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ABSTRACT 

There is an ever-increasing amount of fashion image data available on the Internet nowadays, and 

the rate of growth itself is also increasing. It is necessary to have some ideas about the image 

contents before we can effectively manage and make use of such a large amount of image assets. 

In this study, we research to develop effective computer systems for understanding fashion images. 

This means to cross the so-called semantic gap between the pixel level information stored in the 

image files and the human understanding of the same images. 

The traditional approach to image understanding involves a sequence of processing steps. The 

overall effectiveness of these methods, therefore, relies on the performance of individual processes, 

and they are not fully end-to-end solutions over raw image pixels. To understand fashion images, 

a number of challenges have to address. Firstly, fashion products often have large variations in 

style, texture, and cutting. Secondly, the clothing classifications reported in the literature are too 

brief, thus the value of the classified image contents are limited. Thirdly, clothing items are 

frequently subject to deformations and occlusions. Earlier works on clothing recognition mostly 

relied on handcrafted features, and therefore the performance of these methods was limited by the 

expressive power of these features. 

We research on an overall platform for fashion image understanding in this research. It aims to 

understand the detailed and high-level information in the images, including segmenting the regions 

of interests, extracting size and shape information of human presented in the images, recognising 

the fashion items and further recognising the fine-grained attributes of fashion items. 

The human parsing is the basic block of the proposed framework. It aims to segment a human 

photo into semantic fashion/body items, such as the face, arms, legs, dress, and background. By 

reviewing the state-of-the-arts human parsing research, an attention-based human parsing 



approach is proposed, which is first realised in a cascade network model and later in an end-to-end 

network model.  

As the basic block of the proposed platform, human parsing solves the problem of cross-domain 

clothing retrieval and enables the implementation of clothing recognition and human shape 

modelling. Human parsing and pose estimation are highly correlated and complementary to each 

other. We therefore propose to fine-tune the regions of interests segmented by human parsing using 

pose estimation. The segmented semantic regions are input for human and fashion information 

understanding. 

In terms of human information, we mainly extract the size and shape information of the human 

subjects in the input images. We use 3D modelling customisation technology to address this 

problem. This is because the segmented regions of human body parts can separate humans from 

clutter backgrounds and enable extraction of accurate 2D contours of the human subjects on the 

input images. The extracted contours are employed to reconstruct 3D human shape model, from 

which body sizes and shape parameters are calculated. 

In addition to understanding human subjects’ information, we investigate the understanding of 

fashion information from images. To do so, we first develop a new dataset and taxonomy of fashion 

products, based on the industrial needs on fashion understanding. We next develop deep neural 

network models to recognise clothing category, fine-grained features and attributes from fashion 

photos. In the proposed framework, human parsing, pose estimation and clothing recognition are 

based on deep learning techniques.
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CHAPTER 1. INTRODUCTION 
 

1.1 Research Backgrounds 

1.1.1 Semantic gap and traditional approaches 

The biological vision systems of humans are remarkably powerful that 

people can recognise on an image, without too much effort, a person from a large 

group and also name a number of information about the person, for example, size, 

appearance and clothing, despite of the change in pose, background, viewpoint, or 

even when the person is partially occluded from view. The study on how vision 

works have a long history, dated back several centuries to Rene Descartes who 

proposed a simplified model of vision in his book Principles of Philosophy in 

1664. Since then, research efforts have been continuously made to improve the 

understanding of biological vision systems, because it can help to build artificial 

vision systems that handle vision tasks in volume. 

 

In today’s information age, the amount of multimedia data like image and 

video grow rapidly, and the rate of growth itself is increasing. The invention of 

digital cameras has given people the privilege to capture the world in pictures, and 

the proliferated use of smartphone devices enables these pictures to be shared 

conveniently with the world. Infotrends estimates that in 2020 the number of 

images captured by still cameras and mobile devices will reach 1.4 trillion every 

year (Infotrends, 2017.). Over 1.8 billion images are uploaded every single day to 

social-media platforms, such as Instagram and Facebook (Eveleth, 2015,). We can 

extract ample useful knowledge by analysing a large volume of multimedia data, 

which can turn into useful applications to enhance the users experience. However, 

to effectively manage a large volume of image data, we need to have some ideas 

of the image contents. Therefore, it is always the primary goal of computer vision 
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or machine learning, training up machines or computers to understand correct 

image contents effectively and efficiently. 

 

The analysis of multimedia data is very challenging in the field of 

computer vision. The true challenge is the so-called semantic gap between the 

pixel level information stored in the image files and the human understanding (in 

semantic level) of the same images. To machine or computers, images are 

recorded as matrices of pixels, which can not be used to represent the image 

directly. Instead, features are defined to extract interesting information from pixel 

data. In the early stage, low-level global features, such as colour histograms, 

shape descriptor, and texture features are proposed to represent the image by a 

single vector. To extract more semantic information, more advanced local feature 

descriptors, such as SIFT (Lowe, 2004), SURF (Bay et al., 2008), HoG (Dalal & 

Triggs, 2005), are developed. Usually, features are input to machine learning 

algorithm to train a generic model for specific problems of image understanding, 

as shown in Figure 1-1.  

 

 

Figure 1-1 Traditional approach of image understanding 
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In the past, feature descriptors were often handcrafted, based on expert 

knowledge and designed for specific input data set and particular image 

understanding tasks. For different tasks, different features should be designed. It is 

a rule-of-thumb in machine learning that features matter more than the model to 

the accuracy of specific image understanding tasks. (Domingos, 2012).  

The design of features is challenging, because good features need to be 

tolerant to transformations such as translation, orientation and viewpoint changes 

on one hand, and also need to be discriminative, i.e. being able to distinguish 

different image contents, on the other hand. Recent studies show that there are no 

universally best handcrafted features, and it would be more favourable to learn 

features directly from the raw data (Guo et al., 2016). The community of 

computer vision spent much effort on features extraction over the years. The 

traditional approach (as shown in Figure 1-1) covering feature extraction, 

quantitzation (of high-level features by aggregating low-level features), pooling 

(aggregating local features by a single vector), to model training, was the 

state-of-the-art methods until the concept of convolutional neural networks (CNN) 

came into stage (Krizhevsky et al., 2012) 

 

1.1.2 Deep learning approaches 

Different from traditional computer vision methods where features are 

hand designed, CNN is trained end-to-end, which means all the stages (feature 

extraction, quantization, pooling and model) are learned along the same training 

process. The availability of more powerful computers and larger dataset, more 

importantly, the discovery of neural networks to be trained on graphics processing 

units (GPU), have made it possible to use deeper CNNs for image understanding 

tasks. Deep CNNs are given another name as Deep Learning (DL) in computer 

vision and machine learning. 
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Deep Learning (DL) has dramatically improved the accuracy of image 

classification, object detection and semantic segmentation (LeCun et al., 2015). 

For example, at the ImageNet Large Scale Visual Recognition Challenge, the 

introduction of DL algorithms into the challenge reduced the top-5 error by 10% 

in 2012. Since then, DL models have dominated the competition, reducing the 

top-5 error rate every year. In 2015, researchers have trained very deep networks 

(for example, the Google ‘inception’ model has 27 layers) that surpass human 

performance, as shown in Figure 1-2 (Szegedy et al., 2015). 

 

 
Figure 1-2 The top-5 error rate in the ImageNet Large Scale Visual Recognition 

Challenge has been greatly reduced since the introduction of deep 

neural networks in 2012 (Szegedy et al., 2015). 

 

Inspired by the successes of DL techniques, we envision real-world 

applications through DL techniques to better understand fashion photos in this 

study. Fashion images are available everywhere in the news, fashion repository of 

runway reports, social media and online stores. For example, fashion bloggers 

often share many photos of clothing matching on their blogs. If we can analyse 

these fashion photos, we can then get information about users’ clothing 

preferences and even the popular fashion items at present. 
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1.1.3 Fashion image understanding challenges  

In addition to standard challenges such as illumination, scale, background 

clutter and intra-class variations, understanding fashion images has to address other 

added difficulties mainly due to the fact that fashion items do not have a fixed form. 

To understand fashion images, some common features like colour histogram, Local 

Binary Patterns (LBPs) (Ojala et al., 2002), Scale Invariant Feature Transformation 

(SIFT), Speeded-up Robust Features (SURF), Histogram of Oriented Gradients 

(HoG) and Self-similarity Descriptor (SSD) (Shechtman & Irani, 2007) were used 

before. However, because fashion items are easily subject to deformation, the 

variations in viewpoint and occlusion become even more difficult to handle in 

fashion image understanding (Mundy, 2006; Dickinson, 2009). At the pixel level, 

two images of a person in different poses and in different environments may be very 

different from each other, whereas two images of different persons in the same 

position and on similar backgrounds may be very similar to each other. Traditional 

image understanding models may not distinguish between the latter two, or classify 

the former two as different. 

To improve the robustness of features to occlusion, viewpoint and 

background clutter, it is important to localise the right region on the input images 

before feature extraction and later fashion items understanding. In the literature, 

different techniques, including pose estimation detector, body-part detector and 

image segmentation methods were used to localise the body parts region, which we 

call ‘area of interests’ hereafter. Chen et al. (2012) proposed a pose estimation 

method, extracted four types of image features, including SIFT, texture descriptors 

from the Maximum Response Filters, colour in the LAB space and skin 

probabilities from skin detector, and trained a classification for fashion attributes. 

Bossard et al. (2012) used Calvin upper-body detector to estimate the location of 

upper-body clothing and extract a number of features including SURF, HoG, LBP, 
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SSD, and colour information in the LAB space within the identified region, and 

they trained a classification model based on the extracted features. Yamaguchi et al. 

(2012) handled the problem as a clothing parsing problem; clothing parsing a 

special case of image segmentation that labels clothing type of fashion images on a 

pixel level. They built a Fashionista dataset, consisting of 685 photos with clothing 

or body parts labelled on a pixel level. They segmented the image to super-pixels 

using an image segmentation algorithm (Arbelaez et al., 2011) and extracted image 

features on the segmented regions, and then applied a Conditional Random Field 

(CRF) model to predict the clothing labels for each segmented super-pixel. 

However, as handcrafted features are used in the above studies, the accuracy is not 

high.  

In recent years, interesting applications were proposed be developing DL 

models for fashion images, for instance, retrieval of similar products (Wang et al., 

2013) and making clothing suggestions based on a street shot (Liu et al., 2012). 

