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Abstract

Detecting Fashion Apparels and their Landmarks
Himani Saini

Fashion landmarks are the functional key-points on the apparels that can be used for a
more discriminative visual analysis of the apparel images. Such a framework can facilitate
apparel alignment in displaying apparel images on the websites or help build a system to
ensure dress code in a particular environment. However, challenges such as background
clutter, human poses, scales and apparel variation can render such a task difficult. We
present a conceptually simple, flexible, and general framework for apparels’ landmark
detection that can be simultaneously used for apparel classification and localization. In
addition to the position of the landmarks in the apparels, we also classify the landmarks
as visible or occluded in the same framework. The fashion landmark detection task is
similar to joint localization and detection problems like human pose estimation, hence
our approach extends stacked hourglass architecture, originally proposed to solve human
pose estimation. We perform all these tasks in parallel using multi-task learning. Our pro-
posed convolutional neural network is end-to-end differentiable and simple to train, since
all these tasks are performed on the same architecture without any additional parameters
to learn. Over the past few years, many modifications have been proposed to improve this
architecture. We also compare the performances of some of these different variations of
stacked hourglass architectures. These architectures leverage both global and local fea-
tures captured by the deep convolutional neural networks to better localize the apparel in
the image as well as the landmarks in those apparels. We test and analyze our results on
DeepFashion dataset. We also weigh the trade-offs of the detecting the landmarks in a
category-aware environment, i.e., pre-classified apparels and category-agnostic environ-

ment, i.e., unclassified apparels.
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Chapter 1

Introduction

Fashion is essential to our society. It is an interplay of expressing oneself as well as
presenting oneself appropriate to the formal and informal occasions. In the past few
years, visual analysis of fashion items have received a lot of interest from the research
community because of the gamut of applications ranging from apparel classification [,
2., 13]], retrieval [3}, 4} 15, 16} [7], recommendation [8, 9, [10, [11], attribute prediction [1} 12,
131 [14]] to style discovery and extraction [15} (16, [17, [18]], outfit generation [19], to name
a few. There has also been an attempt to directly measure the abstract social concepts
such as popularity [20], adequacy [21] or fashionability [7, [18} 22]]. Since fashion is a
very subjective domain, defining an objective metrics is a very tricky task, hence much
of this work focuses on learning the image similarity [23]. Solutions to such challenging
problems can be applied to build a virtual apparel system for e-commerce or can be a
key component in studying the social-behavioral aspects of fashion. Hence research in
this field brings a lot of value to the fashion e-commerce industry, which is estimated to
be $ 712.9 billion by 2022 [24]. The advent of deep convolutional neural networks and
the availability of powerful computational resources have enabled researchers to draw
meaningful information from the fashion images. This research is further advanced by
the availability of the large-scale fashion datasets like Fashion MNIST [25]], DeepFashion
[12], FashionAl [26], DeepFashion2 [27], PaperDoll [28], etc. to tackle different tasks.

Fashion landmark detection is another such task that can bring enormous value to this
domain. These fashion landmarks are the key-points located at the functional regions of
the apparels e.g., neckline, cuff, etc. and much like human key-points in the problem of
human pose estimation [29], they can represent the configuration of an apparel by itself
or on a human body. These functional regions can better distinguish design, pattern or

texture and category of the apparels. They can facilitate tasks like tracking, localized



auto-editing of apparel images, or by providing better insights into fashion trends, style
analysis, etc. in order to build more customized recommendation systems. One of the
key applications of such landmarks is to create a consistently-aligned inventory to boost
the appeal of the apparel images on the websites. Detecting landmarks can help making
sure that all the apparels displayed on the website are uniform in size and their corners,
contours and angles are carefully aligned with respect to each other as well as to the align-
ment guidelines set for the apparel photography work-flow of the website. Another key
application of these landmarks can be to develop a system to ensure the dress codes as per
the occasion and environment. The relationship of these detected landmarks among each
other can give meaningful insights on the type of apparel a person is wearing which can
be checked against the established dress-code to flag the anomalies. Hence the detecting

landmarks can bring effectiveness in both social and commercial fashion domains.

However, localization of these landmarks is a challenging problem because of the di-
versity of apparels, background clutter, occlusion, scale variation, frequent style changes,
etc. In addition to these variations, the images also differ in their environment e.g., the
images from an e-commerce platform are aesthetically and technically superior [30] to
the images collected from a social media platform. Moreover, these images also exhibit
human body and pose variation since people across different platforms take pictures in
different poses and photos are taken from different camera viewpoints and focal lengths.
On one hand, local details on apparel images like collar and cuff are more important to
localize these landmarks, while on the other hand, global attributes of the apparel itself
are more important in order to solve the spatial relationships among those landmarks, i.e.,

the left and right collar or the left and right sleeve.

In this work, we solve this problem using stacked hourglass architecture [31], which is
a dominant approach forming the back-bone of many leading approaches for MPII dataset
[32], a benchmark for human pose estimation. The key aspect of the stacked hourglass
architecture is that it extracts and consolidates the features across all scales, leveraging
both local and global information present in the images to learn the spatial relationships
among the different locations of the image. It does so using repeated bottom-up and top-
down processing, that constitutes its hourglass shape. Furthermore, this architecture is
extended by stacking multiple hourglasses next to each other, which enables cascaded
inferences along with intermediate supervision. Over years, many modifications have
been made to this architecture. Two such variations are pyramid residual networks [33]]
and cascaded pyramid fusion [34]. These architectures were built to employ specific
properties of convolutional neural networks like mutlti-scale features maps, etc. in order

to further improve the predictions.



Deep convolutional neural networks have significantly improved the image classifica-
tion and detection accuracy owing to the powerful baselines architectures like Fast/Faster
R-CNN [35,136]], Mask R-CNN [37], single shot multibox detector (SSD) [38], you only
look once (YOLO) [39], etc. All these methods are conceptually intuitive and robust
with fast inference and training time and work by detecting the center, height and width
of the bounding box. However, all these approaches use anchor boxes of different sizes
and aspect ratios as the object detection candidates. But as noted in [40]], using anchor
boxes is not very computationally efficient because in order to detect a tight bounding
box localizing the object in the image, a number of anchor boxes having sufficient over-
lap with the ground truth box are detected and compared. This large set of anchor boxes
have a huge imbalance between positive and negative anchor boxes, which slows down
the training [40]]. Also, a lot of hyper-parameters and heuristic design choices, like size,
aspect ratio are associated with these anchor boxes. In our work, instead of the center,
we localize the top-left and bottom-right corners of the bounding boxes for each category
of the apparel, in a similar way to landmarks on the apparel, without any need of anchor
boxes. This works, because whereas the center of the object depends on the four corners
of the object, the two corners can be estimated using the features from two diagonally
opposite spatial locations of the objects. Mask R-CNN [37] architecture uses multi-task
learning in order to simultaneously perform object detection, classification, segmentation
and pose estimation in one single network. Our approach is motivated by Mask R-CNN
in that sense, but unlike Mask R-CNN, which introduces branches to the base network
and adds more parameters specific to learning specific tasks, our approach uses the same

features to perform all these tasks in parallel.

The contributions of this work are as follow:

e We present a unified framework for fashion landmark detection, apparel classifica-

tion and localization in the apparel images.

e We review the modularized structure of the stacked hourglass architecture with
its variations and compare these architectures to propose the most suitable one to

perform the described fashion analysis.

e Since the landmarks are sparse, i.e., different categories of apparels have differ-
ent number of landmarks, we also explore the trade-off for the learning on pre-
classified apparels, i.e., category-aware learning as well as on unclassified apparels,
1.e., category-agnostic learning of these landmarks. e.g., the type of landmarks

present in a T-shirt will be different from those present in the pants.



Thesis Outline

The remainder of this work is organized in the following manner. Chapter 2 enlists the
related work in the fashion domain as well as in the related domains that try to solve
similar joint localization and detection problems. We review some recent developments
fashion landmark estimation and in other key-point detection problems. We also discuss
recent developments in object detection. In Chapter 3, we formulate the problem of joint
landmark detection and classification of apparels in apparel images. In Chapter 4, we
explain the modular structure of the stacked hourglass architecture and its variations in
a step by step manner. In Chapter 5, we do an exploratory analysis of DeepFashion
dataset. We review the quantitative and qualitative results of the proposed methodology
in Chapter 6 and 7 respectively. Finally, in Chapter 8, we conclude the results and provide

future scope of this work.



Chapter 2

Related Work

In this chapter, we will review the previous work in the fashion domain. Fashion analysis
in images has long been a research topic among the computer vision community and over
the years, it has come a long way from preliminary analysis to providing rich information

to identify trends and behaviours.

2.1 Fashion and Computer Vision

Traditional attempts to create powerful representation out of fashion images [8, [14] mostly
relied on handcrafted features like SIFT [41], HOG [42] or color histograms. But the
performance of these methods was limited by representation power of these extracted
features. In order to learn spatial information, the probabilistic methods such as graph
models [43] were used. Early apparel recognition attempts were based on a region-
based interpretation of the apparel image modelled in a graph structure [44]. [43] on
the other hand tackled this problem using a context-sensitive grammatical representations
of apparels using artists’ sketches. On the other hand, [45] combined the body contours
with a low dimensional apparel model to represent apparels as a deformation from the
underlying body contour and learns these deformations from the images using principal
component analysis. Yet another work, [14] classified the apparels as semantic attributes
of a person by extracting low-level features in a pose-adaptive manner and combining
complementary features to learn attribute classifiers. Owing to the availability of the
large-scale datasets [[12} [25] 126, 27, 28] and powerful computational resources, there has
been a shift in the research community towards deep learning based models [1} 6, [12].

These models outperform the prior approaches by a huge margin demonstrating the strong



representation power of neural network. However, the algorithms performing generic
tasks like object detection or classification, [9, 35,37, 46] do not perform as well in the
fashion domain due to the huge variations in the apparel images as well as the platforms

from which these images are collected.

In Deep Learning, neural networks provide a way to approximate and generalize
on a given dataset. In traditional Computer Vision, image representations were hand
engineered by the computer vision experts and domain experts. e.g., if certain patterns
are to be detected in the cancer cells, the images of cancer cells need to be evaluated by the
medical experts, who can then share that knowledge with the computer vision experts, so
that the specific filters can be created in order to capture those patterns automatically. This
limits the system of detection to the human understanding. Whereas, in convolutional
neural networks, such filters are computed over the time with the data as input and the
prediction as output. The predicted output is compared with the actual output and error
is back-propagated through the network to update the computed filters. As observed in
many experiments, the filters in the initial layers learn the local features like edges and
contours, whereas the filters in later layers learn global shapes of the objects. We will

discuss more about the inner workings of the convolutional neural network in chapter 4.

2.2 Joint Localization and Landmark Detection

Previous methods have studied joint localization and detection in the context of facial
landmark detection and human pose estimation. Both are complex problems with enor-
mous value. While facial landmark detection can be helpful in building powerful facial
detection systems, human pose estimation has its own advantages for tracking, motion
capture etc. In this section, we will briefly discuss the work done in both these domains

and how these problems are different from fashion landmark detection.

