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Abstract

Arti cial Intelligence (Al) is one of today’s fastest growing technologies, and has been
evolving for decades. It allows machines to have the ability to "learn”, and self-correct.
This technology is used in many elds, such as decision making, diagnostics in medicine,
pattern recognition and virtual reality among others.

This project has been carried out at StagelnHome, a startup company specialized in Al
and Deep Learning for interior decoration. In this case, the proposal is to build a bed
recommendation system.

For this project, we have created databases of both images and metadata, an image
retrieval according to resemblance, a classi er to di erentiate bed types and nally a user

interface that allows an easy use of the whole implemented system, including also a price
Iter.
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Resum

La Inteligencia Arti cial (1A) es una de les tecnologies amb mes perspectiva de creixement
d’avu en dia, i que porta evolucionant desde fa decades. Aquesta tecnologia permet
gue magquines tinguin la capacitat d’aprendre, raonar o autocorretgir-se i s’utilitza en
camps molt diversos com en presa de decisions, diagnostics de medicina, reconeixement
de patrons i realitat virtual entre d’altres.

Aquest projecte s’ha d’esenvolupat a StagelnHome, una empresa especialitzada en 1A i
Deep Learning per a la decoracio automatica d’espais interiors. En aquest cas, es proposa
un sistema recommanador de llits.

Per aquest projecte, s’han creat bases de dades, tant de imatges com de metadades, un
recomanador d’imatges segons la semblanca, un classi cador per diferenciar els tipus de
lliti nalment una interf cie d’usuari que permet un facil us de tot el sistema implementat
tambe un Itre de preu.
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Resumen

La Inteligencia Arti cial (1A) es una de las tecnolog as con mas perspectivas de crecimiento
de hoy en d a, y que lleva evolucionando desde decadas atras. Esta tecnolog a permite que
maquinas tengan la capacidad de “aprender", "razonar" o autocorregirse y es utilizada
en muchos campos, como en toma de decisiones , dignosticos en medicina, reconocimiento
de patrones y realidad virtual entre otros.

Este proyecto se ha llevado acabo en StagelInHome, empresa especializada en 1A y Deep
Learning para la decoracion de espacios interiores. En este caso, se propone construir un
sistema recomendador de camas.

Para este proyecto, se han creado bases de datos tanto de imagenes como de metadatos,
un recomendador de imagenes segun el parecido, un clasi cador para diferenciar los tipos
de camay nalmente una interfaz de usuario que permite un facil uso de todo el sistema
implementado incluyendo tambien un Itro de precio.
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1 Introduction

1.1 Project Overview and Statement of purpose

The project has been carried out at StagelnHome, which is a startup company based in
Barcelona, that by using Arti cial Intelligence can decorate interior spaces with only one
picture as an input image.

The pieces of furniture that the user can see in the StagelnHome's decorated output are
generated using generative models, meaning that they do not exist. So the user could not
buy them if they liked some of the items.

Figure 1: Diagram that presents how the technology of StagelnHome and this project t together.

The aim of this project is to build a furniture recommendator that uses the previous
mentioned generated images as input. Then, using image processing techniques, Al as
well as some user preferences, presents to the costumer similar pieces with some additional
information and where they can buy them. A diagram can be seen in Figure 1.

The idea of this project was suggested by the company after working in the PAE subject,
where StagelnHome asked the group to build a furniture "Shazam". This was a system
that aimed to identify di erent pieces of furniture in a room and tell the user where to
buy or nd them.

1.2 Objectives
In this section the main objectives of the project are shown.
" Develop a Web Scraping algorithm for a speci c site.
" Analyze images with image processing techniques.
" Develop an Image Retrieval block that takes into account similarity and user inputs.
" Create a user interface to show results.

" E cient and well-structured code.
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1.3 Work Plan

The work plan has a total of 8 main work packages: Web Scraping, Filter Database, Image
Retrieval, Segmentation, Classi cation, Join all blocks, User Interface and Documentation.
These have been distributed in 4 months. The Gantt diagram is presented in Figure 2,

Figure 3 and Figure 4.

Figure 2: Gantt diagram of the project (1).

Figure 3: Gantt diagram of the project (2).

Figure 4: Gantt diagram of the project (3).

More about the work packages can be found in Appendice A.
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2 State of the Art and Fundamentals

In this section there will be a review of the technologies that are being used in the Image
Retrieval and in the segmentation elds. In addition we will explain the relevant context
in order to make a better understanding of the next Methodology and Results.

2.1 Image Retrieval

The aim of Image Retrieval systems is to nd similar images by searching and retrieving
them from a large digital database [1].

With this purpose there are di erent approaches [2]:

" Text based Image Retrieval uses the text associated to an image to know what
it contains. It allows to present the information as a textual query, and will nd
the relevant images based on the match between the textual query and the manual
annotations of images [3].

In Content Based Image Retrieval, the images are searched and retrieved depending
on the similarity of their visual contents to a query image. For this features of the
iImage are used with a feature extractor that is used to extract level features like
color, texture and shape.

Semantic Based Image Retrieval uses the semantic meaning of the images. This is
one of the e orts that aims to close the semantic gap problem, which is the di erence
between the image representation and the needs of the user's information. There are
two main approaches: Annotating images or image segments with keywords through
automatic image annotation or adopting the semantic web initiatives.

From now on, we will focus on Content Based Image Retrieval since it seams the best op-
tion for our use case. It consists on four steps: data collection, build up a feature database,
searching in the database and nally order the results of the retrieval by calculating the
distance between the features of the query image and of the images in the database.

