop rates.

Nevertheless, if the dr or g is still unclear, gradually increasing [
from a relatively small value (e.g. 8 = 0.1) can potentially improve the
neural network. As shown in Section 6.4.3, a small § does not worsen the
performance in our experiments; it may even benefit the model trained
on the “perfectly-annotated” data. This indicates that the labels of the
public datasets may be imperfect, although the true drop rates of them are

difficult to estimate.

6.5.2 Limitations of Experiment Settings

Instructing the annotators to ignore some targets to speed up annotation
may result in only clear and easy-to-see instances being labeled, whilst the
challenging objects are omitted, which would skew the training set and
reduce the learning models’ capabilities of generalization and coping with
complex senarios. This is not considered in this chapter as the annotations
are randomly dropped from the original datasets. Future work should con-

sider the effect of this potential skewing.
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In addition, in this chapter, drop rates are set to be consistent across
all training images. However, in real-life applications, drop rates fluctuate
among images because labeling exact portions of visible objects of an image
is a difficult task for humans; it is also unlikely that annotators uninten-
tionally miss a same percentage of labels in every image. The effectiveness
of AMSE upon this more realistic situation should be investigated in the

future.

To note, in this chapter, pixel-level labels are dropped subject to a
preset drop rate at every training image of original resolution (1956 x 1530),
while in the wheat spikelet localisation experiments, the training images
together with their ground-truth heatmaps (generated from the dropped
point annotations, as described in Section 6.4.1.1) are randomly cropped to
a smaller resolution (256 x 256 as described in Section 6.4.2) before sending
to the model, which may create crops varying drop rates. As AMSE works
quite well in wheat spikelet localisation, it may indicate that AMSE is

capable to deal with inconsistent drop rates among training images.

6.6 Conclusions

This chapter discusses a novel scenario — training with fewer annotations
per image — which is a combination of weakly-supervised learning and semi-
supervised learning. This scenario can potentially create a more efficient
annotation process to save time and efforts, particularly in the tasks with a
large number of similar objects; for example, annotators could be advised to
annotate half of the visible objects per image. A simple yet effective method
— AMSE is proposed and explored, to not only adapt to this scenario,

but also improve the neural networks without modifying the fundamental
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structure of them when the ground truth is, or is likely to be, incomplete.

The results of the experiments on wheat spikelet localisation and crowd
counting demonstrate the effectiveness and robustness of AMSE, even when
removing 90% of annotations. When dr < 0.5, using AMSE in training can
achieve comparable performance as using a fully-annotated dataset with
MSE. The approach requires only one parameter to be chosen — 8 - which
is positively related to the drop rate of the data, though the nature of this
relationship does vary depending on dataset. It is worth deploying to save

the efforts of labeling or counteract the unintentionally missing labels.
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Conclusions and Future Work
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7.1 Summaries of the Work

This thesis aims to address the problem of training deep learning mod-
els with fewer labels in image-based plant phenotyping. Active learning,
semi-supervised learning, and weakly-supervised learning approaches are
applied, improved or proposed to address various plant phenotyping tasks,
with extended verification on more widely relevant, more generic computer
vision tasks. The findings of the thesis provide the plant phenotyping
community with how to effectively use limited data and lower annotation
requirements to develop deep learning models which still perform well. The

main contributions of the thesis are concluded below:

e Chapter 3 evaluates different active learning techniques in flower clas-
sification, showing that the number of labels can be reduced by in-

crementally selecting and labeling the most informative data.

e Chapter 4 explores semi-supervised heatmap-regression-based crowd
counting and aphid counting with a consistency-regularization-based
approach, Mean Teacher. An adaptive method of updating the weight
of the consistency loss is proposed to replace the common ramp-up
functions. Rather than simply assuming the increasing reliability of
the teacher model during training, the proposed method considers
the fluctuation of the performance and calculates weights dynami-
cally by evaluating the teacher model on the labeled data in every
training iteration. The proposed adaptive weight not only improves
the performance, but also reduces the complexity of optimizing Mean

Teacher on aphid counting.