2.2.1 Facial Landmark Detection

Facial landmark detection is a similar key-point localization and detection task where,
the goal is to detect some essential key-points in human faces, e.g., the tip of the nose,
the corners of the eyebrows, eyes, mouth, etc. Detecting these landmarks is a prereq-
uisite for a variety of computer vision applications [47]. Some of the methods tried to
tackle this problem using simple regression techniques [48), 49, 50]. These techniques

use convolutional neural networks to learn facial features and then pass these features



through regressors in an end-to-end fashion [S1}, 52]. Putting such system in a cascaded
architecture progressively improves the prediction [53) [54]. Another category of facial
landmark detection uses heat-map regression over the same features [S5, 156, I57]. These
facial landmark detection methods also focus on the facial shape, e.g., in [S3], the extreme
head pose is used in addition to the landmark locations or as in [58]] wherein rich facial
deformations are used to aid the training process. But our problem is different from facial
landmark detection since in the faces, the deformations in facial landmarks come from the
expressions and poses, while these expressions and poses are contained within a common
global shape. However, in fashion apparels, the diversity in apparels makes it much more

difficult to localize the landmarks.

2.2.2 Human Pose Estimation

There has been an extensive research in human pose estimation [29, 33,59, 60], which is
another similar task in terms of localizing key-points of deformable entities. The objective
in human pose estimation is to represent the orientation of a person in a graphical form,
by locating the co-ordinates of some specific joints, called key-points and joining the
valid pairs to form the limbs and hence the skeleton. The methods proposed to solve the
pose-estimation have progressed from simple part detectors and elaborate body models
(61} 162]], to tree-structured pictorial models [63, |64]], to using deep learning via convolu-
tional neural networks. Convolutional neural networks benefit from spatial generalization
ability, hence, help locating the object of interest irrespective of it’s location in different
images. This property arises from spatially shared parameters of convolutional neural
networks. For key-point localization, the algorithms use heat-map regression, instead of
numerical-coordinate regression because direct numerical-coordinate regression over the
fully connected layers is a highly non-linear problem and lacks the spatial generalization
ability [65]. Hence for heat-map regression is used instead where the heat-maps encode

pixel-wise spatial estimate of the location of the key-points.

The work in this context can be mostly categorized in two different approaches: A fop-
down approach, where first a person detector detects bounding boxes for the people in the
image and then a pose estimator estimates the key-points present in the each bounding
box; and a bottom-up approach, where key-point proposals are grouped together into
person instances. Typically, top-down approach depends upon the strength of the person-
detector used, while the bottom-up approach depends upon the strength of the associating
or grouping algorithms. Top-down approaches are less efficient when people are in close
proximity to each other because the bounding box created by the person detector might

contain the body parts of the other people in the image, hence creating false associations.



DeepPose [66] was proposed using numerical coordinate regression, where the first
stage predicts the numerical coordinates and the later stages refine the predictions by
calculating offsets. [67] was the first to use heat-map regression in a bottom-up fash-
ion, first detecting the body parts using deep convolutional neural networks and then
using Markov random field to find the association among the parts. Similar approach
was followed by convolutional pose machines (CPM) [56]], by using heat-map regression
instead of numerical coordinate regression, hence each stage operates on the heat-maps
produced by the previous stage, increasingly refining the co-ordinates of the key-points
locations. The success of both the approaches imply that cascade arrangements are effec-
tive to distinguish the human-pose at a global level. OpenPose [68], was another popular
bottom-up approach that feeds the extracted features of an image to two parallel branches,
first predicting the heat-maps and the second one predicting the part affinity-fields, which
represent the degree of association between the parts. The further processing involves
predicting the bipartite graphs for the key-point pairs and then pruning the weaker links
part affinity-field values. This was also modelled as a cascaded network. While these are
bottom-up approaches and very efficient in the case of multi-person detection, stacked
hourglass [31] was proposed as a top-down approach that leverages the cascaded network
for refining the network predictions by introducing intermediate supervision. This net-
work architecture has a high expression-ability since each stage extracts and combines
features across different scales hence producing rich high resolution features of the im-
ages. This approach has since been the back-bone of many leading approaches on MPII
dataset [33, 34, 59,160, 169] and is the basis of our proposed methodology.

2.2.3 Fashion Landmark Detection

Initial work on Fashion Landmark detection [3] takes bounding boxes of the apparel
images at the training as well as testing time. But such bounding boxes are hard to
annotate for the real-time data, hence the algorithm should be able to learn from the full
input images. In addition to input images, it takes 8 labels, i.e. upper, lower or full-body
apparel categories, normal, medium or large poses and medium zoom-in or large zoom-
in variations to learn pseudo-labels representing the relationship of one sample image to
another. These pseudo-labels are then used to learn and refine the landmark localization

in a cascaded network and learn the apparel configuration.

The next work [70]], takes full images as an input as well as zoom-in or zoom-out labels
to inject high-level human knowledge into the network. It uses Selective Dilated Con-
volution to handle scale discrepancies and Hierarchical-Recurrent Spatial Transformer

network, as an attention mechanism to ignore the background clutter. Selective Dilated



Convolution use dilated filters instead of the traditional convolutional neural network fil-
ters in order to increase the receptive field of the image, keeping the same number of
parameters. This helped in evaluating images at different scales, using 4 different dilation
values. Hierarchical-Recurrent Spatial Transformer networks on the other hand are the
modification of spatial transformer networks, which are used to encode a mechanism to
handle affine distortions in the image. It learns the geometric transforms on the input im-
age to focus more on the object in the image, ignoring the background. But since fashion
images provide a lot of variations in terms of poses and background clutter, a series of
geometric transformations, progressively for all the landmarks in an hierarchical manner.
In addition to that, so as to not learn the same transforms again, a recurrent state of the
transforms is saved for each landmark. [3}/70] employ direct regression over the fully con-
nected layers, which is a highly non-linear problem and lacks the generalization ability
[65]. When the features obtained after convolutional layers are flattened, there is a huge
loss in the spatial features of those feature maps. Instead, recent approaches for both hu-
man pose estimation [33, 159, 160] and fashion landmark detection [[13]] predict heat-maps

or confidence maps of positional distribution of each landmark, given the input image.

The recent approach [[13]] encodes the knowledge over fashion apparels by developing
a domain specific grammar to learn kinematic and symmetric relations between apparel
landmarks. Bidirectional Convolutional Recurrent Neural Network is used for message
passing over the learned grammar. It also uses two attention mechanisms: one that is
landmark-aware and involving domain-knowledge, and another directly focusing on the
category relevant image regions. This attention is learned in a supervised manner and
encodes semantic and textual constraints. While all these approaches work with different
efficiencies, they produce features specific to fashion landmarks only and cannot be used

for other tasks.

During our research, we realized that fashion landmark detection [12] is similar to
human pose estimation in terms of the objective, yet is more challenging because of many
reasons. The human key-points in the images are subject to rigid deformations, whereas
the landmarks in fashion items are subject to non-rigid deformations like stretching and
shrinking. Furthermore, apparels have a much larger scale variation than human poses. A
same category of apparel can have it’s landmarks at different places on human body. e.g.,
A dress can be a full-body dress, a medium-length dress or a short-length dress, making
the localization of the dresses’ landmarks more difficult. Also, local regions of fashion
landmarks have larger appearance variations than those of human key-points. e.g., An
upper-body woman apparel can be a T-shirt, a camisole, a racer back top or a tank top.
Another challenge comes from the uneven number of landmarks in different apparels.

In human pose estimation, the number of key-points are fixed throughout the dataset,



(fifteen in MPII [29]). Whereas, in fashion landmarks detection, different apparels have
different number of landmarks. e.g., In DeepFashion [[12]], an upper-body apparel has six
landmarks, a lower-body apparel has four landmarks and a full-body apparel has eight
landmarks. Even if both upper and lower-body apparels are present in an image, the
annotations are provided only for one of these categories. This makes it difficult for
the network to learn the landmarks to predict in an image. In human pose estimation,
the global cues captured by the later stages of convolutional neural network provide the
spatial context for the localization of the key-points with respect to each other. Hence, the
key-points that are difficult to localize and differentiate, e.g., shoulders and elbows, are
learned with respect to the key-points that can be localized with greater confidence e.g.,
head or neck. But in case of fashion landmarks, the position of the sleeve can be anywhere
on the arm with respect to the collars. So, properly learning the contextual information is

more important for localization of fashion landmarks.

2.3 Object Detection and Classification

Convolutional neural networks based object detectors [35, 136, 137, 138, 139]] have achieved
advanced results on various benchmark datasets [[71, [72]. The key component of these
networks is the candidate boxes around all the objects in the image. These boxes are
called the anchor boxes and for each candidate in the image, they are created in different
sizes and aspect ratios, so as to produce a tighter bounding box localizing the object in
the image. These prior anchor boxes are then used to perform both object classification,
by predicting a class score and object localization, by proposing the bounding box coor-
dinates. Most of the object detectors are divided into two categories: two-stage detectors

and one stage detectors.

Two-stage detectors are called so because in the first stage, a sparse set of regions of
interest are generated (ROIs) and in the second stage, a convolutional neural network is
trained to classify them as a bounding box of the object instance. A post processing step
like non-maximum supression [72]] is used in order to select the most accurate bounding
box from the proposed ones. This technique was first introduced by R-CNN [73], which
uses traditional computer vision algorithm like selective search [74] in order to generate
ROIs. These ROIs act as the input for the convolutional neural network. But since the
input image could be of any resolution with only one object instance, this creates a lot
of redundant computations, which are directly proportional to the number of ROIs gen-
erated. This was then improved by spatial pyramid pooling (SPP) [75] and Fast R-CNN

[35]] by first generating the feature maps from the image using some convolutional layers
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and then generating ROIs from those feature maps. But since they are using two different
algorithms to propose ROIs and process them, these networks cannot be trained end-to-
end. This was taken care by Faster R-CNN [36] by using a region proposal network
(RPN) to generate proposals from a set of pre-determined anchor boxes. Region-based
fully convolutional networks (R-FCN) [/6] improved it further by replacing the fully con-
nected layer of Faster R-CNN with fully convolutional layer, hence preserving the spatial
associations between the features from the last layer. This was further improved by Mask
R-CNN [37] that introduced a mutli-branch network to perform object detection and in-
stance segmentation in an end-to-end fashion. Mask R-CNN uses an ROIAlign layer in
the RPN in order to remove the quantization effect while proposing ROIs. Later on, many
modifications were proposed to improve the accuracy e.g., by generating anchor boxes at
multiple scales preserving both local and contextual information [77], or by introducing

cascades in order to refine the predictions [78].

One stage object detectors remove the ROI proposal step by densely placing the anchor
boxes over an image and generating the final bounding box by scoring those anchor boxes
and refining their coordinates through coordinate regression. This makes them computa-
tionally efficient and also allows the network to be trained end-to-end while maintaining
competitive performance on the challenging benchmarks. Single shot detector (SSD)
[38] densely places anchor boxes of different sizes and aspect ratios over the feature maps
that are generated at multiple scales. This is because the deeper layers of the convolu-
tional neural network have smaller receptive fields that can be used to detect small ob-
jects whereas, the shallower layers have larger receptive fields. These anchor boxes are
then directly classified and refined. You only look once (YOLO) [39]], another one-stage
detectors, predicts bounding box coordinates directly from an image using coordinate
regression, but it was later improved in YOLO9000 [79] by using anchor boxes. De-
convolutional single shot detector (DSSD) [80] modifies SSD by changing the network
architecture to that of the hourglass network [31]], combining local and global spatial fea-
tures via skip connections. These one-stage object detectors were faster than two-stage
detectors but were not as efficient, until RetinaNet [81]]. RetinaNet uses focal loss, to

dynamically adjust the weights of each anchor box.