Chen et al. (2015) proposed a double-path deep neural network to recognize 

fine-grained clothing attributes for cross-domain images both from online stores 

with a clean background and uncontrolled images with clutter backgrounds. 

Huang et al. (2016) designed a dual attribute-aware ranking network, which not 

only integrated the cross-domain correspondence, but also designed tree-structure 

layers to learn features of all the attributes simultaneously. Liu et al. (2016) built a 

large fashion dataset, FashionNet, and proposed to learn fashion features by 

jointly predicting clothing category, clothing attributes and clothing location. 

Dong et al. (2016) proposed the multi-task curriculum transfer (MTCT) deep 

learning method to extract more discriminative feature representations and train 

all attributes jointly by transfer learning. Most of the studies focus on image-based 

retrieval, clothing attribute recognition, or cross-domain correspondence to handle 

variations in illuminations and backgrounds. Fashion products are numerous and 

have large variations in style, texture, and cutting. The clothing classification of 
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previous work (Liu et al., 2016) may not reflect the complexity of the problem,  

thus the mined image information cannot fulfill the needs of the fashion industry. 

All the above studies focused on specific area of applications, none proposed a 

complete pipeline to enable extraction of comprehensive information from fashion 

photos. 

 

1.2 Problem Statements 

We explore to build an architecture in this study for understanding fashion 

photos, to be specific, we demonstrate methods for understanding information 

from fashion photos about the human subjects and the fashion items presented in 

the images. A number of technical problems will be tackled in this research. 

Firstly, to better address the deformation and occlusion problems in 

fashion images, it is important to localise areas of interest before the further 

processes of content understanding. We propose to take use of human parsing 

techniques to localise areas of interest in this study. Human parsing is a subclass 

of image segmentation problem. Most previous work on human parsing involve 

many processing steps: 1) each image is decomposed to a set of rigid parts by 

appearance models; 2) handcrafted features are extracted for each region; and 3) 

based on the extracted features, structure models are applied to train classifiers. 

These methods heavily rely on the handcrafted features and performance of 

individual processes. There are no universally the best handcrafted features 

because they are all designed based on expert knowledge, for specific dataset or 

applications. We will develop new deep neural network models on human parsing, 

based on deep learning approach, to train features along with the parsing model in 

this study.  

Secondly, upon localising regions of interest, we therefore explore to 

obtain further information from the identified regions. The first types of 



8 

information we explore to understand from input images are information about the 

human subjects. Thanks to the recent advancement in human model 

customistation technology that a realistic 3D model can now be built based on two 

orthogonal-view images of the customer (Zhu et al., 2013). However, the existing 

method of Zhu et al. (2013) uses handcrafted features to localise human subjects 

on the input images. However, it cannot handle images with complex backgrounds. 

Thus, we will research on extracting detailed size and shape information of human 

subjects in the input images by integrating human parsing and pose estimation in 

this research.  

Finally, to understand the clothing items and the fine-grained attributes 

from the input photo, we based on the human parsing and pose to detect all the 

clothing items in the image. Clothing classification and attribute prediction are 

difficult due to three possible reasons. First, clothes often have large variations in 

style, texture, and cutting. Second, the clothing classification reported in the 

literature are too brief, thus the value of the mined image information is limited 

for the fashion industry to develop useful application. Third, clothing items are 

frequently subject to deformation and occlusion. Earlier works on clothing 

recognition mostly relied on handcrafted features, and therefore the performance 

of these methods was limited by the expressive power of these features. 

 

1.3 Research Aims and Objectives 

This study aims to research on an overall platform for fashion image 

understanding. It aims to understand the detailed and high-level information in the 

images, including segmenting the regions of interests, extracting size and shape 

information of human presented in the images, recogising the fashion items and 

further recogising the fine-grained attributes of fashion items. The proposed 

platform comprises four developments, including (i) human parsing, (ii) pose 
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estimation, (iii) 3D human shape modeling, and (iv) clothing recognition and 

attributes classification.  

The specific research objectives are listed as follows: 

i. To develop a thorough understanding by reviewing previous work of 

image understanding, deep learning techniques, human parsing, pose 

estimation, image classifications and recognitions. 

ii. To propose and develop a deep neural network cascade model for human 

parsing, and compare the proposed cascade model with state-of-of-the-art 

methods of human parsing; 

iii. To propose and develop an end-to-end deep neural network model for 

human parsing, and compare the proposed end-to-end model with cascade 

model; 

iv. To propose an optimization algorithm based on pose estimation for human 

parsing, and compare the method using optimization with the method 

without using optimization. 

v. To accurately locate human for contour extraction on human images by 

integrating human parsing and pose estimation; 

vi. To extract size and shape information of the human subjects in human 

images by constructing a 3D human model using extract contour 

information; 

vii. To develop a dataset and a taxonomy of fashion products and fine-grained 

attributes; 

viii. To develop deep neural network models for learning fashion information 

including clothing types and fine-grained attributes from fashion images; 

ix. To suggest an overall architecture facilitating fashion image understanding. 
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1.4 Research Contributions and Thesis Organization 

In this study, a fashion image understanding architecture is proposed by 

integrating human parsing and pose estimation to localise areas of interests and 

then to extract detailed human and clothing information thereafter, as shown in 

Figure 1-3.  

–

 

Figure 1-3 Overview of fashion image understanding framework 

 

Human parsing is the basic block of the proposed framework. It aims to 

segment a human photo into semantic fashion/body items, such as face, arms, legs, 

dress and background. By reviewing the state-of-the-art human parsing research, 

an attention-based approach is proposed, which is firstly realised in a cascade 

network model and later in an end-to-end network model, addressing to the 

defined research objectives (ii) and (iii).  

As the basic block of the proposed platform, human parsing solves the 

problem of cross-domain clothing retrieval and enables the implementation of 

clothing recognition and human shape modelling. In addition, human parsing and 

pose estimation are highly correlated and complementary to each other. We 

therefore propose to fine-tune the regions of interests segmented by human 

parsing based on pose estimation. This addresses the defined research objective 

(iv). The segmented semantic regions are input for human and fashion information 

understanding. 
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In terms of human information, we mainly extract the size and shape 

information of the human subjects in the input images. We use 3D modelling 

customistaion to address this problem, as defined in research objectives (v) and 

(vi). This is because the segmented regions of human body parts can separate 

humans from clutter backgrounds and enable the extraction of the accurate 2D 

contour of human from input images. The contours are employed to reconstruct 

3D human shape model from which body sizes and shape parameters are 

calculated. 

In addition to understanding human subjects information, we research to 

understand fashion information. To do so, we first develop a new dataset and 

taxonomy of fashion products, based on the industrial needs for fashion 

understanding. We next develop deep neural networks to recognise clothing 

category, fine-grained features and attributes recognition from fashion photos, 

adding to the defined research objective (vii) and (viii). In the proposed 

framework, human parsing, pose estimation and clothing recognition are all based 

on DL techniques.  

The rest of this thesis is organized as follows. Related literature is 

reviewed in Chapter 2, including previous work on image understanding, image 

feature extraction, deep learning, human parsing, pose estimation and clothing 

recognition. A new human parsing method based on cascade network model and 

an end-to-end network model is proposed and reported in Chapters 3 and 4, 

respectively for localise regions of interest. An optimization algorithm based on 

pose estimation for human parsing is proposed and reported in Chapter 5. The 

mining of human subject information, namely size and shape information, from 

input images are detailed in Chapter 6. The mining of fashion contents from input 

images, including clothing category classification and fine-grained attribute 

recognitions, are described in Chapter 7. Finally, the research findings are 

summarised and possible future work is discussed in Chapter 8. 
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CHAPTER 2. LITERATURE REVIEW 
 

As proposed in the Introduction and Figure 1-3, we attempt to extract the 

clothing information/preference, size and shape information from human-centric 

images. To understand the clothing from images, we need to classify, detect and 

segment the clothing in the images, which are important and challenging research 

problems in image understanding and will be reviewed in the first section. In order 

to tackle these problems, it is necessary to rely on image features, which are used 

to learn model to recognize the clothing category, detect or segment the clothing 

region. Therefore, some common image feature descriptors are reviewed in 

section 2.2. Deep learning (DL) is able to learn image features itself together with 

model in a fully end-to-end way over images. It has outperformed most state-of-

the-art methods in different tasks, such as image recognition, object detection, and 

semantic segmentation in recent years. In section 2.3, DL techniques will be 

reviewed in detail. Next, the relevant research studies of human parsing, 2D pose 

estimation and 3D human model method will be briefly summarized in sections 

2.4, 2.5 and 2.6, respectively. Finally, clothing classification and retrieval 

algorithms will be reviewed in section 2.7, which support the formulation of 

fashion recommendation system in this study. 

 

2.1 Image Understanding 

2.1.1 Image classification 

Image classification is the problem of assigning one or multiple labels to 

an image based on its content (Akata et al., 2014).  For example, in Figure 2-1 an 

image classification model takes a single image and assigns labels “car” and “cow” 

to the input image. This task is relatively trivial for a human to perform, but it is 

extremely challenging for computer due to viewpoint variation, scale variation, 

deformation, occlusion, illumination conditions, background cluster and intra-

class variation of objects in the images. A good image classification model must 

be invariant to the cross product of all these variations, while simultaneously 
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retaining sensitivity to the inter-class variations. The standard system of image 

classification often includes two components: (1) feature extraction from images; 

(2) classifier learning using image features. This system has shown satisfactory 

performance in amounts of previous works on both medium-scale image 

classification datasets (Yang et al., 2009) and large-scale datasets (Csurka & 

Perronnin, 2008; Lin et al., 2011). The image representations will be reviewed in 

section 2.2. 

 

Figure 2-1 An image classification example 

 

2.1.2 Object detection 

Object detection is to identify the presence of various objects, and to 

determine the locations and sizes of each object if identified (Balaji & Punithavalli, 

2010). For example, in the Figure 2-2 an object detection model takes a single 

image and identifies the present categories in the image and also determines their 

locations. Most previous work on detection was centred on machine learning 

approaches to detect faces, cars or pedestrians, which has achieved great success. 

Liter and Bülthoff, (1998) pointed out two factors determining whether object 

detection can be successfully applied. First, the detection system should exactly 

know which features are useful for identifying objects. Second, the features 

known useful must be available in the needed environment and view. The features 

used in most object detection/recognition applications can be divided into two 

categories: edge-based feature type and patch based feature type (Prasad, 2012). 