In addition, we propose an aphid dataset of 199 high-resolution im-

ages with both pixel-level annotations (i.e. point-annotations on four
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types of insects) and image-level labels (i.e. confidence label), which

will boost the research of image-based plant phenotyping.

As Mean Teacher is less effective on the more general task of crowd
counting, Chapter 5 explores FixMatch, which is based on pseudo-
labeling and consistency regularization, on semi-supervised heatmap-

regression-based crowd counting and aphid counting.

FixMatch is initially proposed for image classification, using Cutout
to enhance the data transformation, and thresholding the predicted
probabilities to select the confident pseudo-labels. However, in heatmap
regression, Cutout is inappropriate — causing inconsistency between
the pair of input and output, and estimating the confidence of pre-
dictions is difficult. Therefore, we propose to use FixMatch with
Monte Carlo Dropout and Shadowout in semi-supervised heatmap
regression. Monte Carlo Dropout provides a practical solution to
estimate the uncertainty on regression tasks, by simply calculating
the mean and variance from multiple predictions on the same image.
Shadowout, which randomly alters the brightness of multiple random
areas, instead of brutally blocking a region of an image, which can
distort counts, can also be applied to other tasks where local infor-
mation of the inputs affects the outputs. The experiments on both
crowd counting and aphid counting demonstrate the effectiveness and

robustness of the proposed methods.

Chapter 6 explores a task relevant to both semi-supervised and weakly-
supervised learning — learning with fewer pixel-level annotations per
image. The incomplete annotations can be caused unintentionally, for
instance, due to fatigue and carelessness, or intentionally, for exam-
ple, the human annotators are instructed to only label a few objects

on each image. The latter leads to a potentially more efficient and
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more accurate annotating scheme, where the workload and difficulty

of labeling a dataset and each single image are both reduced.

Learning with fewer pixel-level labels is less explored; the existing
methods are complex in terms of model architecture or hyper-parameters
and mainly address segmentation or detection tasks, which often con-
tain fewer objects. We propose to use an asymmetric MSE (AMSE)
loss function to train deep learning models on heatmap-regression-
based crowd counting and wheat spikelet localisation with fewer point-
annotations. The counting and localisation datasets generally have
more targets in the images than the previous research of training with
fewer pixel-level labels. The proposed AMSE is effective and robust
across various models and datasets. In addition, AMSE only has one
hyper-parameter, which is related to how few point-annotations there

are, simplifying the optimization of the algorithm.

7.2 Limitations of the Work

Although the proposed methods show effectiveness and robustness in re-
ducing the labeling expenses and efforts, they can still be improved. The

limitations of the proposed approaches are summarized below:

e In Chapter 3 (active learning on flower classification), first, a model of
active learning may lack the ability of self-correction when it is misled
by some training samples. Second, in real application, a real-time
system to enable a rapid interaction between an active learning model
and human annotators may be needed. Third, the annotating process
is often an open-set problem, meaning that not all the target classes

are known in advance, but only closed-set problems are discussed in
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the chapter.

In Chapter 4 (adaptive Mean Teacher on aphid and crowd counting),
first, the proposed adaptive consistency weight is calculated based on
evaluating the teacher model on the labeled data of each batch, which
may be inaccurate because the number of labeled images per batch
is relatively small. Second, the proposed adaptive consistency weight
favors the images with fewer targets, which may skew the learning

process.

In Chapter 5 (FixMatch with Monte-Carlo Dropout and Shadowout
on aphid and crowd counting), the main limitation is that Monte-
Carlo Dropout only estimates the uncertainty from a model, but the
uncertainty from data is ignored. One way to fix this problem is to
integrate aleatoric uncertainty (introduced in Section 5.5) into the
model, which often requires an additional predicting head that may
be harmful to performance of the model. Another way to incorpo-
rate the uncertainty of data is to apply different data augmentation
parameters (e.g. using Shadowout with a smaller intensity range)
before each time performing Monte-Carlo Dropout, which does not

require modification of the structure of a model.