However, there are drawbacks of using anchor boxes. Firstly, in order to train the
detector to classify whether each anchor box sufficiently overlaps with a ground truth box,
and a large number of anchor boxes is needed to ensure sufficient overlap with the ground
truth boxes e.g., 20,000 in R-CNN, 40,000 in DSSD and 100,000 in RetinaNet. Hence
only a small fraction of these anchor boxes overlap with the ground-truth boxes, creating
a huge imbalance between positive and negative anchor boxes during training, causing

the training to be inefficient and slow. Secondly, the use of anchor boxes introduces many
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ad-hoc heuristics hyper-parameters and design choices in terms of the number of anchor

boxes, their sizes and aspect ratios.

Recently many networks have been proposed for object detection without using an-
chor boxes e.g., DeNet [82] with directed sparse sampling, point linking network (PLN)
[83] and CornerNet [40]. DeNet is a two-stage detector which generates ROIs by selecting
features at manually determined locations relative to a region for classification and then
determining how likely each location belongs to either the top-left, top-right, bottom-left
or bottom-right corner of a bounding box, without identifying if they belong to the same
object. It then uses another network to classify ROIs as the bounding box while reject-
ing poor ROIs. Whereas, PLN is a one-stage detector, which first predicts the locations
of the four corners and the center of a bounding box. Then, similar to DeNet, for each
corner location it predicts how likely each pixel location in the image is the center and for
the center location, it predicts how likely each pixel location is the the top-left, top-right,
bottom-left or bottom-right corner. It then combines the predictions from each corner and
center pair to generate a bounding box. CornerNet is another one stage approach without
anchor boxes that inspired the use of features from stacked hourglass architecture in our
work. It uses a single convolutional neural network similar to an hourglass architecture to
produce heat-maps of the top-left corner of all the instances of the same object, heat-maps
of the bottom-right corner of all the instances of the same object and an embedding vector
for each corner detection. The network is trained to produce similar embedding vectors
for the corners belonging to the same object instance, which are then used to then pair the
top-left and bottom-right for the a particular object instance in the image. This approach
was inspired by [84)], wherein similar embedding are used in a bottom-up human pose
estimation to associate different key-points belonging to the same person together. Since
a corner cannot be localized solely on the basis of the local evidence, it also uses corner
pooling to explicitly encode some prior knowledge of corners’ spatial definition and refine

its predicted locations.

Since our network already produces rich feature maps combining the local and global
features to compute the heat-maps for the fashion landmarks, we can leverage those fea-
ture maps to produce heat-maps for top-left and bottom-right corners, similar to Corner-
Net. But we do not use corner embedding and corner pooling. This is because DeepFash-
ion dataset has only one object in an image so the top-left and bottom-right corners are
predicted in pairs to begin with. And since these heat-maps will be predicted in parallel
to the heat-maps for the fashion-landmarks, much richer prior information is explicitly
encoded to spatially localize the corners and produce refined bounding boxes. As noted
in [85], sharing representations between the related tasks enables the model to general-

ize better on the original task, since we are encoding more information from the training
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signals of the related tasks.

In this chapter, we discussed the related work in other joint localization and detection
tasks, such as facial landmark detection and human pose estimation as well in fashion
landmark detection itself. We also discussed various object detection techniques exten-
sively used over the past few year along with their merits and demerits. In the next chapter
we will formulate our problem of fashion analysis to build a single framework for joint

fashion landmark detection and apparel detection.
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Chapter 3

Problem Formulation

" image x' € X contains one fashion item to be

Let X be the set of images, where i’
annotated with the fashion attributes. Let Z be the set of all the pixel locations (u,v)
in the coordinate space R">"*C of x, where (m x n) and C are the resolution and number
of channels of x' respectively and u € {1,...,m} and v € {1,...,n}. Let Y be the label
set representing the corresponding fashion attributes y' € Y. y’ consists of a vector of
all fashion attributes, namely, a class label B € {1,...,7} describing the type of the
apparel using 7 class labels; two opposite corner locations o, &, € Z (top-left and the
bottom-right) localizing the apparel item in the image; and an ordered set of P fashion
landmarks (a’i,...,aj;), such that, y' = (B, ch,aé,a"l, ...,ab). In DeepFashion [12]], B €
{1,2,3} where the values 1, 2 and 3 represent the upper-body apparels (T-shirt, top, etc.),
lower-body apparels (pants, shorts, etc.) and full-body apparels (dresses, jumpsuits, etc.)
respectively. It has P = 8 landmarks, which are ordered as left collar, right collar, left
sleeve, right sleeve, left waist, right waist, left hem, right hem. Each fashion landmark a;,
(p"" fashion landmark for x') is a three dimensional vector al, = (u,v,), where (u,v) € Z
indicates the location of the landmark and y € {0, 1} represents the visibility flag such that
the values 1 and 0 indicate the visible and the occluded landmarks respectively. Figure I]

represent the landmarks on three different categories of the apparels in the DeepFashion.

Let Sy = {(x",y1),...,(x",y¥)} be the training set containing N apparel images,
where (x',y') € (X,Y). The objective is to learn a function ¢s, : X — Y, that predicts
the fashion attributes );" for given x'. This function @s, consists of a convolutional neural
network g, explained in Chapter 4, followed by a post processing function specific to

Al Al

different components of §' = (B°,&!, &}, a', ...,a%) as explained in the sections below.
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Figure 1: Images for upper-body apparel, lower-body apparel and full-body apparel with
annotated attributes. Blue dots represent the visible landmarks and the green dots repre-
sent the occluded landmarks on the apparels.

3.1 Landmark’s Localization

For x', a sequence of ground-truth heat-maps is generated by creating P zero matrices
{h},...,hb} for P landmarks (a},...,ah). Here hi, € R ", with (' x n) as the selected
output resolution. We represent this generated ground truth for the image x' as H' =
{R%,...,h}. For each landmark aﬁ, € y', its location (u,v) is mapped to the corresponding
location (i/,v') in A, Then, with («/,V') at the center, a discreet 2D gaussian [86] with
standard deviation o is calculated for («',v') and its neighbouring locations up to width
k. Here k € N. This 2D gaussian is given as a function G : Z — R™>*"" such that,

. 1 _(q,§>2+§,,§)2
G(u,v|G,K)zme 2 :
K K
VqG{ul—E,u/—i—z}, (31)
/ K / K
red{v >Vt 2}.

This produces a surface whose contours are concentric circles with a gaussian distribution
from the center point as shown in Figure [2] and Figure [3] In Figure 2] the top row corre-
sponding to each apparel represent the gaussian heat-map for each of the landmarks. The
circular back dot represents the approximate position of the landmark in its corresponding
heat-map. These black dots, when zoomed in, look like the concentric circles in Figure 3]
The pixel at location (#',V") receives the highest gaussian value and neighboring pixels

receive smaller gaussian values as their distance from (u',V") increases, creating a soft
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Figure 2: Upper, lower and the full-body apparels with landmarks. In the original images,
the image shape is rectangular, owing to the standing poses, but these images are mapped
to the resolution m x n, where m = n. Then, using those images, ground-truth maps
of resolution m’ x n’ are created. First row corresponding to each apparel represent the
location heat-maps of P = 8 landmarks, ordered (from left) as left collar, right collar,
left sleeve, right sleeve, left waist, right waist, left hem, right hem; and the second row
represents the visibility-maps for those landmarks.

peak centered at («',V'), decreasing symmetrically as the distance from (u’,V') increases.
It is most common to use 6 = 1/x and k € {3,5,7} [31}33,187].

Figure 3: Zoomed-in 2D gaussian on a heat-map.

A sequence of output heat-maps A = {fzi Yoo ,fzﬁ)} is computed for x’ using Vs, -
These heat-maps are refined using the mean squared loss [88] between the set of output

heat-maps H and ground-truth heat-maps H for all the images in Sy, given as .L”},V :
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Rm’xn/xP SR

2
gN , (3.2)

llp

2
where Hh’ h’ is the I loss [88] between the ground and the predicted p* heat-map

for x. This process is called heat-map regression. The estimated landmark locations are

determined by computing the location of the first brightest pixel, i.e. the pixel with the
maximum value in the corresponding heat-map. We represent the value of the matrix J at
a given location (u,v) as [J],, For any given matrix J, if a function .# : Z — R defines

the value of the matrix at the given the pixel location, such that,
///((u,v),]) =uy, (u,v)eZzJe lex"/, (3.3)
The pixel with the maximum value in the corresponding estimated heat-map is given as:

(4@, 9') = argmax ///(( ),il;). (3.4)

p’ P
(u,v)ez

This (i, ,) location obtained from A, is the estimated location of the p'* landmark in

(@,...,ah) for x'.

3.2 Landmark’s Visibility

For x', a sequence of ground-truth visibility-maps G' = {g},...,gh} is generated for P
landmarks (i, ...,ajp), where g, R" % is a zero matrix. These visibility maps encode
each landmark’s visibility information as a set of P binary maps. In each g, if the
visibility flag v in aj, is 1, the values within a certain width k around the mapped ground
truth location (u,v') are set to 1 and the values for the remaining background are set
to 0, as shown in Figure [2] and Figure {] In Figure [2] the bottom row corresponding to
each apparel represent the visibility-map for each of the landmarks. The square back dot
represents visibility state of the approximate position of the landmark in its corresponding
heat-map. These black dots, when zoomed in, look like the square in Figure 2] This is
to ensure that each of the approximate position in the corresponding heat-map of the
landmark has the visibility state. Hence for the occluded landmarks gi, remains a zero-

matrix.
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Figure 4: Zoomed-in part of a visibility-map.