Different methods are available for the detection of different feature types.  

.. 
Car: present 
Cow: present 

Bike: not present 

Horse: not present 
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Figure 2-2 An object detection example 

 

2.1.3 Image segmentation 

Generally, image segmentation is a process of dividing an image into 

different regions such that each region is, but the union of any two adjacent 

regions is not, homogeneous (Cheng et al., 2001). It never attempts to understand 

what the segmented regions represent. In this project, image segmentation refers 

to “semantic segmentation”, which is the task of partitioning the image into 

semantically meaningful parts and classifying each part into one of the pre-

determined categories. Object detection, in comparison to semantic segmentation, 

has to distinguish different instances of the same object. While having a semantic 

segmentation is certainly a big advantage when trying to get object instances, 

there are a couple of problems: neighbouring pixels of the same class might 

belong to different object instances and regions which are not connected to the 

same object instance. For example, a tree in front of a car can visually divide the 

car into two parts. 

 

Figure 2-3 A semantic segmentation example 

 

Typically, semantic segmentation is carried out with a classifier which 

operates on fixed-size feature inputs and a sliding-window (Thoma, 2016). A 

.. 
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typical segmentation pipeline, as shown in Figure 2-4, gets raw pixel data, applies 

pre-processing techniques such as scaling and feature extraction like HOG 

features. Data augmentation techniques such as image rotation can be applied for 

training. For every single image, patches of the image called windows are 

extracted and those windows are then classified. The resulting semantic 

segmentation can be refined by simple morphologic operations or by more 

complex approaches such as Markov Random Fields (MRFs). Similar to image 

classification and object detection, feature extraction remains an important 

component in image segmentation. 

 

Figure 2-4 A typical segmentation pipeline (Thoma, 2016) 

 

2.2 Image Features Extraction  

2.2.1 Image features 

2.2.1.1 Colour features  

Colour is one of the most common and important features of images. 

Colour features are computed by the definition of colour space. The common 

colour space includes Colour RGB, LUV, HSV and HMMD (Liu et al., 2007). 

After the colour space is defined, colour features can be extracted from images. 

There are various colour features, such as colour histogram (Vailaya et al., 1998), 

colour moments (CM) (Flickner et al., 1995), colour coherence vector (CCV) 

(Pass & Zabih, 1996) and colour histogram (Huang et al., 1997) etc. Among them, 

CM is one of the simplest features. The colour moments define the colour features 
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' 
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using the colour mean ( iu ), standard deviation ( iσ ) and skewness ( iγ ), which are 

calculated as follows:  
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where N is the total number of pixels in the image and ijf  is the value of the i-th 

colour space of the j-th image pixel and.  

The use of colour features only is sufficient for specific image 

understanding tasks, such as classification. For example, colour histograms can be 

identical for two images with different object contents, which happen to share the 

same colour information. Conversely, similar objects of different colours may be 

distinguished as different objects if solely based on colour histograms. For 

effective image understanding, not only colour of the objects but also the shape 

and texture should be studied.  

 

2.2.1.2 Texture features 

Texture is a visual feature that refers to inherent surface properties of an 

object and their relationship to the surrounding environment. Early methods for 

texture features focus on the statistical analysis of texture. The representative 

methods include the co-occurrence matrix method (Haralick, 1979) and filtering 

based approaches (Randen & Husoy, 1999) such as Gabor filtering (Bovik et al., 

1990; Manjunath & Ma, 1996), wavelet transform (Chang & Kuo, 1993; Laine & 

Fan, 1993) and wavelet frames (Unser, 1995). To be specific, Gabor filter 

characterizes the parameters of center orientation and frequency in the images’ 

frequency domain by filtering with a set of Gabor filters or wavelets of different 

spatial frequencies and orientations. Each wavelet can capture energy at a specific 

frequency and direction and denotes a localized frequency as a feature vector. 

Thus, texture features can be computed by these energy distributions (Grigorescu 

et al., 2002).  
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Given an input image I(x,y), a two-dimensional Gabor function g(x,y) can be 

defined 
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where xσ  and yσ  are the scaling parameters of the filter, W is the centre 

frequency, and θ is  the orientation of the filter.  

In general, these features are good as long as appearance of the images in 

the training and test dataset are similar. However, the read-world images are 

affected by the scale change, rotation, translation, occlusion and illumination it is 

significant to design the features invariant to scale and rotation. To meet this 

requirement, Ojala et al., (2002) proposed local binary pattern (LBP). The basic 

LBP operation is defined in a window. The centre of the window P  is defined as a 

threshold. Relying on the threshold, a code is computed by comparing the value of 

P  with its neighbours xP . For points P  and xP , the code )(s x  of xP is calculated 

by 
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So the code LBP for a point with eight neighbours x is 
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The basic LBP is inherently translation invariant, because the shift of the 

texture will not change the histogram of LBP codes. However, the scale and 

rotation have a great effect on the basis LBP, because the rotation will change the 

weights and then change code value. To solve this problem, the centre-symmetric 

local binary patterns (CS-LBP) is proposed. Different from LBP, CS-LBP 

compares gray-level differences of centre-symmetric pairs (see Figure 2-5).  

The advantages of LBP are that their variations is simple to compute and is 

robust to the illumination changes. However, rather than a numerical feature, the 

LBP feature is discrete and therefore it is difficult to combine them with other 

discriminative features in a compact descriptor (Hong et al., 2014). Moreover, the 

feature is sensitive to Gaussian noise and has high dimension.  
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Figure 2-5 LBP and CS-LBP features for a neighbourhood of 8 pixels (Heikkilä et 

al., 2009) 

 

2.2.1.3 Shape features 

It is known that shape is an important clue for human beings to identify 

and recognize the real-world objects from images. Shape feature extraction 

techniques can be broadly classified into contour based and region based methods 

(Zhang & Lu, 2004). Contour based feature extracts feature from the boundary of 

the object using one dimensional approach, while region-based feature calculates 

the distribution of pixels within the region of shape from 2D perspective. 

Moreover, contour based and region based methods can be further classified into 

global and structural based approaches. Figure 2-6 shows the classification of 

image shape features.  

Neighbourhood Binary Pattern 
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s (n2 - n6)22 + 
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Figure 2-6 Classification of shape features (Zhang & Lu, 2004) 

 

Among these features, contour-based methods are most popular as human 

beings are assumed to utilize the boundary of object to identify and recognize the 

object, and therefore most applications never require the inner information within 

the boundary. Contour-based methods often use the curvature scale-space (CSS) 

to denote the shape information, which is beneficial to extract the specific feature 

of the shape. CSS is proposed by Mokhtarian and Mackworth (1986) and its core 

concept is to smooth the contour using different Gaussian kernel along the shape 

contour and then compute the curvature of the sample and find the curvature over 

zero. Repeat the above process until no curvature over zero can be found. Finally, 

the standard deviation of Gaussian and the relevant curvature are used to describe 

the feature of the shape. These features are invariant to translation and scale, and 

are robust to noise as the process of multi filtering in multi-scale space. However, 

they cannot reflect the inner structure of the shape and are not suitable for 

complex shape.  

Fourier descriptors are another kind of popular contour-based descriptors. 

These descriptors calculate the Fourier transform coefficients of the shape contour 

to describe the shape feature. They assume the contour of the object is constituted 

of a set of pixels and the coordinates (x,y) of pixels can be denoted a sequence on 
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the complex plane by plural form jvu + . Given a closed boundary with N points, 

one complex sequence can be obtained starting from any point: 

 1,,1,0)()()( −=+= Nkkjvkuks  . (2-7) 

The Fourier transformation of )(ks can be computed by: 
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)(wS  is the Fourier descriptor of shape contour. These descriptors are 

simple to compute, normalize and match. Compared to CSS, they can not only 

extract the local specific feature, but also can extract global features. However, 

they are heavily affected by occlusion of object, as the Fourier transform 

coefficients of occlusions cannot be computed.  

 

2.2.2 Image feature description 

Once features are detected from an image, a local image patch around the 

feature can be extracted. Researchers have developed a variety of local descriptors 

for describing feature, such as: SIFT (Lowe, 2004), SURF (Bay et al., 2008), 

HOG (Dalal & Triggs, 2005), GLOH (Mikolajczyk & Schmid, 2005), DAISY 

(Tola et al., 2010). In the following section, we will summarize the SIFT, the most 

commonly used local descriptors for visual recognition tasks. 

 

2.2.2.1 Scale Invariant Feature Transformation (SIFT) 

SIFT (Lowe, 2004) is the most widely utilized local method for image 

classification tasks. It combined the difference-of-Gaussian (DoG) detector and 

histogram of gradient (HoG) descriptors. Firstly, it used different Gaussian blur to 

build a DoG scale space for different image scale and then used DoG to detect 

extrema under this scale space. Secondly, an approximate Harris detector was 

used to detect the key points. Thirdly, for each key point, the orientation was 

defined by the peak of gradient distribution of neighbour pixels. Finally, to 

guarantee the rotation invariance, the neighbour pixels of key point were rotated 

following the orientation of key point and then gradients of rotated locations were 

computed and the histogram of gradients were obtained. The SIFT descriptor has 

--
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shown good performance in a series of studies (Mikolajczyk & Schmid, 2005). 

More recently, several variations of the SIFT have been presented. For example, 

to reduce the size of SIFT, PCA-SIFT (Ke & Sukthankar, 2004) applies PCA on 

normalized gradient patches. Also, to solve the problem of main orientation 

assignment in original SIFT, RIFT (Lazebnik et al., 2005) divides each image 

patch into concentric rings with equal width. GLOH (Mikolajczyk et al., 2005) 

extends SIFT by changing the location grid to a log polar one and using PCA to 

reduce the size. Rank-SIFT (Li et al., 2011) set each histogram bin to its rank in a 

sorted array of bins.  

 

2.2.3 Bag of Words 

Besides the image features briefly reviewed above, how to partition an 

image and how to organize the image features are also challenging problems. In 

local feature-based image retrieval, Bag-of-Visual Words (BoVW) is the most 

widely used framework (Csurka et al., 2004, Csurka & Perronnin, 2008). In the 

BoVW framework, representative vectors called visual words (VWs) or visual 

vocabulary are created through k-means algorithm, where the resulting cancroids 

are used as VWs. For each image, the extracted local features can be represented 

by a histogram of VWs. Figure 2-7 shows the steps of the framework for 

constructing the bag-of-words for image representation. 
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Figure 2-7 Four steps for constructing the bag-of-words for image representation: 

(i) Detecting local interest regions or points by DoG detector or other 

region detectors; (ii) Extracting local features using feature descriptor 

like SIFT; (iii) quantizing the feature vectors to visual words by k-means 

algorithm; (iv) histogram of word frequencies.  (Tsai, 2012). 

