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Abstract

Deep learning is a highly successful class of methods in the artificial intelligence (AI)
field that has a variety of applications. To perform well, deep learning models require
a large amount of high-quality annotated data. Data annotation is a time-consuming
and laborious task that requires a significant amount of human labor, which makes it
expensive. This work aims to reduce the time required to annotate image datasets by
building an easy-to-use software tool that has semi-automated annotation powered by an
artificial intelligence model. We developed a web-based tool and employed HQ-SAM, a
deep neural network for image segmentation based on Vision Transformers, to generate
polygon annotations based on the user’s prompts. Although HQ-SAM has a good zero-
shot generalizability, we fine-tuned it on the Bean Leaf Dataset to evaluate how well the
network adapts to specific tasks. We observed an increase in accuracy of the fine-tuned
model in comparison with the pre-trained one. We tested our tool with 20 participants,
all of whom are from the computer vision and graphics fields. We asked them to annotate
the same two images both manually and Al-aided, and we recorded the annotation times.
Lastly, we asked the participants to fill out a usability form about their user experience. In
our evaluation, we registered a median speedup of 1.5  regarding the Al-aided annotation
compared to manual annotation and overly positive answers regarding our tool’s ease of

use and usefulness.

Keywords: Deep learning, web application, semi-automated annotation, image datasets,

vision transformers.



Resumo

A aprendizagem profunda é uma classe de métodos muito bem-sucedida no campo da
inteligéncia artificial (IA), possuindo uma ampla gama de aplicagoes. Para ter um bom
desempenho, os modelos de aprendizagem profunda exigem uma grande quantidade de
dados anotados de alta qualidade. A anotacao de dados é uma tarefa demorada, trabal-
hosa e que requer uma quantidade significativa de esforco humano, o que a torna cara.
Este trabalho tem como objetivo reduzir o tempo necessario para anotar conjuntos de
dados de imagens através da criagao de uma ferramenta de software que seja facil de
usar e na qual se tenha um sistema de anotagao semi automatizado através do uso de
um modelo de inteligéncia artificial. Essa ferramenta foi desenvolvida como um sistema
Web e empregou-se a HQ-SAM, uma rede neural profunda para segmentacao de imagens
baseada no Vision Transformers, para gerar anotacoes de poligonos com base em entradas
do usuario. Embora o HQ-SAM tenha uma boa generalizagao sem especializacao, foi feito
um ajuste fino com o conjunto de dados Bean Leaf para avaliar a capacidade de adaptacao
da rede a tarefas especificas. Observou-se um aumento na precisao do modelo ajustado
em comparacao com o modelo pré-treinado. Testou-se a ferramenta com 20 participantes,
todos eles das areas de visao computacional e computagao grafica. Pediu-se aos partic-
ipantes que anotassem as mesmas duas imagens manualmente e com auxilio de IA, e
registrou-se os tempos de anotacao. Por fim, pediu-se aos participantes que preenchessem
um formulédrio de usabilidade com perguntas sobre sua experiéncia de usuario. Nesssa
avaliacdo, registrou-se um speedup mediano de 1,5 em relacdo a anotagao auxiliada por
IA em comparacao com a anotacao manual e as respostas as em relacao a facilidade de

uso e a utilidade da ferramenta proposta foram predominantemente positivas.

Palavras-chave: Aprendizagem profunda, aplicacao Web, anotacao semi automatizada,

conjuntos de dados de imagens, transformadores visuais.
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\ ‘I checked it very thoroughly,” said the
computer, ‘and that quite de nitely is the
answer. | think the problem, to be quite
honest with you, is that you 've never ac-
tually known what the question is.” "

Douglas Adams (The Hitchhiker’s

Guide to the Galaxy)
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1 Introduction

Deep learning is a class of methods that can learn from raw data the representations
required to complete a certain task. They are made up of several simple modules called
neurons, each of which slightly transforms the input in a nonlinear way. Those neurons
are arranged into layers. By stacking up multiple layers and interconnecting them, it
is possible to learn a wide range of complicated functions that model the data fed in
(LECUN; BENGIO; HINTON, 2015).

Although deep learning has a lengthy history, only recently computer power and
data availability have increased to the point where this technique could stand out. The
year of 2012 can be considered a watershed moment because it was when the deep convo-
lutional neural network architecture known as AlexNet (KRIZHEVSKY; SUTSKEVER,;
HINTON, 2012) outperformed all traditional techniques in the ImageNet Large Scale Vi-
sual Recognition Challenge, which has been held annually since 2010 (RUSSAKOVSKY
et al., 2015).