A sequence of output visibility-maps Gl = {g’i, . ,gip} are computed for x' using sy -
These computed visibility maps are refined using the pixel-wise binary cross entropy loss
(BCE) [89] between the predicted and output visibility-map as A : R™ > _y R, such that,

gp’gp Z Z i lOg 1_2’1 )) (35)

where /’Ll’;q_r and jtliq‘r respectively represent the probability of landmark’s presence at the
location (g, r) of the ground-truth visibility map gi? and predicted visibility map §§,. Hence
BCE loss over Sy is given as ”I/PN LR XAXP R, such that,

P . .
%N(Gv@) ~— TN p . Z A(g;wg/;% (3.6)

The final predictions ¥y = {0, 1} of the visibility flag of the landmarks is determined by

computing the first maximum pixel’s value and then deciding the visibility flag as:

. 0, if max(g}) <0.5
7, = , pe(1,...,P). (3.7
1, otherwise

This f/l’, value obtained from g;, is the estimated visibility of the p"* landmark in (di1 )

for x. Hence the output landmarks are (d, ...a%), where dé, (@, itV }/;,)

3.3 Bounding Box Localization

The locations of the top-left and the bottom right corners a{, ozé' localizing the apparel in
the image x’ are estimated in a similar fashion as that of the landmarks, i.e., via heat-map
regression. The heat-maps are created using equation (3.1) as shown in Figure [5] For
x', a sequence of ground-truth heat-maps Q' = {0%,0}} is generated for o, o} and the

output heat-maps O = {61,65} are computed using s, . These output heat-maps are
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also refined using [, loss as 4% : R™x7'xP _y R such that,

0’—0

BY(0,0) = ;

> Y

1j=1

; (3.8)

N —
Mz

1
N

Similar to landmark locations, the output locations of the corners a{ , Océ are determined

by computing the location of the first brightest pixel. Hence,

; argmax //(( V), A;,) (3.9)

(u,v)ez

3.4 Apparel Classification

Corresponding to the each of the bounding box locations Oc{, (xé of image x', a sequence of
binary class-map Ti = {t{l,tiz,tél,téz,. t’l, T2} of each class is created indicating the
class that corner location belongs to. These class-maps are created in the similar manner
as of the visibility maps, i.e., in each class-map, values within a certain radius k around
the mapped ground truth location are set to 1 and the values for the remaining background
are set to 0. Hence the class-maps to which the corner points do not belong are the zero-
matrices. The class-maps for different apparels in DeepFashion dataset are shown in
Figure [5| These visibility-maps are created so to ensure that each of the approximate
corner location in the corresponding heat-map of the corner belongs to the same class.
The sequence of output class-maps Ti = T IN T ,fil,féz} are computed using
Vs, and are refined using BCE loss described in equation (3.3) as €7 : R xW' %P _y R

such that,

. 11 T2 S
%{V(T,T):—erzzz Y Aty 1), (3.10)
l :

The prediction of the class of each corner ch and océ localizing the apparel in the im-
age is determined by getting the maximum pixel’s value and then assigning the binary

classification flag { ]’ 7 as follow :

0, if max(#.) <0.5 )
L= M , jJ=1...tandj =1,2. (3.11)
1, otherwise

Here, { ]’ = 1 means that the corner j’ belongs to class j . The final class label 3i
is assigned to the image in the apparel, only if both the corners belong to that particular

class.
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Figure 5: Upper, lower and the full-body apparels with bounding box heat-maps and class-
maps. First two columns corresponding to each apparel represent heat-maps for top-left
and bottom-right bounding box corners’ location and the next four columns represents
the class-maps for the apparels. Class maps ?11, t12 represent the presence or absence of
upper-body apparel, #,1, t; the lower-body apparel and #31, 35 the full-body apparel.

3.5 Final Objective Function

The total loss is given by LV : R — R, as:
LN = vy ZYH,H) 4 v, 7 (G,G) + v3 Y (0,0) 4 vy €Y (T, T), (3.12)

where Vvi,V2,v3 and V4 are the weights to adjust the impact of a particular loss while

learning.

In this chapter, we formulated our problem of fashion analysis to build a single frame-
work for joint fashion landmark detection and apparel detection. We defined different loss
functions in order to tackle each of the tasks as well as the final objective, combining all
the losses. In the next chapter, we will propose the convolutional neural network to solve

this final objective.
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Chapter 4

Methodology

We compute the set of heat-maps and visibility-maps using stacked hourglass network,
which is a deep convolutional neural network architecture designed to solve the joint
localization and detection problems. We define this network architecture as a function
s, X — R™ *7' <P In this section, we first review the basic components of s, as a
simple convolutional neural network and then modify ys, as stacked hourglass network

as well its adopted variations.

4.1 Building Block : Convolutional Neural Network

Convolutional neural networks [90] form the building block of the stacked hourglass
architecture. These are special form of neural networks designed specifically for images.

Convolutional Neural Networks consists of convolutional layers and pooling layers.

A typical deep convolutional neural network consists of the set of weights to be
learned ® and an activation function 6 : R — R. In convolutional neural networks,
these parameters ® are characterized by a set of weight kernels or matrices W and bi-
ases vector B. This O is initialized using different initialization schemes [91]]. The net-
work 1is organized in L layers, hence the W and B can be decomposed into a union of
non-empty disjoint subsets. Hence ® = UL {W() B()}. Fixing this triplet (L,©,6)
defines the architecture of the convolutional neural network. The first layer, i.e. [ =0

takes the image x' in (x',y’) € Sy as the input, and given D number of weight matrices

w0 = {wgo), e ,WE)O()O)} and bias vectors B() = (b(lo), - ,bg)go)), it computes D©) feature
maps FO) = { fl(o), ey fl()?()»} using a convolution and activation function.
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Given any weight kernel wt(io) e W such that w((l,o) € RkxkxC

, a convolution function
defined as z : R*** — R is applied to each element of the input image, such that at each
location, the product between each element of the weight matrix and the input element it
overlaps is computed and the results are summed up to obtain the output in the current
location. Applying this function to the input image produces an intermediate feature
map, represented as f;l(o). Hence, the convolution function, determining the value of each

/ .
location in a feature map f d(o) e FO after receiving input image x' is given by:

k—1k—1

-1 C

! 0
iV w = 26w = Z Z Z wrgvire W lgre+60 (wyv)yez. (@1
The element wise addition is performed across different channels. For the purposes of

simplicity we take the input image as gray-scale i.e single channel C = 1. Hence, equation
(4.1) will be transformed to:

k—1k—1

[fd ]u,v ()C WL(JO)) - Z Z [xi]LH-q,v—i-r' [Wgo)]q,r‘i‘bg))y (u7V) €. (4-2)
q=0r=0

An activation function 0 : R — R like sigmoid, hyperbolic tangent (tanh), rectified linear

activation unit (ReLU) [91, 92] is applied to f d(o) to provide the final output feature map
0) .

Sy as:

fzg()) = G[fc/l(())]wvv (M,V) €Z. (43)

The choice of activation function depends upon the problem at hand. In our problem,
we use 8 = ReLu for all the hidden layers. For the purpose of learning, the activation
function should be closely linear, so as not to saturate, yet non-linear so as to capture
the complexities of the dataset. Figure[6] (a) shows the non-linearity curve for the ReLU
activation function. With it’s values ranging from [0, ), ReLU is linear for all the positive
value and non-linear for all the negative values. This helps ReLU provide more sensitivity
to the its inputs and avoids saturation, unlike other activation functions that limit the
activations to a small range, e.g., sigmoid function (Figure [6] (b)) limiting the range to
(0,1).

Here f6§0) e R™7 where (1,7, D?)) are determined by the input shape of F(®). For
the first layers, since the input is the image x', (72, 7) depends upon (m, n), kernel size (k),

zero-padding (zp) and kernel-stride (st) as:

m+2xzp—k

+1. “4.4)
St

(=)=
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(a) ReLu activation function (b) Sigmoid activation function

Figure 6: Activation functions.

These feature maps F© serve as the input for the subsequent layer. We represent
the feature maps of any layer / layers as FO. We represent the joint convolution and
activation function mapping the feature maps of one layer to its subsequent layer as
G FU=1 — F(O the network builds in a feed-foreword fashion as:

Fl =.7,(FU-D | wih) By, (4.5)

Such multiple non-linear layers can asymptotically approximate any complicated func-
tion. The network also consist of pooling layers that use pool kernels w' € W to bring
down the resolution of the feature maps by a factor of k, which is the size of w'. This
helps encoding a degree of invariance in the convolutional output with respect to transla-
tion and elastic distortions in the feature maps. The pooling operation 2, : F(—1) — F(®),
outputs the maximum value of the input at a given position, that falls within the kernel.
Hence each pixel in the resulting feature maps f CSI) € F) when the input is the image x’

can be given as :

[fcgl)]u,v = max([fcglil)]u+q,v+r)v Vg,r€{l,....k}, (u,v) €Z. (4.6)

The network consists of combination of these convolution and pooing layers. The feature
maps in F() are used as the input for the following convolution or pooling layers and the
process is repeated till the input image x’ has been down-sampled to a very low resolution
representing its key features. These key features are then used to compute the output
IF(O), which can be a classification score, regression score, segmentation map, or like in

our case, set of visibility maps, heat maps and class maps. We represent ® as a composite
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function taking input from the sub-function. Hence,

is an example of a convolutional neural network architecture. The initial layers of such
networks capture the local information of the input image x’ and the later layers capture
the global information of x' encoding the semantic relationships of different components

of the image.

4.2 Stacked Hourglass Network and its variations

A stacked hourglass architecture consists of a set of A hourglass modules {¢;,...,Px}
stacked together, where each module ¢g5 : ¢5_1 — {H:]Ils, ¢ g, 0 ’5, C ‘5} is a function that
captures and consolidates both global and local features in a single feed-forward network
built using convolutional neural network as explained in Section 4.1 and produces a set of
heat-maps, visibility maps and class maps. The hourglass shape comes from the bottom-
up processing by convolutional and pooling layers and the top-down processing by up-
sampling the down-pooled feature layers. The local and the global information captured
by the layers is consolidated using skip layer connections, hence combining information
at each scale. This is essential because a person’s orientation in the image, the arrange-
ment of different landmarks in the apparels and landmarks’ relationship with each other
as well as to the overall location of the apparel in the image encode the semantic infor-
mation necessary for the different components of our analysis. These hourglass modules
further comprise of a set of M residual units, i.e., §5 = {@,...,®y} formed using con-
volutional neural networks, where for each residual unit in bottom-up processing, there
is a corresponding unit in the top down processing, giving it an hourglass shape. We can
perform intermediate supervision by stacking such hourglasses together end-to-end. The
stacked structure refines the final predictions by allowing repeated bottom-up and top-
down processing across different scales. The stacked hourglass architecture constitutes of

the following functional blocks.

Convolutional neural networks explained (CNN) in Section 4.1 form the building
block of the residual units {®y,..., @y} [2,46]. A deep convolutional neural network
built using equation (4.5) suffers from a degradation problem, i.e., the accuracy decreases
with the depth and then saturates after a point. Residual units [2, 46] solve this problem
because instead of asymptotically approximating a complicated function, it is easier to ap-

proximate the same residual function. Hence the added layers are constructed as identity

24



mappings. Instead of (4.5), we use the following to build our network in a feed-forward

fashion:
FO = z,(FU-D | w) g0y 4 -1, (4.8)

We build each @y, using equation (4.8), but we add three more convolutional layers before
adding the identity mappings back to the output feature maps. Hence, @y, : FU-1 — F0)

consists of three convoutional layers as:
w0, =F9+.7 0 % o Z,(FY | wO BO), (4.9)

Here, .%3 is implemented using 1 x 1 convolutions [46] to map the depth of the output of
layer .%, to the depth of input F(©) in order to perform element-wise addition between the
processed feature maps and the input feature maps. This is also called a bottle-neck layer
and the element-wise addition is called a skip-layer connection. For each residual unit,

we use D = 256 for both input and the output layers. Figure [/|depicts a the residual unit.

[ Convolution
@  Addition

Figure 7: Residual-unit used throughout the stacked hourglass architecture. The first layer
has 256 feature maps which are mapped down to 128 using a bottle-neck layer. After
convolution using a 3 x 3 filter, these features maps are mapped back to 256 and added to
the input feature maps to produce the final feature maps of this unit.

First, each input image x' is processed through two residual units (@?, ®Y) to create
feature maps of the selected output resolution (m',n’), i.e the same resolution as the
ground-truth and predicted maps. These feature maps will serve as input to the first layer

of the hourglass module. We represent this initial convolutions as .#.