 

2.2.4 Summary 

Traditional feature extraction is a very complex process, which often 

requires expensive human labour and relies on expert knowledge. Also, these 

hand-crafted features normally do not generalize well. In terms of different 

environment, different features should be designed to adapt the environment. It 

can take decades for an entire community of researchers. Thus, it is necessary to 

discover efficient feature learning techniques to represent features from raw 

images automatically. Recently, deep learning techniques enable the learning of 

the representation of data itself, which will be reviewed in Section 2.3. 

 

2.3 Deep Learning 

Deep learning is a particular type of machine learning that allows 

computers to learn knowledge from experience data. Its core idea is to represent a 

complicated concept by combining lower concepts. Figure 2-8 shows a deep 
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learning model of image recognition. This model is stacked by a few layers and 

the higher layer feature is built on the lower layers. In this section, we will 

introduce the deep feedforward networks that are the quintessential deep learning 

models, including the definition. And after that, we will introduce the 

convolutional neural network. 

 

Figure 2-8 A deep learning model of image recognition (Goodfellow et al., 2016) 

 

2.3.1 Deep feedforward network 

To describe the deep feedforward network, we will begin by describing a 

very simple feedforward network with one hidden layer containing two hidden 

units, as shown in figure 2-9. This feedforward network defines a mapping )(xfθ

and learns the parameters θ that )(xfy θ= .  Here, this model is a linear model, θ

consists ofW , ω  and two bias c  and b , where matrix W  describes the mapping 

form x to h , and a vector ω describes the mapping from h  to y . The hidden units 

h  are computed by function )( :, ii
T

i cWxgh +=  and bhy T += ω . Here the 

function )(zg  is called activation function. Recent researches usually use rectified 

linear unit or ReLU. 
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(Glorot et al., 2011, Jarrett et al., 2009, Nair & Hinton, 2010), which is given by 

},0max{)( zzg = . So the complete network can be specified as  

 bcxWbcWxf TT ++= },0max{),,,;( ωω  (2-9) 
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Figure 2-9 A simple feedforward network with one layer containing two hidden 

units 

 

The goal of a feedforward network is to learn the value of the parameters 

θ  that results in the best function approximation *f . To simplify the math, we 

treat this problem as a regression problem and use a mean squared error loss 

function. On the whole training set, the cost function is defined as 
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 (2-10) 

The cost function is also called loss function, which will be minimized by 

specially designed gradient learnt method provided that f  is differentiable. The 

training is usually done by back-propagation algorithms.  

In this simple feedforward network, there are only two hidden layers, but 

there can be multiple hidden layers in a feedforward network. Figure 2-10 shows a 

feedforward network with two hidden layers containing six hidden units. The 

number of hidden layers reflects the depth of the model and that’s why the name 

‘deep learning’ arises. Similar to the simple feedforward network, the general 

feedforward network defines a model ),;( ωθxfy = . This multi-layered 

feedforward network is able to approximate any continuous function on a more 

compact subset and build a universal approximator (Hornik et al., 1989). However, 
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the deeper the network is, the more complex the computation is.  Recently, the 

availability of powerful Graphical Processing Unites (GPUs) has reduced the 

training time by many orders of magnitude.  
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Figure 2-10 A multi-layered feedforward network with two hidden layers containing 

six hidden units 

 

2.3.2 Convolutional Neural Networks 

Convolutional Neural Networks (LeCun et al., 1989) or CNNs are a 

specialized kind of neural network for processing data that has a known, grid-like 

topology, like image data which can be treated as a 2D grid of pixels. CNNs have 

been very successful in the recognition of handwritten digits and other various 

image recognition and segmentation tasks. In CNN, convolutional layer are used 

together with pooling layer (subsampling layers), which is different from 

feedforward network that fully-connected layers are used.   

2.3.2.1 Convolutional Layer 

Convolution is a significant component in deep learning. It has properties 

of sparse interactions, parameter sharing and equivalent representations, which is 

beneficial to improve the machine learning system. By making the kernel smaller 

than the input, the unit connectivity is sparse. For example, in the traditional 

neural network which is formed by matrix multiplication, every output unit 

interacts with every input unit. But in the convolutional network, when s is formed 

by convolution with a kernel of width 3, only three outputs are affected by one 

( -~\ 
) 
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unit. See Figure 2-11 for an example. Also, convolution network uses the same 

parameters for more than one function in a model. In a convolutional neural 

network, each member of the kernel is used at every position of the input, which 

further reduces the number of parameters. Meantime, the particular form of 

parameter sharing causes the layer to have a property called equivariance to 

translation.  

 

Figure 2-11 The connectivity of convolutional layer (top) and fully connected layer 

(below). (Top) when the output unit s is formed by convolution with a 

kernel of width 3, only three outputs are affected by input unit. (Bottom) 

when s is formed by matrix multiplication, connectivity is no longer 

sparse, so all of the outputs are affected by (Goodfellow et al., 2016). 

 

2.3.2.2 Pooling Layer 

The function of pooling layer is to progressively reduce the spatial size of 

the representation to reduce the number of parameters and computation in the 

network, and hence the pooling layer is also called sub-sampling layers. It largely 

reduces the issue of overfitting. The Pooling Layer operates independently on 

each depth slice of the input and resizes it spatially, using the MAX operation. 

The most common form is a pooling layer with filters of size 2x2 applied with a 

stride of 2 sub-samplings every depth slice in the input by 2 along both width and 

height, discarding 75% of the activations. Every MAX operation would in this 

case is the max value over the 4 numbers (little 2 x 2 regions in some depth slice). 

The depth dimension remains unchanged.  
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Figure 2-12 Pooling layer downsamples the volume spatially, independently in each 

depth slice of the input volume. Left: In this example, the input volume 

of size [224x224x64] is pooled with filter size 2, stride 2 into output 

volume of size [112x112x64]. Notice that the volume depth is preserved. 

Right: The most common downsampling operation is max, giving rise to 

max pooling, here shown with a stride of 2. That is, each max is taken 

over 4 numbers (little 2x2 square). 

 

2.4 Human Parsing 

There are two ways to address the problem of human parsing. One way is 

to formulate the problem as partitioning the human body into semantic regions 

through the Poselet representation. Under this condition, human parsing can be 

regarded as the synonym of 2D human pose estimation. Another way to address 

the problem is to formulate the problem as assigning label for each pixel of image. 

In this section, only the latter method will be reviewed, while the former method 

will be reviewed in Section 2.5.  

In order to provide accurate pixel-level labelling, Yamaguchi et al.,(2012) 

first proposed to solve the problem of human parsing as a labelling problem, 

where images were segmented into super-pixels and then clothing labels for every 

segment were predicted in a CRF model. Figure 2-13 shows their clothing parsing 

pipeline. This method performs quite well on the constrained parsing problem, 

where test images are parsed given user provided tags indicating depicted clothing 

items. But it is less effective at unconstrained clothing parsing, where test images 

are parsed in the absence of any textual information. Yamaguchi et al., (2013) 

further used a retrieval-based approach to solve the problem. For a query image, 

they found similar styles from a large database of tagged fashion images and used 

these examples to parse the query. Their approach combined parsing from pre-

trained global clothing models, local clothing models learned on the fly from 
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retrieved examples, and transferred parse masks (paper doll item transfer) from 

retrieved examples. 

 

Figure 2-13 Pipeline of the work (Yamaguchi et al. 2012) 

 

Different from assigning label of super-pixels in the works of Yamaguchi 

et al., (2012), Dong et al., (2013) first aligned human parts by using the parselet 

representation as the building blocks of a parsing model. Parselets are a group of 

parsable segments that can generally be obtained by low-level over-segmentation 

algorithms. They built a deformable mixture parsing model (DMPM) for human 

parsing to simultaneously handle the deformation and multimodalities of parselets. 

Figure 2-14 shows the pipeline of their work. In their further work (Dong et al., 

2014) they seamlessly formulate the human parsing and pose estimation problem 

jointly within a unified framework via a tailored And-Or graph, by utilizing 

Parselets and Mixture of Joint-Group Templates as the semantic parts. The 

limitation of their works is that they may fail to capture the correlation between 

human appearance and structure due to the sequential process. 

 

Figure 2-14 Pipeline of the work (Dong et al., 2013) 

 

In addition, Liu et al., (2015) proposed a quasi-parametric human parsing 
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model. Given a testing image, its K Nearest Neighbour (KNN) images are 

retrieved from the manually-parsed image corpus first. Each KNN image derives 

several semantic regions, which are generated by masking out the background 

region with the mean image of the image corpus. Then the input image is paired 

with each semantic region of its KNN images and each pair is fed into a 

parametric matching convolutional neural network (M-CNN) individually. The 

M-CNN predicts the matching confidence and displacements between the input 

image pair. Then the corresponding label maps are transferred from the KNN 

region to the testing image. All transferred label maps from different KNN images 

are combined to produce a probability map for each label. In this method, 

although CNN is incorporated to the framework for human parsing, CNN does not 

play an important role. It is only used to learn the matching between KNN images 

and test images. 

 

2.5 2D Pose Estimation 

Pose estimation refers to the process of estimating the configuration of the 

body parts (3D pose estimation) and 2D projection onto the image plane (2D pose 

estimation), which is shown in Figure 2-15.  