For over a decade now, deep learning has been the state of the art of many
arti cial intelligence applications, including speech recognition, scienti ¢ data processing
(such as those from particle accelerators), predicting the behavior of potential therapeutic
drug molecules, and many others (LECUN; BENGIO; HINTON, 2015).

According to LeCun, Bengio and Hinton (2015), the most common method for
tting a deep learning model is via a technique known as supervised learning. It works
by rst collecting a vast amount of data, annotating it, and then executing the so-called
training algorithm. For example, given a set of pictures of cats and dogs, each with a
label that correctly identi es the image class, a deep learning model can iteratively pass
through the dataset, attempt to guess which class of animal is present in each picture,
compare its predictions to the correct labels, and then self-correct itself from its mistakes.

Having high-quality annotations is essential for a supervised learning. Aside from
labels that indicate which class an image belongs to, there are di erent forms of annotation

for di erent purposes. As an instance, object detection in a computer vision context refers
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to locating objects in an image such as faces, cars, pedestrians, and so on (ZHAO et al.,
2019). Annotations for that type of problem, in addition to the object class, require the
object's coordinates in the image, such as its bounding box.

Another classic problem is the image segmentation. There are di erent kinds of
segmentation, but overall, the main goal is to create multiple meaningful partitions of an
image (MINAEE et al.,, 2021). Segmentation annotations are frequently more complex
than the ones for other tasks since the problem requires pixel-wise class assignment.

Despite of its e ectiveness, deep learning presents numerous challenges, including
it being intrinsically a blackbox | i.e., how the model makes decisions is hardly explain-
able in human language | and data-related issues, such as its scarcity for speci c tasks
and over tting (SMITH; SMITH; HANSEN, 2021). Over tting occurs when a model
performs well on training data but not well on unseen data, implying that it does not
generalize its learning. Among other factors, over tting is induced by using a dataset
with an insu cient amount of elements, so noise and outliers cause signi cant in uence
on the training results (YING, 2019).

One of the primary causes of data scarcity is the cost of annotating a dataset.
Consider the case of MS COCO, one of the most popular datasets in computer vision for
object detection and segmentation. Over 70,000 hours of human labor were required to
provide approximately 160,000 annotated images, which represented roughly fty percent
of the initial plan (LIN et al., 2014).

Annotating datasets is expensive mostly because it requires many hours of human
labor. Thus, introducing automation, such as an arti cial intelligence agent, which can
carry out at least some part of the work for itself, could signi cantly reduce dataset
creation costs.

This work proposes to develop an annotation software tool that implements such
an arti cial intelligence agent. As deep learning algorithms dominate the state of the art
in arti cial intelligence, it is natural to employ them for the development. The tool should
make use of a model trained on previously existing data, so it is able to make reasonable
predictions about how new data should be annotated. The human annotator's work is

then reduced to reviewing the agent's forecast and correcting any errors that may arise.
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1.1 Objectives

The main objective of this project is to create a software application that uses an arti cial
intelligence model to partially automate image annotation. As a result, we intend that the
tool can improve the e ciency in new datasets creation processes by reducing the number

of hours necessary of human work. Also, we have the following speci ¢ objectives:

~ To investigate which arti cial intelligence models can be employed to aid annotation;
" To develop user-friendly software with a low learning curve;
" To be able to export annotation data in appropriate forms for use;

" To evaluate the proposed tool with users.
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2 Theoretic Foundations

In this chapter, we will give a brief introduction to some concepts of arti cial intelligence
(Al), focused on the techniques used by this work. In Section 2.1, we discuss the origins
of the Al eld and the basic functioning of arti cial neural networks. Following this, in
Section 2.2, we examine the vision transformer, which is the base architecture of the deep
learning model used by us. Lastly, we discuss in Section 2.3 the HQ-SAM (KE et al.,

2023a) and its ability to segment images based on human prompts.