I =05 ® o) ® ¥, (4.10)
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An hourglass module @5 consists of bottom-up and top-down processing using residual
units. During bottom-up processing, residual units equation (4.9) and max pooling layers
equation (4.6) are used to process features down to a very low resolution. At each max
pooling step, the network branches off and applies one more residual units at the original
pre-pooled resolution. The network reaches the lowest resolution at 4 x 4, where weight
kernels are applied to learn the spatial features across the entire space of the image. At
the lowest resolution, the network does the top-down processing using nearest neighbor
up-sampling [93]]. This up-sampling is followed by element-wise addition of two sets of
features across the respective scales. The first hourglass produces the set of intermediate

maps as below:
{H},0,G},Cl}=01(S) = F © <wM © w1<+---+ (w%+2 © Oy, + (g, O Ou_,

Hoy... © P20 ;6 P06 wl(f))))m>>7
@.11)

Out of these maps, heat-maps {Iﬁli ,@)’1} are used as it is, while the visibility-maps G’l
and class-maps (AC’i are passed through a sigmoid activation in order to restrict their values
between 0 and 1. We do so, because these maps essentially contain the probability scores.
The sigmoid activation is shown in Figure[6](b). Figure[§|represents the stacked hourglass

architecture in a pictorial form.

The output of the hourglass module is passed through 1 x 1 convolutions in .%y. For
Z0, D is set as the total number of output maps to be predicted, which in our case is P
landmarks, P visibility flags of the landmarks, 2 bounding box corners and 7 class-maps
for each of the bounding box corners. Hence D = (2P + 2+ tx2). These final feature
maps for hourglass ¢; are the set of ordered maps for the image x' as (]I:]I"l) heat-maps for
the landmarks’ location, (G) for the landmarks’ visibility, (O%) for the bounding box

corners and (@’1) for the class of the bounding box corners.

Each hourglass after the first one takes the intermediate maps produced by the previous
hourglass as input. The intermediate maps {Il, G, 0%, Ci} are further reevaluated and
refined by multi-stage training by mapping their D = (2P + 2 + 7% 2) channels to 256
using 1 x 1 convolutions. These, when element-wise added to the intermediate features
from the previous hourglass ¢5_1, serve as an input to the next hourglass, which generates
another set of predictions. This repeated bottom-up, top-down inference preserves spatial
locations of features, which is important to bring different features together to form a

coherent understanding of the scene.

(GO CY=ysy =FA O Pr© ... 5 +.F30 ¢ 0 F1+.5 0 ¢ ©.F O ¢(F).
4.12)
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Another key feature of the stacked hourglass architecture is the multi-stage architecture.
In the original network design, 6 = 8 hourglass modules are stacked end to end, with-
out sharing the weights, and the loss in equation (3.12) is applied to each intermediate
prediction {I ,@’5, @g, @’5} using the same ground truth maps {H', G',Q/, C'}.

ADeEDEEDEIE DA

. Residual Unat - Projected maps . Sigmoid activation 8 visibility-maps - 2 corner-maps D 6 class-maps

. Hourglass l:l Convolution Layer . Addition

Figure 8: Stacked hourglass architecture. The top figure represents the overall stacked
hourglass and the middle figure represents the internal structure of the hourglass as per
equation (4.11).

All the maps are repeatedly refined by minimizing final loss in equation (3.12) using
an optimization algorithm like RMSProp or Adam [94]]. We use Adam in our experiments
because Adam uses adapted learning rate as well as momentum, hence updating the

weight matrices with more appropriate gradients.

Pyramid Residual Networks

Pyramid residual networks modify the stacked hourglass architecture by replacing the
residual units { @y, . .., @y } with pyramid residual modules (PRM) { @, ..., @y, } that learn
features at different resolutions in each layer, hence forming a feature pyramid. These fea-

ture pyramids are similar to Laplacian pyramids [93] obtained for the images by down-
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sampling the image at different sub-sampling ratios. Such functionality is inherent to
convolutional neural networks since every convolutional and pooling layer reduces the
size of the input. Such a modification is motivated by the fact that while stacked hour-
glass architecture captures and consolidates global and local information, it still doesn’t
account for many scale changes due to inter-personal body shape variations, view-point
variations, apparel-variation and foreshortening. This modified architecture tackles such

variations using PRM.

In each a)"L The input is first processed through a simple convolutional layer as in
equation (4.5) and then the network branches off to create feature pyramids. A PRM can

be formulated as:
F =2 FD 1w, g0y Fl-D (4.13)

where Z (F(-D | W) BU)) can be decomposed as :

K
2 FC) WO B0y =7z [V 7 (FCD W W) Wl b
L7 ) D o 4.14)

where, K denotes the number of pyramid levels. Here w) = {w(()l) ) ng)’ . ,wg.l),wy}r] 1

B() — {b(()l),bgl), e ,bg.l),bﬁ.lll} are the set of parameters to be learned. Outputs of each
-1 (0)

) | WJ )
together, and further convolved to give the final output of the PRM unit.

transformation (IF( by)) are up-sampled to original scale of (=1 summed

In order to do the sub-sampling, instead of max-pooling in stacked hourglass, frac-
tional pooling [96] is used to build PRMs. This is because max-pooling sub-samples the
image too fast (by ratio k, the kernel width), making it difficult to create smooth pyramids.
Furthermore, the disjoint nature of the pooling regions may limit the generalization ability
of the produced feature maps. In fractional pooling, the original resolution is gradually

reduced by the sub-sampling ratio of j* pyramid as :
s;j=27Tk, j=0,.. K, T>1 (4.15)
where s; € [277, 1], denotes the relative resolution compared to the input features.

Furthermore, two residual units in the initial convolutions block .# of the stacked

hourglass architecture are also replaced by two PRM units and the rest of the network
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builds and computes the prediction maps in the similar fashion to the basic stacked hour-

glass architecture as in equation (4.12). Figure 9| represents a PRM unit.

Convolution

=
[  Up-sampling
@

Addition

1Y
\1/

Figure 9: PRM-unit used throughout the stacked hourglass architecture. Input feature
maps are pooled at different rations and then up-sampled to the input resolution, where
they are added together and convolved again to produce the final feature map.

Cascade Prediction Fusion

Cascade prediction fusion (CPF) network leverages the multi-stage architecture of stacked
hourglass network by gradually integrating different semantic information from the ini-
tial stacks to the later stacks. The prediction maps computed at the previous stack are
used to as a prior to guide the prediction of the present stack. The prediction maps
{Hib‘—lv G i5_1, ) ’5_1,@%_1} from stack ¢g5_; undergoes a 1 x 1 convolution to increase
channels to 256 and are then fused with the original intermediate feature maps for stack
95 using element-wise addition. {5, G%, 0%, CL} in ¢5 are computed using this fused

feature map as input. Figure [10]illustrate the resulting architecture.
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Figure 10: Cascade prediction fusion (CPF) modification of stacked hourglass architec-
ture

4.3 Evaluation Metrics

The different tasks in the fashion analysis presented in this work have different evaluation
metrics. These evaluation metrics are based on the evaluation metrics used in previous
works [[12,72]. None of the previous work evaluated the visibility state of the landmarks,

so, we define our own metrics to evaluate that.

Landmark’s Location

We use normalized error (NE) and percentage of detected landmarks (PDL) metrics to
evaluate and compare our results. These metrics are computed between final predicted

and ground-truth location of the landmarks.

NE

The landmark predictions are computed using the argmax function over the predicted

heat-maps respectively using equation (3.4). Normalized errros (NE), defined as NE :

R2*P — R is the [, distance Hai, — az, Hz between the predicted and the ground truth land-
marks in the normalized coordinate space (i.e. divided by height/width of the image).
Note that this /, distance is calculated only between the (u,v) location of the landmarks.
Smaller values of NE mean better results. Also, this normalized error is normalized in the
dimensions of the heat-maps. Hence they give an approximate distance between the pre-
dicted and ground-truth heat-maps with respect to the location of their actual landmarks.
A2

a, —a,

NE;Y(a,a):NI—DZ y — (4.16)
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PDL

PDL : R>*P — R is calculated as percentage of detected visible (Y = 1) landmarks with

normalized error under the threshold 7. In our experiments, we take 1 € {0.5,0.7}.

count ( = <n )
PDLY (a,4) = x 100, (4.17)

Landmark’s Visibility

For the landmarks’ visibility, we calculate the percentage of visibility states classified
correctly. This metrics is calculated only on the ¥ values of the landmarks calculated

using equation (3.7). We call this metrics PDLv : R” — R, given as:

count <a§,(y) = a}(y))
x 100.

PDLv ¥ (a,d) = P

(4.18)

Apparel Detection

The apparel’s bounding box localization and the apparel classification tasks are jointly
evaluated using average precision metrics, popularly used in COCO object detection [/1]]
tasks or PASCAL VOC object [72] detection tasks. Average precision (AP) metrics
involves measuring intersection over union (IOU) of the predicted and the ground truth
bounding box using Jaccard distance [97]]. The ground truth corner locations Oc{ , Océ and
predicted corner locations 02{, 025 calculated for image x' using equation (3.9) are used to
compute the ground truth bounding box Y’ and predicted bounding box Y?. This IOU value
is used to determine whether a detection is valid (true positive) or not (false positive).
TIOU is calculated as the overlapping area between the predicted bounding box Y and the

ground truth bounding box Y over their area of union.
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area (Y'UYY)

IOU S N
area (Y'NYY)

(4.19)

The boxes having the correct classification label and an (I0U) value greater than a
threshold 1 are counted as true positives (TP), and the ones having the value smaller than
1 are counted as false positives (FP). Whereas, the bounding boxes with the incorrect
classification labels but /OU value greater than t are considered as false negatives (FN).
Since all the images are annotated with the ground truth bounding box, there are no
true negatives. The values of TP, FP and FN are used to calculate precision and recall.
Precision p identifies the relevant objects by calculating percentage of correct positive

predictions given as:

TP

- (4.20)
TP+FP

P

whereas recall is the measure of all the relevant cases given as the percentage of true

positives detected among all relevant ground truths. Recall is given as:

TP

F— 4.21)
TP+FN

These values are used to compute a precision/recall curve to evaluate any object detector
[98]. The value 1 is changed by plotting the curve for each object class. A good object
detector would have high precision as the recall increases, which indicates its ability to
identify only the relevant objects. Whereas, a poor object detector needs to increase the
number of detected objects to maintain a high recall value. That’s why, a precision/recall
graphs starts with high precision values, decreasing as recall increases. AP summarizes
the shape of precision/recall curve, calculated as the mean precision at a set of 11 equally
spaced recall levels r € [0,0.1,...,1], taking maximum precision whose recall value is
greater than r, as in PASCAL VOC challenge [98]. If p represents the interpolated

precision, AP is given as:

1 A
AP = I Y, pr), (4.22)
re(0,0.1,...,1]
with,
p(r) =max(p(F)), F>r. (4.23)

and p (7) is the measured precision at recall 7.
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In this chapter, we described the convolutional neural networks and how they are
used to build the stacked hourglass architecture and it’s two other variations in order to
solve this final objective of joint fashion landmark detection and apparel detection. We
also defined the metrics to evaluate each of these tasks in our final objective of joint
fashion landmark detection and apparel detection individually. These metrics can be used
to compare the methods used in previous works as well. In the next chapter, we will do

an exploratory analysis of the DeepFashion dataset.
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Chapter 5

DeepFashion Dataset

DeepFashion[[12] is a comprehensively annotated apparels dataset that contains apparel
categories, attributes, landmarks, as well as cross-pose/cross-domain correspondences
of apparel pairs. The landmark annotation itself is comprehensive since in addition to
the landmarks, it also contains the high-level apparel categories, the pose-variations and
the bounding box coordinates localizing the apparel in the images. These landmarks
are apparel-centric, hence can be very different from the joints of human body in the
problem of human pose estimation. Figure [[T]shows some of the sample images in the

DeepFashion dataset.