 

Figure 2-15 3D pose (Left) and 2D pose (Right) examples 

The literatures on 2D human pose estimation on images are vast, and date 

back as far as (Ioffe & Forsyth, 1999). Both bottom-up (Ramanan, 2006) and top-

down methods (Felzenszwalb & Huttenlocher, 2005, Mikolajczyk et al., 2004) 
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have been proposed. Other methods are matching the entire human shape (Mori & 

Malik, 2002), assembling poses from segmentations, depending on the detected 

skin colour regions and using contours or gradients to model shape of body parts 

(Andriluka et al., 2009, Kumar et al., 2009). Among these methods, the most 

successful method is the pictorial structure (as shown in Figure 2-16(a)) model 

proposed by Felzenszwalb and Huttenlocher (2005), where an object is modelled 

by a collection of parts arranged in a deformable configuration. Each part captures 

local appearance properties of an object while the deformable configuration is 

characterized by spring-like connections between certain pairs of parts. But the 

original pictorial structure is based on a simple appearance model and requiring 

background subtraction, which renders it inappropriate for condition with complex 

background and highly articulated human. Andriluka et al., (2009) proposed a 

generic approach based on the pictorial structure framework by the combination 

of a strong discriminatively trained appearance model with a flexible kinematic 

tree prior on the configurations of body parts. Figure 2-16 (c) shows some 

examples of their result. Later, Singh et al., (2010) used multiple heterogeneous 

detectors for each part to improve estimation accuracy. Yang and Ramanan (2011) 

introduced a novel but simple representation for modelling a family of affinely-

warped templates: a mixture of non-oriented pictorial structures. They also 

augmented classic spring models with co-occurrence constraints that favour 

particular combinations of parts. Such constraints can capture notions of local 

rigidity – for example, two parts on the same limb should be constrained to have 

the same orientation state. Different trees obtained from the mixture of parts are 

shown in Figure 2-16(d). 
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（a） （b）

（c） （d）  

Figure 2-16 (a) Illustration of Pictorial structure by (Felzenszwalb & Huttenlocher, 

2005); (b) Hierarchical poselets by (Wang et al., 2011); (c) Example of 

pose estimation result (top) and part poesteriors (bottom) (Andriluka et 

al., 2009); (d) Different trees obtained from the mixture of parts (Yang 

& Ramanan, 2011). 

 

The limitation of these methods is that they are based on the notion that the 

human body can be modelled as a set of rigid parts connected in some way. They 

use a natural definition of parts (e.g., torso, head, upper/lower limbs) 

corresponding to body segments, and model those parts as rectangles, parallel 

lines, or other primitive shapes. However, the rigid part may not be corresponding 

to the most salient features for visual recognition (Bourdev & Malik, 2009). For 

example, rectangles that founded as limbs may be easily confused with windows, 
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buildings and other objects in background. It may also be that “half of a frontal 

face and a left shoulder” or “the legs of a person making a step in a profile view” 

are particularly discriminative visual patterns for detecting a human. To solve the 

problem, Wang et al.,  (2011) proposed poselets to represent the body as a 

hierarchical combination of body “pieces” (shown in Figure 2-16(b)). The 

advantage of this representation is that it infers the human pose by pulling 

information across various levels of details, ranging from the coarse shape of the 

whole body, to the fine-detailed information of small rigid parts. The disadvantage 

is that the computation complexity is very high. 

To conclude, the performance of model based approaches for human pose 

estimation relies specially on the appearance module and the configurations 

learning of body parts. 

 

2.6 3D Human Model Reconstruction 

Three-dimensional modelling of human subjects is an active research topic 

that covers both shape and pose modelling. Shape modelling refers to modelling 

human subjects of different body shapes, which can be classified as scan-based 

modelling or reconstructive modelling. 

In the clothing industry, whole-body scanning was introduced in the late 

1980s. Scan-based modelling can provide 3D digital models for measurement 

extraction and virtual try-on simulation. However, scan-based modelling relies on 

expensive scanners and customers must take the scan in special clothing, e.g. 

underwear (Paquette et al., 2000).  

Nevertheless, reconstructive methods deform a template model to the 

desired shape. Some early image-based methods were reported in the 90s 

(Fitzgibbon et al., 1998, Szeliski, 1993) that 3D models were reconstructed using 

images simultaneously taken from multiple view angles. The later research efforts 

were focused on shape reconstruction of humans from fewer views (Hilton et al., 

2000, Wang et al., 2003). However, the reconstructed models from fewer views 

were found with unrealistic appearance and erroneous measurements due to 

uncontrolled 2D-to-3D approximation (Wang et al., 2003).  Example-based 

techniques, which are another class of reconstructive approach, learn the shape 
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models from examples ‒ meshes (or point clouds) produced by 3D scanners. Most 

example-based methods follow a three-step process of registration, PCA analysis, 

and synthesizer development to derive a parametric deformable model (Allen et 

al., 2003). PCA and linear models are used to synthesise realistic shape 

deformations. Such linear models substantially simplify the deformation 

computation even for high-resolution mesh models. Example-based methods 

provide high-level controls for shape deformation. Although example-learnt 

parametric models provide realistic deformation in terms of global shape 

appearance, they may not provide accurate local sizes. The ‘average figures’ 

derived from PCA-driven deformation can not capture well local shape 

characteristics, e.g. squared or sloppy shoulder and/or hump back. These methods 

are not suitable for human body customisation because the deformation is done by 

summarising from examples.  

The research interests of the computer graphic community on human 

modelling are for animation applications, i.e. modelling pose deformation of 

humans in dynamic movements. Typical approach of pose modelling is to drive 

surface deformation using skeleton-based motion data by embedding an 

articulated skeleton to the skin model. However, skeleton-based rigid 

deformations show uncontrollable joint defects; unrealistic surface deformations 

are resulted if the range of movement is large. Other than skeleton-based methods, 

example-based methods are also applied to learn human pose deformation. 

SCAPE is one of the most famous example-based methods (Anguelov et al., 

2005), which learns realistic pose deformation from a set of 72 pose scans. 

Example-based deformed human models have been applied in many vision-based 

applications (Guan et al., 2009). 

Zhu and Mok (2013) developed a novel human body shape modelling 

method reconstructing precise 3D human model based on front- and size-view 

photos of a subject. Different from example-based method, which learned global 

shape variations from full body scans, the method developed by the applicant 

learned local body shape characteristics, namely cross-sectional size and shape 

relationships from over 10000+ scanned subjects using neural networks. They 

then extract size features from the input images, from which they predict the 

cross-sectional shape and reconstruct the overall body shapes. Without assuming 

linear shape deformation, the method is able to capture local shape characteristics 
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and have been applied to customise 3D body models for subjects dressed in tight-

fit clothing (Zhu & Mok, 2013) or dressed in arbitrary clothing, even loose-fit 

clothing (Zhu & Mok, 2015). For clothed subjects, their patented algorithm 

predicts body contours under clothing based on a few visible feature of the clothed 

subject in the input images (Mok & Zhu 2016). The image feature extraction can 

be done manually or complete automatically. Large scale experiment was 

conducted to verify this human modelling method. The results have shown that 

output human models (both males and females) have accurate sizes, with realistic 

shape details and appearance. The size measurement discrepancies between the 

resulting models and the scanned models are less than 2cm in all key girth 

measurements like bust, waist and hip. See Figure 2-21 for some example work of 

the applicant in human modelling.  

            

  

     

   

   

   

   

   
 

            rison

 

Figure 2-17 Some results of the applicant’s human modelling method – Shape 

modelling 
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Recently, Zhu and Mok (2016) also developed a complete pipeline of pose 

modelling that efficiently deformed a model from standard pose into different 

dynamic poses. The correspondence registration is completed automatically and 

natural pose deformations integrating both rigid and non-rigid can be obtained 

within seconds, which is about one-tenth of the time needed by the state-of-the-art 

algorithm of SCAPE (Anguelov et al., 2005). In other words, the applicant and 

her student can precisely model subjects of different shapes in a diversity of poses, 

see Figure 2-22 some results of pose deformation that are compared to the 

corresponding scans.  

 

Figure 2-18 Some results of dynamic pose deformation 

 

2.7 Clothing Classification and Retrieval 

Clothing classification is to predict the semantic attributes of clothing, 

while clothing retrieval is to learn the visual feature of clothing. But clothing 

classification and retrieval is inter-related. Clothing classification can be used to 

extract high-level feature for clothing retrieval, and clothing retrieval can help 

with the classification of images from different scenarios, such as store, street 

snapshot. 

2.7.1 Clothing classification 

In recent years, due to the popularity of online shopping, clothing 

classification and retrieval has been an increasingly popular research topic. As 

clothes often have large variations in style, texture and cutting, and are easily to be 

deformed and occluded, clothing classification and retrieval is very difficult. 

Therefore, clothing classification often requires the exact localization of the 

clothing item. Because of the difficulty for localization, in the early time, most 

works in the attribute learning either assumed that the bounding box that contains 

deformed scanned deformed scanned deformed scanned deformed scanned
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the object of interest were pre-detected or used the image as a whole for feature 

extraction (Chen et al., 2012). Later, with the improvement of accuracy of face 

detection and pose estimation，most works on clothing localization were based 

on face detector and body detection (Bossard et al., 2012), as well as pose 

estimation (Chen et al., 2012) to detect the clothing region.  But these method can 

only handle the condition that no face or person are on the clothing images. So 

image segmentation methods are often used to localize the clothing region for 

these clothing images (Sun et al., 2015, Yamagich et al., 2012).  

(a) Apparel classification based on face detector 

(b)  Clothing attribute classification based on pose estimation 

(c) clothing style classification based on image segmentation 

 

Figure 2-19 (a) the  pipeline of clothing attribute classification of the work (a) 
(Bossard et al., 2012), (Chen et al., 2012) and (Sun et al., 2015). 

Figure 2-19 shows the  pipeline of clothing attribute classification based on 
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face detection (Figure 2-19(a)), pose estimation (Figure 2-19(b)) and clothing 

segmentation (Figure 2-19(c)). From Figure 2-19, it can be founded that no matter 

what the clothing localization method is used, after the pre-detect of clothing, to 

lean the classification model, the image feature  with regard to the location then 

will be extracted and later be used to learn a classifier by machine learning 

methods. The common features used in clothing attribute classification are colour 

histogram, SIFT (Lowe, 2004), Hog (Dalal & Triggs, 2005) etc, while the 

common machine learning methods used in clothing classification are Support 

Vector Machines (SVMs) and Random Forest (Liaw & Wiener, 2002).  

However, the traditional feature extraction descriptor is almost hand-

designed, and is not suitable for many kinds of clothing images. Due to the 

deformation, occlusion, large variation of clothing, it is difficult to design a 

feature descriptor to solve these problems. Moreover, these clothing classification 

methods highly depend on the clothing detector, as well as the limitation of 

feature extraction, the classification accuracy is relatively low. 