Figure 5: Hand-crafted and Deep Learning Features [4].

This features can be Hand-crafted features or Deep Level features (Figure 5). The hand-
crafted features, are extracted by using information presented in the image itself with
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Image Processing techniques such as HOG. The Deep Level features are obtained by deep
learning using Neural Networks such as CNN.

In DeepCBIR [5], they propose to use deep learning features derived from a convolution
network that has been trained for a large image classi cation problem. From it, a n-
dimensional feature vector will be obtained.

The feature vector mentioned above comes from Convolutional Neural Networks (CNNs)
which are a sequence of layers that have a hierarchy. They start with an input layer
followed by one or multiple hidden layers and nally, they end in an output layer. The
rst layers are basically edge detectors and they extract low level features. As we go deeper
in the architecture, the model represents deep level features that are extracted from the
low-level ones (Figure 6). The features extracted in the layers of a CNN that is trained
as an image classi er serves as good descriptor for image retrieval tasks.

Figure 6: Examples of Low level features and Deep level features [5].

On the one hand, there are Global features which are global descriptors of an image and
produce a single vector with values that describe aspects of the image such as shape,
colour and texture. This are useful for classi cation purposes. The main advantage of this
type of features is its ability for extraction and the low computational cost, but they often

fail to take into account the visual content of the Image.

On the other hand, Local descriptors, are more e ective for high level applications. They
have a higher complexity and computational cost since the features have more dimensions
in the space. Nowadays, research focuses on the use of Deep Learning techniques for the
extraction of these features since they seem to outperform the traditional methods.
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2.2 Segmentation

We can distinguish three main types of segmentation: Semantic Segmentation, Object
Detection, and Instance Segmentation (Figure 7).

" Semantic Segmentation has the purpose to predict a label for each pixel of an Image.
It does not distinguish between di erent objects of the same class.

Object Detection recognizes object categories and it predicts the position of the
object by a bounding box. So it does distinguish between di erent items that are
included in the same class.

Instance segmentation is a combination of the previous explained techniques and is
able to identify di erent objects while it assigns the same label to objects that are
the same class, and also separates them pixel by pixel with a mask.

Figure 7: Examples and comparison of segmentation types [6].

So, for spatial detection there can be two di erent settings: On the one hand, a bounding
box, which is a rectangle that localizes objects. And on the other hand, a pixel-mask that
Is more precise than the previous one and segments the objects by telling which pixels
belong to the detected ones.

2.2.1 Object Detection

Object detectors can be divided in two categories:

" Two-Stage detectors, like R-CNN [7], rst they get a proposal of regions from where
to extract the features. Then, for each proposed region, a classier predicts the
category of each one of them.
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" One stage detectors, such as YOLO [8], make predictions of objects on each location
without the region scan step. Although the performance of the rst ones is better,
one-stage detectors are more time-e cient.

From now on we will focus on the Two-Stage detectors since are the ones that have been
used in this project because in this user case the computation time is not that important
as its performance. In Figure 8 are some of the architectures used .

Figure 8: Overview of di erent two-stage detection frameworks for generic object detection [6].

R-CNN [7] is a pioneer neural network as two-stage object detector and its work ow
has three main steps: Proposal generation of the regions, feature extraction and region
classi cation. First it generates around 2.000 proposals (separating the regions that can
easily be classi ed as background). Then each of these proposed regions is cropped and
resized and is encoded into a feature vector by using a deep CNN. Next, this feature
vector goes through a one-vs-one classi er. Finally, in order to make the bounding box t
the object, box regressors are used with extracted features as inputs.

The main drawbacks of this method is that the features of each proposal are extracted
separately meaning that there are a lot of duplicated computations and it is very time
consuming not only the training part, but also the testing. The three steps mentioned
earlier are independent and can not be implemented as an end-to-end proposal. It also
struggles to generate high quality proposals in complex situations.

Another convolutional neural network that has some improvements compared to the pre-
vious one is the Fast R-CNN [9]. It has xed length regions and it computes a feature
map for the whole image with xed length region features. To extract these features a
ROI Pooling layer is used and it only takes one value on N for tid N grid. Next, these
feature vectors are fed into a sequence of fully connected layers that lead to a classi ca-
tion layer to generate the softmax probabilities and with it the label. Finally leading to a
regression layer to have a more accurate bounding box. This approach can be optimized
to an end to end and it achieves a better detection accuracy while having a better training
and inference speed.
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Finally, The Faster R-CNN [10] relies on a RPN, which is a fully convolutional network
that takes an image of arbitrary size and generates a set of object proposals on each
position. This network slides over the feature map using m  m sliding window and
computing a feature vector for each position. This feature vector goes to a object classi -
cation layer which classi es each proposal as an object or background and to a bounding
box regression layer. Although it can be optimized in an end-to-end manner, it is di cult

to detect small objects since it uses a single deep layer feature map to make the nal
prediction.

3 Methodology

Figure 9 represents the structure of the project which has been divided in di erent blocks.
At the end, they all together work to deliver to the user the nal recommendation images
and metadata as outputs.

Figure 9: Outline of the project.

The work ow begins when the user uploads an image, generated by StagelnHome, that
will be classi ed according to its bed type (master, individual or cradle). Next, the image
will go through the segmentation block where a bounding box will be computed and
it will be used jointly with a preprocesed database to nd similar images in the Image
Retrieval block. After that, the user will be able to Iter taking into account the price

of the products. Finally the retrieved image will be displayed as well as all the related
products within the price range with its information.

3.1 Preprocessed Database

In order to build this recommendation system we rstly needed to build an image database
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