DeepFashion dataset has about 123,000 images, richly annotated to support multiple
tasks like landmark detection and apparel classification and apparel detection for fashion
analysis. These annotations contain eight landmarks, namely left collar, right collar, left
sleeve, right sleeve, left waist, right waist, left hem and right hem; three high-level apparel
categories, 1.e., upper (e.g., shirts), lower (e.g., pants) and full-body (e.g., dresses) appar-
els depending upon the body-parts they are designed for; five viewpoint variations, i.e.,
normal, medium or large and medium zoom-in or large zoom-in poses; and two bounding
box coordinates, i.e. top-left and bottom-right corners’ coordinates. Also, since the land-
marks on the apparels are frequently occluded in images, these annotations also contain
the visibility status of the landmarks. Originally the visibility flag y € {0,1,2,3}, indicat-
ing the occluded, visible, truncated and non-existent landmarks respectively. Truncated
landmarks means that the landmark exists in the apparel but has been cropped in the im-
age and non-existent landmark means that the landmark does not exist for this particular
apparel, e.g., the left and right collar or the left and right sleeve do not exist in a lower-
body apparel like pants. Table [T represents the existing and non-existing landmarks in

each category. But for the training purposes, we consider all the visibility states other

34



than visible as occluded, hence y € {0,1}, where values 1 and 0 indicate the visible and

the occluded landmarks respectively.

Figure 11: Sample images from DeepFashion dataset. First row : upper-body apparel
images, second row : lower-body apparel images, third row : full-body apparel images.

Table 1: Presence of landmark in each apparel category, i.e., left collar, right collar, left
sleeve, right sleeve, left waist, right waist, left hem, right hem respectively. Here, P
represents the number of landmarks in each apparel category.

Category P Lcollar| r.collar| Lsleeve| r.sleeve| L.waist | r.waist | Lhem | r.hem
upper 6 Vv v Vv v Vv v x X
lower 4 X X X X V Vv Vv V
full 8 v Vv Vv v Vv v Vv Vv
overall (8 |V |V |V |V |V |V |V |V

This dataset is divided into train, test and validation set. We train our architectures on

the train dataset, modify the training process on the validation set and then evaluate the

results on the test dataset. Table [2]represents the statistics of images in the DeepFashion

dataset. Figure |'12| (a,b) show the detailed statistic of images in train, validation and test

sets as well as their distribution in their respective categories. Figure[12](c,d,e) show the
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statistics of landmarks distribution for all apparel categories as well as in the test, train
and validation divisions. These statistic are important to analyze the category-aware and
category agnostic learning for the landmarks detection. As we can see, the distribution
of the images in different apparel categories is consistent in the test, train and validation
dataset. Figure [I13] shows the distribution of the visibility state’s in each of the subset.
This distribution is also consistent through the train, test and validation set. However,
full-body apparels in the train set have relatively fewer occluded landmarks than the ones
in full-body validation and train set. Similar inconsistency is also there in upper-body
apparel datasets as upper-body train set has more occluded landmarks than the upper-
body apparels test and validation dataset. This might result in a very small bias while

evaluating the accuracy of the visibility states of the landmarks.

DeepFashion mainly contains well-posed shop images, with mostly white background.
The images contain different profile variations of the apparels but they have been mostly
taken at the same camera angle hence very few images with the possibility of foreshort-
ening. Because of the same reasons, there are very few variations in the pose orientation
of people wearing the apparels. The Figure [14] depicts the histogram of average horizon-
tal orientations of the pose vectors of the images in the complete dataset as well as in
the respective apparel categories. Here an average horizontal orientation vector is calcu-
lated as the average of the clockwise angle between the mirroring pairs of annotations in
each image and the X-axis. e.g., right and left collar, right and left sleeve, right and left
waist, etc. And the average vertical orientation vector is calculated as the average of the
clockwise angle between the vertical pairs of annotations in each image and the X-axis.
e.g., right collar and right waist, left collar and left waist, right waist and right hem, and
left waits and left hem. The histograms show the distribution of the poses is consistent
throughout the dataset, except for the full-body apparels. Full body apparels contain more
variations in the poses. Furthermore, as discussed earlier, DeepFashion also has labels for
view-point variations, i.e., normal, medium or large and medium zoom-in or large zoom-
in poses. Figure |15 represents the statics for viewpoint variation of the images. This is
necessary to evaluate our results both quantitatively and qualitatively, since the landmarks
in a certain view-point might be more difficult to localize than the others.

Table 2: Data Distribution in DeepFashion.

Category Total Train Validation Test
upper 42031 28283 6873 6875
lower 30972 20925 5027 5020
full 50013 33825 8092 8096
overall 123016 83033 19992 19991
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Figure 12: DeepFashion statistics.

O Visible
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(a) Train set (b) Validation set (c) Test set

(d) Upper-body train set (e) Lower-body train set (f) Full-body train set

(g) Upper-body validation set  (h) Lower-body validation set (i) Full-body validation set

(j) Upper-body test set (k) Lower-body test set (1) Full-body test set

Figure 13: Landmark’s visibility and occlusion statistics in DeepFashion dataset.
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Figure 14: Distribution of horizontal and vertical orientations of the fashion landmarks.
The orientation values in the x-axis is in radians.
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Figure 15: View-point variation statistics in DeepFashion dataset.
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Chapter 6

Implementation and Analysis

There are a lot of hyper-parameters that determine the performance of the convolutional
neural network architectures in deep learning, e.g., the number of layers, the number of
weight matrices, the input resolution of the image, the optimizer to be used for learning,
the learning rate etc. In the stacked hourglass architecture used in this work, there are
many additional hyper-parameters to be determined like the number of stacks to be used,
the number of residual modules used in both the top-down and bottom-up processing
etc. Many of these choices are based on plain heuristics, but we conducted various
experiments in order to check which configuration of the architecture work the best to
solve this scenario and what is the trade-off between the faster and the better learning. In
this chapter, we will discuss various implementation settings and analyse the qualitative

and quantitative results on the proposed setting.

6.1 Implementation

The input images are re-sized to 256 x 256 resolution, hence m = n = 256. The average
resolution of the images in DeepFashion dataset is about 340 x 400. For the sake of
simplicity, we take square images as input. That’s why we chose m = n = 256. Reducing
the resolution will result in the loss of a lot of features and the resulting feature maps will
be less richer in comparison. The initial block of each architecture .# brings the resolution
down to 64 x 64, hence m' = n’ = 64. This is the resolution of the input and the output
of each stack, as well as of the ground truth and predicted maps, i.e., {]I:]Ii, @i, @i, Ci } and
{H',G',0",C'}. At this point, the feature maps are rich enough from the initial block

of convolution as they contain features from the bigger resolution. We chose 64 x 64
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as the output resolution of the feature maps so as this gives a good balance between the
richness of the consequent feature maps and the number of further convolutions we can
apply using the residual modules. Each hourglass has M = 15 residual modules, out of
which, there are 5 residual modules in the bottom-up processing, 5 residual modules in the
top-down processing and 5 residual modules that are applied on the residual modules of
the bottom-up processing before adding the via skip-connections to the residual modules
from the top-down processing. After the top-down processing each stacked hourglass
¢s reaches down to the feature maps of resolution 4 x 4 in Wy . Shallower architectures
provided some loss in accuracy, while deeper architectures only improve the accuracy by

maximum 0.5%, while increasing the number of parameters to be learnt.

All the architectures are implemented using Torch and optimized with Adam opti-
mizer. The learning rate starts at 0.0007 and decreases by 10 after the validation accuracy
pleatues. We also experimented with 0.0002 and 0.0005 learning rate, but it did not create
any difference in the training accuracy. This is because, no matter what learning rate we
start with, Adam optimizer adjusts it based on the moving mean of the gradients. The
parameters are randomly initialized. We train each architecture for 100 epochs with batch
size 10. The accuracy saturates after about 70-80 epochs. Table [3] lists the number of
parameters to be learned in each architecture. The number of additional parameters to be
learned in pyramid residual networks are 19.63% more than the ones in stacked hourglass
architecture, whereas the additional parameters are only 0.08% more in cascade predic-
tion fusion variation. In the further analysis, we will represent these architectures with

the abbreviations mentioned in Table 3

Table 3: Number of parameters in each stacked hourglass variation

Network architecture Parameters
Stacked hourglass (SHG) 24,608,038
Stacked hourglass: Pyramid residual network variation (SHGP) | 29,440,492
Stacked hourglass: Cascade prediction fusion variation (SHGC) | 24,627,030

The initial block .# uses 7 x 7 filters to bring down the resolution of the input image
to the required resolution but in the hourglasses, we use only 3 x 3 weight matrices, i.e,
wg) € R3*3. This is because, as noticed in [9], layers with two 3 x 3 weight matrices,
cover the same spatial area as one 5 x 5 matrix but the later has more number of param-
eters to be learned than the former. Hence it is beneficial to use smaller weight matrices
while training. The initial stacked hourglass architecture used A = 8 hourglasses for train-
ing, but as demonstrated in [99], using more that 8 hourglasses causes saturation. So, in

our experiments, we only used 2 hourglasses in all the architectures. Testing is performed
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with PDL thresholds 1 = {0.5,0.7}. These values are empirically determined from the
validation set. Figure [I6] shows the improvement of PDL and PDLv accuracy over the
training period. We observe that multi-task training provides better results in the first
few epochs in comparison to the individual landmark detection training. In multi-task
training, the PDL score saturates after 30 epochs, hence the similar or better results can
be achieved with fewer epochs in comparison to individual landmark detection training.
This though might be counter-intuitive, since in multi-task training, the architecture has
the more information to learn, but it works because it has been noticed in many experi-
ments involving the multi-task training that the adjunct tasks help to train better on the
subsequent task as well. Furthermore, the joint architecture, did not learn anything new
about the landmarks, as we will discuss later in the chapter, but it learnt the landmarks
faster than it’s individual counterpart. For pyramid residual modules, we used K = 5
pyramids in a residual module. The stacked hourglass architecture with pyramid residual
models performs the best for all the categories in category-aware training as well as in
the category-agnostic training, but it takes almost one more day to train than the other

architectures, owing to the increased number of parameters to be learned.

In addition to that, we also perform data augmentation on the training set while train-
ing. We apply data augmentation as a Markov process, in which augmentation is per-
formed via a sequence of random transformations. A weight matrix learned on augmented
data learns the averaged version of transformed features and a data dependent variance
regularization term [100]. Hence it improved generalization by inducing invariance and
reducing model complexity. In our experiments we apply a sequence of transformations
such as scaling, rotation, flipping, and adding color noise, on the images from the training
set, with parameters drawn randomly from hand-tuned ranges. We empirically choose the
interval [—45,45] degrees for rotation, [0.75,1.25] for scaling. This regularization helps

to avoid the over-fitting in the training process.
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Figure 16: PDL accuracy during the training process.
43



6.2 Analysis and Discussion

We implemented our architectures using the hyper-parameters discussed in the previous
section. In this section, we will analyze the results of all the experiments performed on

these architectures for all the tasks, both quantitatively and qualitatively.