With the development of deep learning technology, some researchers 

began to use deep neural network to learn the clothing attribute features from huge 

amount of clothing attribute dataset. For example, Abdulnabi et al., (2016) used a 

multi-task convolutional neural network to learn different attributes on a small 

dataset connected by Chen et al., (2012) with 1856 images and 23 binary 

attributes. As the dataset was too small, they combined the attributes to 4 

categories. Their experiments results have demonstrated the effectiveness of deep 

learning technology on clothing attribute classification. However, one of the major 

challenges of attribute learning using deep learning is the lack of training data 

with annotated with clothing attributes, which is labour-intensive and time-

consuming.  

To solve this problem, Liu et al. (2016) proposed a large fashion dataset 

with clothing category, attributes, locations and correspondence of images taken 

under different scenarios, including store, street snapshot, and consumer. Based on 

the dataset, they designed a FashionNet to train the clothing category and attribute 

classicization and location prediction simultaneously, which was beneficial to the 

mutual learning between tasks. Figure 2-20 shows the pipeline of FashionNet. 

Shown in Figure 2-20, as the clothing localization prediction and clothing 

category and attribute classification are all in a network for end-to-end training, 
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clothing category and attribute classification is very efficient. But their method 

requires the training dataset also annotated with clothing locations. 

 

Figure 2-20 Pipeline of FashionNet. (Liu et al., 2016) 

Dong et al., (2017) proposed a multi-task curriculum transfer (MTCT) 

deep learning method to jointly learn all attributes for capturing the underlying 

correlations between different attributes, and also learn the feature similarity 

between cross-domain images.  Their method did not require the training dataset 

annotated with clothing locations. They trained a clothing detector using Faster-

RCNN (Ren et al., 2016) on an assembled clothing dataset with bounding box 

annotation to pre-detect the clothing. But the accuracy of clothing detection is still 

not very high. 

conv5 global conv5_J)ose 
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Figure 2-21 MTCT network design (Dong et al., (2017) 

2.7.2 Clothing retrieval 

Feature extraction plays a very important role in clothing retrieval. Given a 

clothing image, to retrieve a clothing image with similar visual feature, we should 

first extract the clothing feature and then compute the similarity between extracted 

features to search the similar clothing image. As the feature extracted from image 

is of low-level features, which are lack of global information of clothing, clothing 

classifier is often used to extract the high-level features for clothing retrieval. 

 

Figure 2-22 The pipeline of the proposed method (Liu et al., 2012) 

Figure 2-21 shows the pipeline of clothing retrieval of the work (Liu et al., 

2012). They first use a pre-trained human detector to locate the human parts and 

extract 5 kinds of features, e.g. HOG, LBP, Colour moment, Colour histogram and 

skin descriptor from each part. Then, based on extracted features, a two-step 

calculation is proposed to solve the cross-domain image retrieval problem 

between street shots and online products. Firstly, the similarity between the street 
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shot and an auxiliary set is computed. Then, the similarity between street shot and 

online products is transferred by the similarity between auxiliary set and online 

products. Their major contribution is that they proposed a two-step calculation, 

which enabled the operation in two situations: offline and online.  

Wang et al., (2013) proposed a framework to solve the problem that 

retrieved the same clothes worn by the same people in different scenarios. Firstly, 

they exploited the bag-of-visual model to construct a colour code-book and also 

used a supervised learning algorithm to train a clothing attribute classifier. 

Secondly, based on the colour code-book, initial similar clothing items were 

generated. Finally, the initial retrieval results were ranked using the clothing 

attribute classifiers. Their major contribution is the bag-of-words colour 

representation for clothing, which is robust to the variations of clothing in 

uncontrolled conditions.  

Chen et al., (2014) proposed an interactive clothing retrieval system. In 

this system, users input the image and selected the clothing region in an in-the-

wild image and then the system output in-the-wild images with similar clothing. 

They also designed the shape feature by fusing several image moments with 

respect to body joints. Though this system is convenient to use, but it only 

performs well for retrieving the top and socks.  

Similar to clothing classification, clothing retrieval also highly relies on 

the localization of clothing region, and the extracted feature is hand-designed. But 

different from clothing classification, the scenarios of clothing images have a huge 

impact on the clothing retrieval, as image features under the different scenarios is 

very different. So there is much work devoted to solve this problem in the field of 

clothing retrieval. However, traditional method for clothing retrieval based on the 

hand-designed feature extraction is difficult to solve this cross-domain problem. 

More recently, some researches have applied deep learning technology to 

retrieving clothing. Qiang Chen et al., (2015) designed Deep Domain Adaptation 

Network (DDAN), a specific double-path deep convolutional neural network, 

which is shown in Figure 2-23. One path receives an on-line image as the input, 

while the other one receives an in-the-wild image as the input. These two paths 

are connected by two alignment cost layers, which are used to ensure that feature 

learning parameters for the two domains are similar as far as possible and high-

level features with the same label are highly similar. Both of the paths have the 
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same architecture to facilitate comparative analysis. In addition, they also 

designed a merging layer to deploy the model after co-training. This method 

greatly improved the accuracy of clothing retrieval. However, they used RCNN 

proposed by Girshick to localize the body region to estimate the clothing region. 

As the accuracy of body detector is not very high, it then affects the performance 

of clothing feature learning. 

 

Figure 2-23 Overview of the method (Qiang Chen et al., 2015) 

Similarly, Huang et al., (2015) designed a Dual attribute-aware ranking 

network (DARN). DARN simultaneously integrates semantic attributes with 

visual similarity constraints into the feature learning stage, while at the same time 

models the discrepancy between domains. This network is also constructed by two 

sub-networks. One sub-network inputs the on-line images, while the other sub-

network inputs the in-the-wild images. Both of the two sub-networks are based on 

the Network-in-Network models (NIN). Figure 2-24 shows the framework of this 

network. To increase the representation capability of the intermediate layer, the 

fourth layer, named Conv4, is followed by two convolutional layers. Different 

from the work of Chen et al. (2015), they added tree-structured fully-connected 

layer on top of each sub-network to encode information about semantic attributes. 

The added layer was a triplet-based ranking loss layer, which was used to 

constrain the feature similarity of image triplets. Compared to DDAN, the 

accuracy of DARN is improved. However, the performance is also limited to the 

poor localization of clothing. 
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Figure 2-24 Overview of the method (Huang et al., 2015) 

The network proposed by Liu et al., (2016) and Dong et al., (2017) is also 

able to learn the feature for clothing retrieval, even when the images are in 

different scenarios. Compared to DDAN and DARN, the retrieval accuracy is 

improved a lot by strengthening localization of clothing and the use of the multi-

task learning. However, similar to the limitation in clothing classification, the 

method of Liu et al., (2016) requires the training data annotated with bounding 

box locations, and the clothing detection of Dong et al., (2017) is also not very 

high. 

2.8 Chapter Summary 

This chapter has reviewed the related literature of this study, including 

image understanding, image feature extraction, deep leaning for human parsing 

and 2D pose estimation, 3D human model reconstruction and clothing 

classification and retrieval.   

In terms of the image understanding, there are many related works, we 

mainly review the related works of image classification, object detection and 

image segmentation. For the image feature extraction, the traditional feature 

extraction needs to design the feature descriptor and use the Bag of Words in 

clothing retrieval. It requires extensive human labour and relies on expert 

knowledge. Different from the traditional feature extraction, deep learning learns 

the features from the amounts of data automatically. Its performance has also been 
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demonstrated in many tasks, such as object classification, object detection and 

semantic segmentation. 

We also review the related works of human parsing and pose estimation. 

Some researcher has used the deep learning technology to deal with these tasks. 

However, there are still some problems. For example, the result of the human 

parsing is very coarse, and the occlusion problem is very challenging in pose 

estimation. The problem of some related works of 3D human model 

reconstruction is that the accuracy is low. We review traditional method and deep 

learning method for clothing classification and retrieval. Although deep learning 

technology is more powerful to extract clothing features by self-learning, the 

accuracy of clothing localization limits its performance.  
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CHAPTER 3. Part-Detection Based 
Human Parsing Cascade (PDHPC) of 

Networks 
 

3.1 Introduction 

Being an important element in both human-centric and clothing analysis, 

human parsing has become an attractive research area in recent years. Human 

parsing, namely, is to segment the person in the fashion image into the regions of 

different body parts (e.g. face, left-arm, and right-leg) and the clothes (e.g. upper-

clothing, dress, and pants) that the person is wearing. Figure 3-1 shows an 

example of human parsing. As shown, after human parsing, each pixel of the input 

image will be given a label.  

Hat
Hair
Sunglasses
Upper-clothing
Skirt
Pants
Dress
Belt
Left-shoe
Right-shoe
Face
Left-leg
Right-leg
Left-arm
Right-arm
Bag
Scarf

Background

(a) (b)  

Figure 3-1 Human parsing example: (a) Input image and (b) Parsing ground-truth 

As discussed in Chapter 1, human parsing is one of the four key 

developments in our proposed fashion image understanding platform (Section 

1.3), because human parsing can help localise the regions of interest in an input 

fashion image. For human parsing research, as reviewed in Section 2.4 of Chapter 

2, researchers mainly adopt one of the two approaches: (1) we call the first 

-----------• • --• -• 
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approach as a bottom-up approach (Yamaguchi et al., 2012; 2013), where input 

images are first analysed using super-pixel technique, and conditional random 

field (CRF) is then used to group and refine initial super-pixel results into larger 

segments and labels; (2) we call the second approach as a top-down approach 

(Wang et al., 2011, Dong et al., 2013), where input images are first segmented 

into regions which are further classified into given labels.  

Following the bottom-up approach, Yamaguchi et al. (2012) proposed to 

segment the image into super-pixels and then predicted the clothing labels for 

each super-pixel using a CRF model. This method performs quite well on the 

constrained parsing problem, where test images are parsed given user provided 

tags indicating depicted clothing items. But it is less effective at unconstrained 

clothing parsing, where test images are parsed in the absence of any textual 

information. Yamaguchi et al. (2013) further used a retrieval-based approach to 

solve the problem. For a query image, they found similar styles from a large 

database of tagged fashion images and used these examples to parse the query. 

Their approach combined parsing from pre-trained global clothing models, local 

clothing models learned on the fly from retrieved examples and transferred parse 

masks (paper doll item transfer) from retrieved examples. 

With the top-down approach, another group of researchers first aligned 

human parts using the parselet representation as the building blocks of a parsing 

model (Wang et al., 2011). Parselets are a group of parsable segments that can 

generally be obtained over segmentation algorithms using low-level features. 