2.1 Articial Intelligence and Neural Networks

Arti cial Intelligence is a term rst used in 1955 in \A Proposal for the Dartmouth
Summer Research Project on Arti cial Intelligence” (MCCARTHY et al., 2006). The
proposal aimed to raise funds for the realization of a conference with the goal to advance
the understanding of \(...) how to make machines use language, form abstractions and
concepts, solve kinds of problems now reserved for humans, and improve themselves."
Although arti cial neural networks (ANNSs) were not initially considered the most
promising area, the Al community has been studying them at least since the Dartmouth
Conference. The ANNSs are based on a simpli ed model of biological neurons. An arti cial
neuron consists of weightsv,; ws; :::; w,, a scalar called biad, an activation function f ,
and inputs xi;X»; 35, X,. Equation (2.1) gives the neuron's outputy, and Figure 2.1
provides a graphic representation (HAGAN; DEMUTH; BEALE, 2014).
I
X
y=f w;iXi + b (2.1)
i=1
Arti cial neural networks are built in layers. There is always an input layer
consisting of the input vector fed into the network, as well as an output layer containing
the results. The intermediate layers are known as hidden layers, and they consist of one

or more arti cial neurons. Traditionally, all neurons in a layer share the same input, and

the output of one layer serves as the input for the next. This type of architecture is known
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Figure 2.1: A graphical representation of an arti cial neuron. Adapted from Hagan,
Demuth and Beale (2014).

as feed-forward neural networks and it is illustrated in the Figure 2.2.

Figure 2.2: A graphical representation of an arti cial neural network (Adapted from
Hagan, Demuth and Beale (2014)).

A neural network requires good weights to function properly. The most frequent
method for nding them is to employ an algorithm known as backpropagation. Initially,
the weights are set randomly, and the model is given some data for making predictions.
The forecasts are then compared to the correct labels or annotations using an objective
function, which quanti es how far the forecast deviates from the desired output. Next,
the gradient of the objective function is calculated, because its opposite indicates the
direction where the prediction error decreases the most. Finally, the chain rule is employed
to update each node in the network along the negative gradient direction. This process

is repeated until the mean of the objective function stops decreasing (LECUN; BENGIO;
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HINTON, 2015).

2.2 Vision Transformers

From a theoretical standpoint, multi-layer feed-forward networks with non-linear acti-
vation functions are already universal approximators. They are capable of approximat-
ing any measurable function with any degree of precision (HORNIK; STINCHCOMBE;
WHITE, 1989). However, over time, several di erent ANN architectures have been pro-
posed with the goal of improving e cacy in certain domains.

For instance, Vaswani et al. (2017) proposed the Transformer architecture for
machine translation. The novelty was that this model only used the so-called attention
mechanism, whereas most previous state of the art approaches used techniques such as
recurrency and convolution. The Transformers launched a new era of high-quality models
in natural language processing. As a result, new e orts began to utilize them in other
elds as well.

Dosovitskiy et al. (2021) introduced the Vision Transformer (ViT) for image
classi cation. The authors demonstrated that the ViT outperformed the state of the art
at the time on large datasets. The ViT has since become part of a variety of computer
vision models, including the one employed in this study. Thus, we present VIiT here with
further detalils.

As Figure 2.3 illustrates, how the Vision Transformer works can be split into six
main steps. First the image input is split in a sequence of xed-size 2D patches, because
Transformers work with sequential data. Then, the patches are attened and mapped
to D dimensions through a learnable linear projection. In addition, an extra learnable
embedding, which later is going to be used as a classi cation token, is prepend to the
sequence of patches embeddings. In order to retain positional information, a learnable
positional encoding is applied. Next, the Transformer encoder takes the embeddings as
input, computes the attention between them, updating each embedding based on all the
others. Finally, the classi cation is performed by a multi-layer perceptron (MLP) fed
with the nal state of the extra embedding, which is expected to serve as the image

representation.
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Figure 2.3: Vision Transformer (Adapted from Dosovitskiy et al. (2021)).

Figure 2.4 depicts the Transformer encoder's internal structure. Essentially, it
is made up ofL blocks of normalization, multi-head attention, residual connection, a
second normalization, MLP, and a nal residual connection. A residual connection is a

connection that bypasses one or more layers (HE et al., 2016).

Figure 2.4 Transformer encoder (Adapted from Dosovitskiy et al. (2021)).

The attention layer has three inputs, which are denoted as queries, keys, and
values | in VIiT, all the three are distinct linear projections of the same data, but queries
source could be di erent than the values and keys sources in some other cases. The model
compares queries and keys for a given set of inputs to determine how much each value
should contribute to the nal output. Let Q, K, and V be matrices containing, respec-
tively, queries, keys, and values. The matrice® and K share the same dimensionality
dk, while V has dimensionalityd,. The similarity of Q and K is computed through the
dot product and, for numerical stability reasons, it is divided byp d¢. Then, a softmax

function is applied to obtain a probability distribution. Finally, the result is multiplied
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