6.2.1 Landmark’s Localization

For landmark localization, since different categories of apparels have different number
of landmarks, in the initial experiments, we explore the trade-off for the learning on pre-
classified apparels, i.e., category-aware learning as well as on unclassified apparels, i.e.,
category-agnostic learning of these landmarks. In these experiments, we only predict the
fashion landmarks, i.e., these predictions are without the multi-task learning. Table 4] and
Table [5]list the PDL results on the category-aware experiments on the test and validation
set of DeepFashion. Similarly Table[6]and Table[7]list the results on the category-agnostic

experiments on test and validation dataset of DeepFashion respectively.

The results indicate that category-aware learning for fashion landmarks provides only
a small advantage over the category-agnostic learning. But it only increases the number
of parameters to learn on the whole dataset, since the chosen architecture would have
to be trained three times, each time for a particular category. So, even if the landmarks
are sparse, a simple stacked hourglass architecture provides a good generalize-ability to

detect the fashion landmarks on all types of apparel images.

Table 4: Category-aware PDL comparison on DeepFashion validation dataset at n = 0.5.

Method| Category | lLcollar | r.collar | Lsleeve | r.sleeve | l.waist| r.waist| Lhem | rhem | }

SHG upper 81.6 80.8 75.5 76.3 71.0 | 70.5 X X 75.9
SHGp | upper 81.8 81.0 75.7 76.5 71.3 | 70.7 X X 76.4
SHGc | upper 80.7 80.8 74.1 75.5 70.1 69.6 X X 75.0
SHG lower X X X X 873 | 873 | 858 | 86.2 | 86.7
SHGp | lower X X X X 87.6 | 877 | 862 | 86.7 | 87.1
SHGc | lower X X X X 86.4 86.0 85.0 85.4 85.7
SHG full 93.5 94.0 79.0 78.9 859 | 857 | 84.0 | 844 | 857
SHGp | full 934 94.1 79.1 79.0 859 | 858 | 842 | 843 | 858
SHGc | full 92.9 93.4 76.4 717.2 850 | 84.8 | 833 | 827 | 845
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Table 5: Category-aware PDL comparison on DeepFashion test dataset at n = 0.5.

Method| Category | lLcollar | r.collar | Lsleeve | r.sleeve | L.waist| r.waist| Lhem | rhem | }

SHG upper 80.2 79.5 75.3 76.1 70.7 | 69.9 X X 75.2
SHGp | upper 80.9 79.8 75.6 76.5 70.9 | 70.3 X X 76.0
SHGc | upper 80.1 79.5 73.6 75.6 70.7 | 69.4 X X 74.8
SHG lower X X X X 874 | 873 | 856 | 865 | 86.7
SHGp | lower X X X X 877 | 87.7 | 86 869 | 87.1
SHGc | lower X X X X 85.9 85.8 84.5 85.4 85.4
SHG full 93.5 94.0 79.2 78.9 857 | 856 | &4.1 842 | 856
SHGp | full 93.6 94.1 79.3 80 858 | 857 | 842 | 843 | 857
SHGc | full 93.1 93.5 76.6 76.9 849 | 848 | 83.0 | 825 | 844

Table 6: Category-agnostic PDL comparison on DeepFashion validation dataset without
multi-task learning at n = 0.5.

Method| l.collar | r.collar | Lsleeve | r.sleeve | L.waist| r.waist| Lhem | rhem | }

SHG 87.3 87.1 77.5 78.1 779 | 771 845 | 849 | 81.8
SHGp | 88.0 87.5 78.1 78.8 785 | 775 | 849 | 852 | 823
SHGc | 86.9 86.7 76.4 77.2 76.7 | 762 | 83.7 | 83.8 | 8l.1

Table 7: Category-agnostic PDL. comparison on DeepFashion test dataset without multi-
task learning at n = 0.5.

Method| l.collar | r.collar | Lsleeve | r.sleeve | L.waist| r.waist| Lhem | rhem | }

SHG 87.3 87.2 77.4 77.9 717 1772 | 845 | 847 | 81.7
SHGp | 88.1 87.5 78.1 78.3 785 | 776 | 849 | 852 | 823
SHGc | 86.6 86.7 76.4 71.3 76.6 | 763 | 835 | 83.7 | 8l.1

Table 8: Category-agnostic PDL comparison on DeepFashion validation dataset without
multi-task learning at n = 0.7.

Method| l.collar | r.collar | Lsleeve | r.sleeve | L.waist| r.waist| Lhem | rhem | }

SHG 94.2 94.0 86.1 86.1 864 | 87.7 | 875 | 915 | 89.2
SHGp | 94.7 94.5 86.7 86.6 869 | 879 | 883 | 921 89.7
SHGc | 91.6 914 82.6 83.5 836 | 82.8 | 87.8 | 88.0 | 864
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Table 9: Category-agnostic PDL comparison on DeepFashion test dataset without multi-
task learning at n = 0.7.

Method| l.collar | r.collar | Lsleeve | r.sleeve | L.waist| r.waist| Lhem | rhem | }

SHG 92.2 92.0 84.2 84.5 84.6 | 84.8 | 87.8 | 89.0 | 873
SHGp | 924 92.6 84.5 84.9 850 | 854 |80 |89.6 |87
SHGc | 89.6 89.5 80.8 82.1 823 | 81.1 875 | 855 | 84.8

We also observe that among all the types of apparels, the fashion landmarks in the
upper-body apparels are the most difficult to localize. This might be because of the
variability in the designs of the upper-body apparels. e.g., T-shirt, tank-tops, camisoles,
shirts, etc. have a huge variation in the location of the landmarks. Also, among all the
landmarks in the fashion items, the left and the right collar are the most easy to localize,
whereas, the left and right sleeve and the left and right waist are the most difficult to
localize in both the category-aware and category-agnostic learning. But looking at the
results of the category-aware learning, we can conclude that the difficulty in localizing the
left and right waist majorly comes from the upper body apparels. We can also conclude
that among all three architectures, simple stacked hourglass architecture and it’s variation
with PRM provide competitive results. Whereas, replacing residual units with PRMs
increases the number of parameters but doesn’t have a correspondingly significant effect
on the results. However, CPF variation of the stacked hourglass architecture doesn’t
provide better results over the simple hourglass architecture, whereas, it did perform better
for human pose estimation [34]]. This might be because human pose estimation consists of
fewer deformations than the apparels and the features computed in the previous hourglass
might be more erroneous in apparels than in the human poses. So, while we expect those

features to strengthen our learning ability, they contribute more towards the error.

But since in the category-agnostic learning, all the eight landmarks are predicted,
irrespective of the category of the apparel, there are also some predictions on the random
locations of the image. This is because of the argmax function used in equation (3.4).
The heat-maps related to the landmarks that are not present in the apparel contain very-
very low confidence values but the argmax function gives the location containing largest
confidence value among those low ones. In the images that contain only one apparel,
these locations do not correspond to anything, hence are random, but in the images that
contain more than one apparel, they correspond to the landmarks of the other apparel.
e.g., If an image contains a person wearing pants and shirt, but is only annotated for the
shirt, the last two landmarks will correspond to the left and right ankles of the pants. This
does not impact the PDL scores since PDL is calculated only using the landmarks for

which annotations are present and visible. Clearly, a simple landmarks based architecture
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cannot handle such randomness. But when coupled with a detection task, the predicted
class can help to ignore the landmarks that do not belong to the predicted class. This way,

the predictions are more refined and accurate.

Table [IQ and Table [[Tllist the results of the landmark detection when the architectures
are trained on multiple-tasks in parallel. The results indicate that the multi-task learning
does not have any impact on the PDL score of the landmark detection when compared as
a stand-alone task. We also plot the PDL vs normalized error for different landmarks as
shown in Figure[I7] Here, we average the predictions of the symmetric landmarks like left
and right collars, sleeves, waist and hems respectively. Since these landmarks do not have
an absolute definite position on the apparels, we also compute the PDL score with n =0.7.
These are listed in Tables [8] O} Having an absolute position means having only
one pixel location that represents the landmark. e.g., In human pose estimation, location
of wrist or elbows have a very low scope for error, since these occupy small areas in the
image, but in case of fashion landmarks, the functional regions are of larger area, as in, a
collar or waist has a comparatively larger area where a landmark can be predicted. Hence,

we can consider the landmarks closer up-to 7 = 0.7 threshold as correct.

90 {1 — Collar
Sleeve
801 —— wWaist
—— Hem

0.1 0.2 0.3 0.4 0.5 0.6 0.7
NE

Figure 17: Normalized Error (NE) vs Percentage Landmark Detection (PDL) for on
standard stacked hourglass network using multi-task learning

Table 10: Category-agnostic PDL comparison on DeepFashion validation dataset with
multi-task learning at n = 0.5.

Method L.collar | r.collar | l.sleeve | r.sleeve | l.waist| r.waist| l.Lhem | r.hem | }°

SHG 86.9 87.1 77.2 77.8 784 | 782 | 85.1 84.1 81.9
SHGp 87.2 87.4 71.5 78.1 78.7 | 785 | 855 | 845 | 822
SHGc 86.5 86.7 76.1 76.9 772 | 772 | 843 | 83.0 | 81.1
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Table 11: Category-agnostic PDL comparison on DeepFashion test dataset with multi-
task learning at § = 0.5.

Method Lcollar | r.collar | lsleeve | r.sleeve | l.waist| r.waist| Lhem | rhem | }
SHG 86.9 87.1 717.2 77.8 784 | 782 | 85.1 84.1 81.8
SHGp 87.3 87.3 77.5 78.1 78.7 | 78.6 | 853 | 844 | 82.1
SHGc 86.2 86.6 76.2 77.5 77 769 | 84.1 83.1 81

Table 12: Category-agnostic PDL comparison on DeepFashion validation dataset with

multi-task learning at n = 0.7.

Method L.collar | r.collar | lLsleeve | r.sleeve | l.waist| r.waist| l.Lhem | rhem | }

SHG 94.1 94.0 86.0 86.1 86.0 | 875 | 875 | 915 | 89.1
SHGp 94.8 944 86.8 86.5 869 | 879 | 882 | 922 | 897
SHGc 91.6 914 82.6 83.5 836 | 82.8 | 87.8 | 88.0 | 864

Table 13: Category-agnostic PDL comparison on DeepFashion test dataset with multi-
task learning at n = 0.7.

Method L.collar | r.collar | lLsleeve | r.sleeve | l.waist| r.waist| L.Lhem | r.hem | }

SHG 92.2 92.0 84.2 84.5 84.6 | 848 | 878 | 8.0 | 873
SHGp 924 92.6 84.5 84.9 850 | 854 |80 |89.6 |87
SHGc 89.7 89.4 80.8 82.0 824 | 81.1 875 | 855 | 84.8

6.2.2 Landmark’s Visibility

Table [I4] and Table [I5]list PDLv scores for all the landmarks, when trained in parallel to
the landmark localization in a multi-task learning environment on validation and testing
set respectively. In the front facing images for upper-body and full-body apparels, the
occlusion around the collars usually come from the hair of the person wearing the appar-
els. In the upper-body and the lower-body apparels, the occlusion usually comes from
the overlap between the upper-body and the lower-body apparels. e.g., A person wearing
pants and shirt might have the shirt tucked in, which would cause occlusion if the image
is annotated with the upper-body apparel or an un-tucked shirt, which would cause oc-
clusion if the image is annotated with the lower-body apparels. As the results indicate,
the visibility flag of waist is more difficult to capture than any other landmark. In the
lower-body apparels, the occlusion comes from the kind of shoes the person is wearing.
Apart from that, the occlusion comes from the pose of the person in the image. Side poses

often hide the landmarks on one side of the apparels with other body parts. The stacked
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hourglass architecture is able to capture the visibility state of the landmarks with about

80% accuracy.