Dong et al. (2013) built a deformable mixture parsing model (DMPM) for human 

parsing to simultaneously handle the deformation and multimodalities of parselets. 

They seamlessly formulated the human parsing and pose estimation problem 

jointly within a unified framework via a tailored And-Or graph, utilizing Parselets 

and Mixture of Joint-Group Templates as the semantic parts. Their work is limited 

by the suboptimal performance of many hand designed intermediate components, 
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such as hand-crafted feature extraction and pose estimation (Liu et al., 2015). 

Inspired by the remarkable improvement in accuracy introduced by the use 

of deep networks, some deep human parsing methods were recently proposed. 

Liang et al. (2015) proposed the contextualized convolutional network, a fully 

convolutional network, to address the human parsing task. They integrated the 

cross-layer context, global image-level context, within super-pixel context and 

cross super-pixel neighbourhood context into a unified network. To increase the 

network capability, in their extension work (Liang et al., 2016), they incorporated 

Long Short-Term Memory (LSTM) layers into the CNNs, which enabled the 

memory of previous contextual interactions from local neighbouring positions and 

the whole image in previous LSTM layers.  

In this chapter, we propose a new human parsing network cascade. 

Inspired by human’s observing mechanism that when people look at a human 

photo, people often quickly scan the whole image in order to first locate the face 

and then the body parts to see what clothes the person is wearing. We propose in 

this chapter a Part-Detection based Human Parsing Cascade (PDHPC) of 

Networks. To imitate the human observing system, we integrate a head parsing 

sub-network and a body parsing sub-network into a cascade of human parsing 

network. The head parsing sub-network and body parsing sub-network focus on 

the head classes and body classes, respectively, and add the attention of head and 

body in the final neural networks. To evaluate the effectiveness of our method, we 

conducted several experiments on the ATR dataset (Liang et al., 2015), on which 

we also trained our PHPC model. For comparison, we also trained a FCN-8s 

model using the method proposed by Long et al. (2015) and a CRFasRNN model 

using the method of Zheng et al. (2015).  

Figure 3-2 illustrates the organization of this chapter, in which the detailed 

design steps of PHPC model are explained in section 3.2, the experimental setup 

and training of the model are explained in section 3.3, and finally detailed results 
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and evaluation of the PDHPC model is given in Section 3.4.  

 

Figure 3-2 Overview of framework to parsing human images  

3.2 Detailed Design of PDHPC Networks 

3.2.1 Model overview 

Figure 3-3 shows the framework of part-detection based and CRFs 

embedded human parsing cascade (PDHPC). As shown, PDHPC consists of three 

networks: (1) an image-level parsing network, (2) a head parsing sub-network, 

and (3) a body part parsing sub-network. These three networks were all built on 

the Full Convolutional Neural network (FCN), generating three feature maps. We 

( Network Architecture ) 
• Over-all network framework • ATRdataset (Liu et al., 2015) 
• Single-stream net, FCN -32s • Define training and test images 
• Skip layers and FCN-8s • Pre-processing steps 
• Loss function 
• Refinements 
Section 3.2 

Sections 3.3.1-3.3.2 

• Implementation details 
• Input training+ test data set 
• Loss and metrics definition 
• Network training and inferencing 
• Comparison networks 
Sections 3. 3. 3-3. 3. 4 

• Detection rates 
• Overall performance 
• Per-class accuracy comparison 
• Speed comparison 
• Comparison w/ and w/o refinements 
Section 3.4 
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combined these feature maps together, and used super-pixel and CRFs technology 

to refine the parsing results.  

 

Figure 3-3 Part-detection based cascade of networks for human parsing (PDHPC) 

Firstly, our image-level parsing network (a) generates an initial parsing 

result on the whole image. Secondly, based on the initial result, we detect the head 

part and body part. Thirdly, we input head part and body part into our (b) head 

parsing sub-network and (c) body parsing sub-network, respectively. To capture 

the details of small items, the head and body part images are scaled up and the 

part image size is doubled for sub-networks (b) and (c). Fourthly, we combine all 

the feature maps. Finally, we use super-pixels and CRFs to further improve label 

agreement between similar pixels, and spatial and appearance consistency of 

labeled regions.  

Our main contribution is that we proposed a novel PDHPC model that 

mimics human vision. In sub-sections 3.2.2 and 3.2.3, we introduce in details the 

image-level parsing network and the head and body parsing sub-networks. In sub-

section 3.2.4, we introduce the fusion of all the networks. In sub-section 3.2.5, the 

refinements using super-pixel and CRFs is discussed. 

 

.. , ... .. g 
18 x 384 >< 384 
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Figure 3-4 The structure of FCN 
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3.2.2 Image-level parsing network 

For the image-level parsing network, we use the fully convolutional neural 

network (FCN) which was proposed for semantic segmentation by Long et al. 

(2015). Compared with ordinary convolutional neural networks (CNNs), FCN 

replaces all the fully connected layers with convolutional layers. Hence FCN can 

attain the location information, and operate on an input of any size and produce an 

output of the same size, therefore it can be trained end-to-end, providing pixel-to-

pixel labels from raw images.  

In our method, we use the VGG 16-layer network (Simonyan and 

Zisserman, 2014) as our base network. In the VGG-16 network, there are 13 

convolutional with Rectified Linear Units (ReLU) layers, 5 pooling layers, and 3 

fully connected layers. As pool layers do not have weight parameters, therefore a 

total of 16 layers with weights should be trained. Because this network was firstly 

proposed by Visual Geometric Group (VGG) in Univerity of Oxford for image 

classification application, so the network is named as VGG-16 net. To use the 

network for segmentation application, the 2 fully connected layers are converted 

to convolutional layers. Figure 3-4 shows the detailed structure of each FCN (pink 

box) in Figure 3-3, which includes (i) a single-stream network that is also named 

as FCN-32s and (ii) skip layers. FCN-32s itself is a fully convolutional network 

summarising low-level features for a coarse prediction. Input to the image-level 

parsing network are 384×384 colour images, passing through a stack of 

convolutional layers and pooling layers. 

3.2.2.1 Convolutional layer 

The output of a convolutional layer is computed as  

 𝑆𝑆(𝐾𝐾, 𝐼𝐼)(𝑖𝑖, 𝑗𝑗) = ∑ ∑ 𝐼𝐼(𝑖𝑖 − 𝑚𝑚, 𝑗𝑗 − 𝑛𝑛)𝐾𝐾(𝑚𝑚,𝑛𝑛)𝑛𝑛𝑚𝑚  (3-1) 

where 𝐼𝐼 is a two-dimensional image,  𝐾𝐾 is a two-dimensional kernel. If the sizes of 
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𝐼𝐼  and 𝐾𝐾  are 𝐼𝐼𝑥𝑥 × 𝐼𝐼𝑦𝑦  and 𝐾𝐾𝑥𝑥 × 𝐾𝐾𝑦𝑦 , respectively, the size of 𝑆𝑆  is (𝐼𝐼𝑥𝑥 − 𝐾𝐾𝑥𝑥 +

1) × (𝐼𝐼𝑦𝑦 − 𝐾𝐾𝑦𝑦 + 1) . Figure 3-5 shows an example of 2D convolution. By 

referencing index (𝑖𝑖, 𝑗𝑗) to the centre of the image, equation (3-1) can also be 

expressed as 

 𝑆𝑆(𝐾𝐾, 𝐼𝐼)(𝑖𝑖, 𝑗𝑗) = ∑ ∑ 𝐼𝐼(𝑖𝑖 − 𝑚𝑚, 𝑗𝑗 − 𝑛𝑛)𝐾𝐾(𝑚𝑚,𝑛𝑛)𝑛𝑛=𝑘𝑘𝑦𝑦
𝑛𝑛=0

𝑚𝑚=𝑘𝑘𝑥𝑥
𝑚𝑚=0  (3-2) 

where 
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Figure 3-5 Convolution of image I with kernel K and stride 1, the weights in the 

kernel are the parameters to be trained. An explanatory example 

[Source: Internet Image by Veličković, (2016)]. 

 

Assume the input is a multi-channel image V  with element kjiV ,,  , where k is the 

number of channels, and convolution of a 3-D tensor kernel 𝐾𝐾 with stride s  is 

applied to V , then the output Z  is defined as 

 𝑍𝑍𝑖𝑖,𝑗𝑗,𝑘𝑘 = 𝑐𝑐(𝐾𝐾,𝑉𝑉, 𝑠𝑠)𝑖𝑖,𝑗𝑗,𝑘𝑘 = ∑ [𝑉𝑉(𝑖𝑖−1)×𝑠𝑠+𝑚𝑚,(𝑗𝑗−1)×𝑠𝑠+𝑛𝑛,𝑙𝑙𝐾𝐾𝑚𝑚,𝑛𝑛,𝑙𝑙]𝑙𝑙,𝑚𝑚,𝑛𝑛  (3-3) 

To implement a convolution network, we compute the gradient with respect to the 

kernel 𝐾𝐾, given the gradient with respect to the outputs Z . The derivatives with 

respect to the weights in the kernel can be computed by  

 𝑔𝑔(𝐺𝐺,𝑉𝑉, 𝑠𝑠)𝑖𝑖,𝑗𝑗,𝑘𝑘 = 𝜕𝜕
𝜕𝜕𝐾𝐾𝑖𝑖,𝑗𝑗,𝑘𝑘

𝐽𝐽(𝑉𝑉,𝐾𝐾) = ∑ 𝐺𝐺𝑚𝑚,𝑛𝑛,𝑖𝑖𝑚𝑚,𝑛𝑛 𝑉𝑉(𝑚𝑚−1)×𝑠𝑠+𝑘𝑘,(𝑛𝑛−1)×𝑠𝑠+𝑙𝑙,𝑗𝑗 (3-4) 

If this layer is not the bottom layer of the network, we then compute the gradient 
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with respect to 𝑉𝑉 in order to back-propagate the error further down. The function 

is  

 ℎ(𝐾𝐾,𝐺𝐺, 𝑠𝑠) = 𝜕𝜕
𝜕𝜕𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘

𝐽𝐽(𝑉𝑉,𝐾𝐾) = ∑ ∑ ∑ 𝐾𝐾𝑚𝑚,𝑝𝑝,𝑞𝑞𝐺𝐺𝑙𝑙,𝑛𝑛,𝑞𝑞𝑞𝑞𝑛𝑛,𝑝𝑝
𝑠𝑠.𝑡𝑡.