In Chapter 6 (incomplete pixel-level supervision using AMSE on
wheat spikelet localisation and crowd counting), first, in the setting
of experiments, the annotations are randomly dropped. However, in
reality, annotators may only label the big or clear targets, which may
skew the training set and reduce the accuracy of counting or locali-
sation. Second, the drop rate is set to be consistent on each image in
our experiments. However, in reality, it is unlikely that an annotator
labels or misses a same percentage of targets on every image. Third,

the only parameter of an asymmetric mean squared error (AMSE)
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needs to be determined in advance. It is related to the drop rate, but

the drop rate itself is also difficult to estimate.

7.3 Future Work

This thesis has explored active learning, semi-supervised learning and weakly-
supervised learning as a means to reduce the labeling labour and boost ma-
chine intelligence. There are other promising domains that can either im-
prove the proposed methods in this thesis or further reduce the dependence
on labeled data, in addition to those that have already been mentioned in

the discussion sections of the previous chapters.

7.3.1 Open-set Active Learning

In Chapter 3, active learning is applied to a 17-category flower classification
task, which is a closed set problem, i.e. the target classes are known in
advance. However, in real applications, one may find that the unlabeled
set, which contains much more images than the labeled set, consists of
both known classes and unknown classes, making the learning process an

open-set problem.

Liu and Huang [95] attempt to develop a model for the scenario where
the training set contains only unlabeled data with known classes and the
test set includes data from both known and unknown classes. They propose
to use a diversity-based querying strategy to find the most representative
samples to label, and a low-rank representation method to learn the dis-
criminative features that are able to differ novel classes from known classes.

Ning et al. [107] also tries to solve the open-set problem but in a different
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scenario — the training set is an open set containing both known and un-
known classes, while the test set is a closed set including only the known
classes. The key to this problem is filtering the samples from unknown
classes when querying labels on unlabeled data, as they are often quite un-
certain to the model (i.e. easy to be selected by query functions) but can
mislead the learning model (because their labels can only be drawn from
the known classes). The authors first train a detector with both known
unknown classes to model the per-sample max activation value distribu-
tion with a mixture of Gaussian models to differ images from known and
unknown categories; and then the most uncertain samples of known classes

are queried for labels to train a separate classification model.

7.3.2 Improving AMSE with Uncertainty Estimation

In Chapter 6, we propose to use an asymmetric mean squared error (AMSE)
to adapt to scenarios of incomplete pixel-level labels. However, the only
hyper-parameter of an AMSE, 5, needs to be determined by estimating
the level of label incompleteness (i.e. drop rates) in advance, which is often
difficult. If we can find a way to automatically represent or approximate to

the drop rates, it may make the proposed AMSE more effective and robust.

In Chapter 5, we have shown that estimating the uncertainty of the
predictions using Monte Carlo Dropout (or aleatoric uncertainty introduced
in the discussion section) is useful when adapting FixMatch to regression.
Uncertainty estimation can also be incorporated with AMSE by assuming
that greater uncertainty corresponds to greater drop rates, and hence to

adjust the parameter § accordingly.
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7.3.3 Learning the Concept of Repetition

In Chapter 4, 5 and 6, we explore counting tasks, which are important in
plant phenotyping. These tasks often require pixel-level labels (e.g. point-
annotations) on a large number of, but similar-in-appearance (e.g. from
the same category) targets. This makes us wonder if we could train a
model to learn the concept of repetition. This may boost the development
of generic counting models that can automatically count all repeated or

similar objects with much fewer labels.

In fact, some inspiring works in an area called class-agnostic counting
have been done recently. Class-agnostic counting aims to train a counting
model that can potentially count all the targets from any given class, which
is often treated as a one-shot or few-shot learning problem, where one or
few exemplars of the target class are presented and the model needs to
identify the other similar items in an image. The similarity between targets
from the same category is explored and matching or clustering methods
are often applied to class-agnostic counting. For example, Lu et al. [97]
train a generic matching network based on the self-similarity of an image.
They consider matching as tracking within an image and use some video
tracking datasets to train the model. Yang et al. [161] develop a two-
stream ResNet to match the reference images (i.e. exemplars to count) to
the targets in an query image in different scales. Godi et al. consider many
objects (e.g. cells and LEGO toys) are composed of one or multiple basic
shapes (e.g. circles and triangles) and hence pre-train a detection model
(e.g. Mask-RCNN [51]) on a dataset consisting of various basic shapes.
The pre-trained model is then used to detect objects of arbitrary classes,
before grouping (counting) the objects composed of similar shapes using a

clustering method. The scenario of incomplete pixel-level labels (discussed
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(c) shape of majority: circle (d) shape of majority: square

Figure 7.1: Example images of the data with mixed snacks (top) and syn-
thetic shapes (bottom). The synthetic shapes are generated in random
color and size to force the learning model focus on the contours of the
shapes.

in Chapter 6) can also be transferred to a class-agnostic counting problem

by treating the few labeled targets as exemplars from the interested class.