Table 14: PDLv comparison on DeepFashion validation dataset.

Method| Lcollar | r.collar | Lsleeve | r.sleeve | L.waist| r.waist| Lhem | rhem | )

SHG 83.2 82.1 83.1 81.8 723 | 717 | 84.8 | 849 | 805
SHGp | 834 82.3 83.4 81.9 728 | 719 | 852 | 852 | 80.8
SHGc | 82.2 80.9 81.9 80.5 709 | 705 | 838 | 839 | 793

Table 15: PDLv comparison on DeepFashion test dataset.

Method| l.collar | r.collar | Lsleeve | r.sleeve | L.waist| r.waist| Lhem | rhem | }

SHG 81.5 80.1 81.9 80.7 70.6 | 698 | 859 | 86.0 | 79.6
SHGp | 81.7 80.3 82.2 80.8 70.8 | 702 | 859 | 862 | 794
SHGc | 80.4 78.9 80.8 79.4 69.6 | 69.6 | 848 | 850 | 785

For the final results, we check the predicted class of the landmarks and display the
landmarks associated with that class. Figure |l §|represents that ground truth and predicted
analysis on many images from the validation and test datasets. In our experiments, we
observed that the localization of fashion landmarks in the images as well as their visibility
states go hand in hand. As discussed earlier, occlusion of the landmarks is mainly of two
types. One, if the landmarks are in the image but are occluded by something as shown in
Figure[18](d, e, f). In this case, the ground truth location is available with the visibility flag
set as occluded, which is indicated as green in the images. In the other case, the landmarks
are present for the apparel but are truncated in the image, as shown in Figure [T§] (r). In
this case, the ground truth values for the location are unknown and are set to zero. In
the former case, since we deem a landmark prediction as correct if it lies within a certain
threshold within the ground truth location, it is possible to have some offset between the
ground truth and the predicted location, as in the landmarks are not predicted with a pixel
wise accuracy. On qualitative evaluations of these predictions, we noticed that the network
was able to learn subtle patterns in occlusion and set the visibility flag accordingly. e.g.,
While predicting the right and left collars, most of the occlusion in the front facing and the
side facing images come from the hair, and there is often a small offset between the collar
locations covered by the hair and the collar locations not covered by the hair. Images in
Figure |18| (d, g) compare the ground truth and predicted landmarks on some upper-body
apparels and as it turns out, the visibility state is often predicted correctly with respect
to the predicted location of landmarks. We observed similar patterns in the predictions
of the landmarks where occlusion can be caused by some body parts. e.g., Images in

Figure |18 (f, 1) have ground truth occlusion on the landmarks on the waist because of the
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back, arms and hands, but when the landmark locations are predicted with an offset, at a
place that doesn’t have such occlusion, the visibility state of the landmarks is predicted
accurately. These would amount to some loss of quantitative accuracy in the visibility
states of the landmarks, while these predictions are qualitatively sound. This indicates
that the network is clearly able to generalize on the common patterns of occlusion and
produce accurate results. In addition to that, at some places, the faulty ground truth
locations of the landmarks were also corrected. e.g., Images in Figure |18 (j, k, 1) have

more accurate predicted landmarks than the ground truth landmarks.

On the other hand, some error in the predictions come from the presence of upper-
body apparels and the lower-body apparels in the same image. In category-agnostic learn-
ing, before post processing the landmarks as per the predicted class, the network predicts
all 8 landmarks for all types of apparels. But since in DeepFashion, only one apparel is
annotated in an image, the images that contain both upper-body apparels and lower-body
apparels have predictions for all the landmarks. As shown in Figure [I8](m, p), the image
contains landmarks of the upper-body apparel, but the network treats it like a full-body
apparel and contains correct landmark predictions for the hems as well. Similarly, Fig-
ure [1§] (n, q) has a lower-body apparel classified as full and upper-body apparel. While
calculating the accuracy of the predicted landmark locations, we only consider the visible
landmarks, so this does not impact the PDL accuracy for the landmarks, but it does impact
the accuracy of the visibility states of all the landmarks. This also shows the scalability of
this network to a dataset that contains the annotations of the landmarks of all the apparels

in the images.

6.2.3 Apparel Detection

Table [16 represents apparel detection AP score for all the landmarks, when trained in
a multi-task environment on test set. We also compare the results with standard SSD
and R-CNN. We trained these architecture using transfer learning with the weight values
obtained after training on COCO dataset [90]. Our multi-task architecture trained from
scratch does better than the other traditional object detection architectures. This is because
of the rich features obtained via stacked hourglass architecture and more attention owing
to to multi-task learning. We also compare the AP score of the multi-task learning with
respect to different pose variations. As shown in Table the AP scores are pretty good
for normal, medium and large poses but the scores are very low for medium zoom-in and
large zoom-in poses. Hence, the medium-zoom in and the large zoom-in poses are the

most difficult to detect and classify correctly.
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Table 16: The AP score for apparel detection on test set.

Method upper | lower | full AP
SHG 59.8 61.2 52.7 57.9
SHGp 61.0 63.2 532 58.9
SHGc 584 60.4 51.9 56.1
SSD 532 55.7 50.8 53.0
R-CNN 53.2 55.7 50.9 53.2

Table 17: The AP score for apparel detection on different variations in the test set.

Variation upper | lower | full AP

Normal 72.3 70.0 79.4 73.9
Medium 80.5 75.1 73.7 76.4
Large 86.2 69.2 70.5 75.4
Medium zoom-in 33.7 27.7 20.0 27.1
Large zoom-in 553 63.6 53.3 57.4

As described earlier, the DeepFashion dataset contains annotation of only one apparel
in an image, hence the images that contain both upper-body and lower-body apparels
are subject to faulty detection as in Figure [I§] (m, n, o, p, q) because the network has
generalized over all the categories and would provide stronger detection for the more
prominent apparel category in the image. However, the parameters behind decision of
this prominence are unknown, it could depend upon the size the apparels are occupying
in the image or on the texture or the dominant features that it has generalized on. We also
noticed that many upper-body apparels have been miss-classified as full-body apparels.
This could be because these upper-body apparels, when paired with certain lower -body
apparels, might look similar to full-body apparels as in Figure (m). This, on one
side indicates the ability of the network to learn generalized spatial features of the full-
body apparels, but also indicates the difficulty to distinguish between the upper-body
and full-body apparels. But in addition to these miss-classifications, we noticed that the
predicted bounding boxes are more tightly bounded than the ground truth bounding boxes.
Figure [18] (d, f, 1, r) indicate some examples where the predicted bounding boxes more

tightly localize the apparel than the ground-truth bounding boxes.
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Figure 18: Sample images from test and validation dataset of DeepFashion. Left images
in the image pair indicate the ground truth and the right images indicate the predicted
apparel analysis.

In this chapter, we discussed the implementation details of the proposed architectures
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and evaluated and compared them for fashion landmark detection, the visibility states of
the landmarks as well as apparel detection in the DeepFashion dataset. We presented both
qualitative and quantitative analysis of the results. The results indicate the applicability
of the proposed methodology in fashion domain. In the next chapter, we will discuss the

future work and the scalability of these approaches.
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Chapter 7

Conclusion and Future Work

We explored three architectures to detect fashion landmarks on apparel images. We also
evaluated the category-aware and category-agnostic training of different apparel cate-
gories. The results conclude that among all three approaches, stacked hourglass is the best
fit to solve this problem. We also conclude that, when compared between category-aware
and category-agnostic learning for the landmarks on the fashion apparels, category-aware
learning only provides a small benefit but introduces thrice the number of parameters to be
learnt. So, even when the landmarks are sparse, all the stacked hourglass architectures can
learn to detect the landmarks with a competent accuracy. We also conclude that stacked
hourglass architecture with pyramid residual modules gives the best accuracy but intro-
duces 19% more parameters to learn. Among all the hyper-parameter choices that we had
to make in this architecture, a stacked-hourglass architecture with 2 stacks and 15 resid-
ual modules, operating at the input image of size 256 x 256, and producing heat-maps of
size 64 x 64 gives a good trade-off between the number of parameters to be learnt, the
training time and the final accuracy on the test set. Of course these settings might change
given a different dataset. This implementation setting gives an approximate position of
the landmark that is offset by a certain value from the ground-truth landmark. Since these
landmarks are on the functional region of clothes, certain magnitude of offsets still pro-
duce the landmarks on the approximate locations. This architecture is able to discern the
subtle patterns in occlusion when it comes to the visibility states of the landmarks. Using
this architecture, we can clearly predict the occlusion when caused by hair or other parts
of the body. In some of the cases, even the occlusion caused by the clothes belonging to

other parts of the body are also clearly distinguished.

Stacked hourglass architecture computes rich features for a variety of tasks. This ar-

chitecture has already been used in solving complex tasks like facial landmark detection
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and human pose estimation. But our successful experiments with apparel detection in-
dicate that these features are rich enough to learn any complex task individually or in
addition to the landmarks or key-points. The computed features can also be used for
segmentation or as a generator network in GAN architectures. Both segmentation and
generators in GANs contain an encoder-decoder structure, for which the output features
are of the same resolution as the input features. This stacked hourglass architecture can
be modified for segmentation by computing the final features maps of the input resolution
for each category of the objects in segmentation task. In GAN networks, the final output
of the generator is a synthetic image. Such modification is also easy to implement by just
changing the depth of the output feature maps to 3, corresponding to the RGB channels.

This indicates the versatility of this architecture to be applied for different tasks.

This fashion analysis using stacked hourglass architecture is limited by the dataset
used in this work. DeepFashion has the annotation of only one apparel per image, whereas
this is not a real-time scenario. DeepFashion2 [27] is a similar recently released dataset
for the similar task. DeepFashion2 has about 800,000 images, richly annotated with 13
categories of apparels. It contains a bounding box as well as a segmentation mask for
each apparel in the image. Whereas, DeepFashion has only eight landmarks, DeepFash-
ion2 dataset has about 54 landmarks on whole, annotated for 13 categories of apparels.
These landmarks provide a lot more discriminative analysis than mere eight landmarks. In
addition to pose, it has variations with respect to scale and occlusion, making this dataset
much more realistic to work with. As explained earlier, this stacked hourglass architec-
ture can also be used to perform segmentation as well. The apparel segmentation can
be done in parallel to apparel detection and apparel’s landmark detection, by simply by
adding another set of 13 feature maps to be learned, corresponding to the 13 categories of
apparels. In addition to that, in order to detect multiple apparels in the image, this stacked
hourglass architecture can also be used to compute the embedding of each corner as per
[84]] in order to group the corners that belong to the same apparel. The 54 landmarks can
be learnt in a category-agnostic manner as we did for DeepFashion. Hence there is a lot
of work that can be done in this domain, using this very architecture but a more advanced

dataset.
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