During my PhD, we have an unfinished idea to count the major tar-
gets regardless of their categories in an image. This idea is inspired by
the observation that in most counting tasks, the class we want to count
dominates in quantity. For example, in aphid counting, aphids appear far
more than other insects, and in crowd counting, the number of humans
is much greater than the number of cars. In practice, to being exploring

this idea, we created a synthetic shape dataset consisting of different num-
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bers of circles, squares and triangles (Figure 7.1 bottom) and attempted
to train a UNet to segment and count the dominant shape in each image;
we expected to learn the representation of “majority” and promote it to
counting other objects. The early results of this work were encouraging but
further exploration is needed to warrant future development. In addition,
we also started collecting some real-life images for learning the major class,

for example, images of mixed snacks (Figure 7.1 top).

7.3.4 Coarse-grained Supervision

As introduced in the background Section 2.6.2, coarse-grained supervision
is an important category of weakly-supervised learning, which attempts
to learn a finer-grained task using coarser-grained labels. For example,
learn object counting using image-level labels (e.g. the number of counts),

instead of pixel-level point-annotations.

For the scenarios having few targets (e.g. wheat spikelet counting,
compared to crowd counting), human annotators may quickly estimate
the number of targets without clicking on them individually, which is a
natural application of coarse-grained supervision. Moreover, it is feasible
to only use the binary classification label, which indicates the existence of

the desired class, to supervise counting [11].

During my PhD, we ran some exploratory experiments applying class
activation mapping (introduced in Section 2.6.2), which is a popular ap-
proach in coarse-grained supervision, to count pollen cells. Figure 7.2
shows some images from the pollen cell dataset used. In particular, we
first trained a classification model to detect the existence of pollen cells in

the images with binary labels, before generating the class activation maps
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Figure 7.2: Example images of pollen cells (the bright blobs).

of the pollen cells using Grad-CAM++ [21], which is good at highlighting
multiple targets from the same category. We then applied some conven-
tional image processing techniques, i.e. thresholding and edge detection,
to the class activation maps to obtain bounding boxes on small groups
of pollen cells. Figure 7.3 illustrates how we utilize class activation map-
ping towards pollen cell counting in the coarse-grained supervision manner,
where the final counting approach is still under exploration. We expected
to perform wunsupervised counting from the generated bounding boxes; a
potential solution is to use a clustering method based on the size of the
bounding boxes and the density (e.g. distance between objects) of pollen
cells within the individual bounding boxes because they are highly relevant

to the number of targets.
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bounding boxes around targets thresholded CAM

counting edge detectol

Figure 7.3: The pipeline of weakly-supervised pollen cell counting.

7.4 Conclusions

As the rapid development of deep-learning and computer-vision based plant
phenotyping advances, the increasing demands and costs of obtaining high-

quality labeled data cannot be neglected.

In this thesis, we examine and develop various approaches, includ-
ing active learning (Chapter 3), the adaptive Mean Teacher (Chapter 4),
MC-FixMatch and Shadowout (Chapter 5), and Asymmetric MSE (AMSE,
Chapter 6), to train the learning models with fewer or easier labels to re-
duce the time and expense of annotating data. Besides, these methods are
designed in an adaptive or less-parametric way to reduce the effort of opti-
mizing the learning models. We also discuss some potential improvement
(Section 7.3) which may further reduce the dependence on labeled data

when developing deep learning models in plant phenotyping.

We hope the findings and the proposed approaches in this thesis can
promote the research of more effective and more efficient methods of utiliz-

ing data in deep learning for plant phenotyping, as well as the more general
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research of machine intelligence.
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