(𝑛𝑛−1)×𝑠𝑠+𝑝𝑝=𝑗𝑗

𝑙𝑙,𝑚𝑚
𝑠𝑠.𝑡𝑡.

(𝑙𝑙−1)×𝑠𝑠+𝑚𝑚=𝑖𝑖

 (3-5) 

It is noted that a kernel is a matrix of trainable weights, and the total 

number of weights depends on its size. Every kernel adds additional trainable 

weights to the network. 

3.2.2.2 Non-linear activation - ReLU 

All convolutional layers are followed by a non-linear activation function. 

Rectified Linear Unit (ReLU) is a common activation function in neural networks 

(Jarrett & Kavukcuoglu, 2009; Nair & Hinton, 2010), whose output value is 

governed by  

 }x,0max{)x( =g   (3-6) 

Figure 3-6 shows a typical ReLU function. As shown, the output value of ReLU is 

zero when input x approaches 0 and then linear with slope 1 when x is positive. 

ReLU function converts a linear output and yields a nonlinear transformation. 

 

Figure 3-6 Rectified Linear Unit (ReLU) activation function 
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3.2.2.3 Pooling layer 

Rectified feature map

Pooled feature map
Max pooling with 2x2 filters 

and stride 2

Max(3, 4, 1, 2) = 4
 

Figure 3-7 Maxpooling with a (2×2) kernel and stride s=2. Maxpooling layers 

reduce spatial dimension of input [Source: Internet image by Sharma, 

2018] 

Pooling layers are also known as downsampling layers. A commonly used 

pooling method is maxpooling, as illustrated in Figure 3-7. The output of a 

pooling layer is computed as  

 )),((Max),)(,( njmiIjiIPS −−= , 0 < 𝑚𝑚 < 𝑃𝑃𝑥𝑥, 0 < 𝑛𝑛 < 𝑃𝑃𝑦𝑦 (3-7) 

where 
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Similar to convolution layer, if I  has size xI × yI  and pool layer has kernel size 

𝑃𝑃𝑥𝑥 × 𝑃𝑃𝑦𝑦, then the size of output layer S  will be ( xI -𝑃𝑃𝑥𝑥+1) × ( yI -𝑃𝑃𝑦𝑦+1).  

For multi-channel image V  with element kjiV ,, and k is the nubmer of channels, 

maxpooling P  with stride s  is applied to V , then the output Z  is defined as 

 𝑍𝑍𝑖𝑖,𝑗𝑗,𝑘𝑘 = max�𝑉𝑉(𝑖𝑖−1)𝑠𝑠+𝑚𝑚,(𝑗𝑗−1)𝑠𝑠+𝑛𝑛,𝑘𝑘� (3-8) 

The gradient with respect to the outputs is computed by 

 ℎ(𝑉𝑉,𝑃𝑃, 𝑠𝑠) = 𝜕𝜕
𝜕𝜕𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘

𝐽𝐽(𝑉𝑉,𝑃𝑃, 𝑠𝑠) = �
1 argmax

𝑖𝑖,𝑗𝑗,𝑘𝑘
(𝑉𝑉(𝑖𝑖−1)𝑠𝑠+𝑚𝑚,(𝑗𝑗−1)𝑠𝑠+𝑛𝑛,𝑘𝑘)

0 otherwise
 (3-9) 
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3.2.2.4 Deconvolutional layer 

With reference to Figure 3-4 on page 49, the feature maps are down-

sampled five maxpooling operations, and the sizes of the feature maps with stride 

of 2 pixels are reduced to 1/2 of the original size after pool1, 1/4 of the original 

size after pool2, 1/8 of the original size after pool3, 1/16 of the original size after 

pool4 and lastly 1/32 of the original size after pool5. The feature maps thus 

become very coarse, and Figure 3-8 is an example. Deconvolutional layer, also 

called transposed convolutional layer, is used to resize feature maps to the original 

size of input image. By representing equation (3-3) in matrix form, we have 

 𝑍𝑍 = 𝐶𝐶(𝐾𝐾)𝑉𝑉 (3-10) 

where 𝐶𝐶 is a matrix respect to kernel 𝐾𝐾. Given 𝑍𝑍 and 𝐾𝐾, we obtain V  by fomula: 

 𝑉𝑉 = 𝐶𝐶𝑇𝑇(𝐾𝐾)𝑍𝑍 (3-11) 

Such an operation is trivial to implement, since it simply reverses the forward and 

backward passes of convolution. To more fine-grained result, the outputs of the 

third and fourth pooling layer are also upsampled. 

Input image size: 384 ×  384
Size of output without 

any upsample : 13 ×  13  

Figure 3-8 The result without unsampling by taking labels that maximize the value 

of pixels 
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3.2.2.5 Skip nets 

To upsample feature maps to the original size, a deconvolutional layer with 

stride of 32 is used, and this network is called FCN-32s (see Figure 3-4(i)).  To 

obtain more dense prediction, skip nets are employed to fuse the coarse semantic 

features and local appearance features (Figure 3-4(ii)). The skip net upsamples the 

output of layer “score1” and that are fused with pool4, then the fuse-pool4 results 

are upsmapled back to the image using a deconvolutional layer with stride of 16. 

This net is called FCN-16s. Moreover, the output of “fuse-pool4” are further fused 

with pool3, and then a deconcolutional layer with stride of 8 is used to upsample 

the feature maps to the original size, which is called FCN-8s (see Figure 3-4). As 

shown, the FCN-8s consist of 15 convolutional with Rectified Linear Units 

(ReLU) layers, 5 pooling layers, 3 convolutional layers, and 3 deconvolutional 

layers. 

3.2.2.6 Parameter details  

The detailed parameters used for FCN network configuration are listed in 

Table 3-1. As shown, most of the convolutional layers have the small kernel size 

3×3, only the output convolutional layer has a kernel size 7×7, which is used to 

expand the receptive fields. In addition, 1×1 convolutional layers are used to 

change the number of channels. Crop layers have no parameter and are used to 

adjust the location after padding.  

Table 3-1 Detailed parameter configuration of FCN-8s 

Layer Name Type kernel size/ 
stride Weights output size 

conv1-1 Convolution + ReLU  3x3/1 64x3x3x3 582x582x64 
conv1-2 Convolution + ReLU  3x3/1 64x64x3x3 582x582x64 
pool1 Maxpool 2x2/2  291x291x64 
conv2-1 Convolution + ReLU  3x3/1 128x64x3x3 291x291x128 
conv2-2 Convolution + ReLU  3x3/1 128x128x3x3 291x291x128 

-------------------------------+--- ----------+---------+----------+--------------< 

-------------------------------+-- - ------ - ---+---------+-- - -------+--------------< 

·······························t-- - -------- --1----------+----------+--------------< 

·······························1-------------t---------+--- -------+--------- -----< 
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pool2 Maxpool 2x2/2  146x146x128 
conv3-1 Convolution + ReLU  3x3/1 256x128x3x3 146x146x256 
conv3-2 Convolution + ReLU  3x3/1 256x256x3x3 146x146x256 
conv3-3 Convolution + ReLU  3x3/1 256x256x3x3 146x146x256 
pool3 Maxpool 2x2/2  73x73x256 
conv4-1 Convolution + ReLU  3x3/1 512x256x3x3 73x73x512 
conv4-2 Convolution + ReLU  3x3/1 512x512x3x3 73x73x512 
conv4-3 Convolution + ReLU  3x3/1 512x512x3x3 73x73x512 
pool4 Maxpool 2x2/2  37x37x512 
conv5-1 Convolution + ReLU  3x3/1 512x512x3x3 37x37x512 
conv5-2 Convolution + ReLU  3x3/1 512x512x3x3 37x37x512 
conv5-3 Convolution + ReLU  3x3/1 512x512x3x3 37x37x512 
pool5 Maxpool 2x2/2  18x18x512 
Conv6-1 Convolution + ReLU  7x7/1 4096x512x7x7 13x13x4096 
Conv6-2 Convolution + ReLU  1x1/1 4096x4096x1x1 13x13x4096 
score1 Convolution + ReLU  1x1/1 18x4096x1x1 13x13x18 
upscore-32s Deconvolution 64x64/32 18x18x64x64 448x448x18 
upscore-32sc Crop 1x1/1 18x18x1x1 384x384x18 
     

upscore8s-1 Deconvolution 4x4/2 18x18x4x4 28x28x18 
score-pool4 Convolution 1x1/1 18x512x1x1 37x37x18 
score-pool4c Crop   28x28x18 
fuse-pool4 SUM   28x28x18 
upscore-16s Deconvolution 32x32/16 18x18x32x32 464x464x18 
upscore-16sc Crop   384x384x18 
     

upscore8s-2 Deconvolution 4x4/1 18x18x4x4 58x58x18 
score-pool3 Convolution 1x1/2 18x256x1x1 73x73x18 
score-pool3c Crop   58x58x18 
fuse-pool3 SUM   58x58x18 
upscore8s-3 Deconvolution 16x16/8 18x18x16x16 472x4724x18 
upscore8s-3c Crop   384x384x18 
  Total weights 136,088,196  

 

3.2.2.7 Loss function 

We define loss (𝐿𝐿) by averaging cross-entropy loss over all image pixels. 

More specifically, the loss function is defined as follows: 

 𝐿𝐿 =  − 1
𝑊𝑊∗𝐻𝐻

∑ ∑ ∑ 𝑦𝑦𝑖𝑖,𝑗𝑗,𝑘𝑘
𝐻𝐻
𝑖𝑖=1

𝑊𝑊
𝑗𝑗=1

𝑁𝑁
𝑘𝑘=1 𝑙𝑙𝑙𝑙𝑔𝑔𝑦𝑦�𝑖𝑖,𝑗𝑗,𝑘𝑘 (3-12) 
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where 𝑦𝑦�𝑖𝑖,𝑗𝑗,𝑘𝑘  represents the likelihood for pixel (𝑖𝑖, 𝑗𝑗)  belong to label 𝑘𝑘,  𝑦𝑦𝑖𝑖,𝑗𝑗,𝑘𝑘 

represents the ground-truth value that if the label of pixel (𝑖𝑖, 𝑗𝑗) is 𝑘𝑘; 𝑁𝑁 is the total 

number of labels, 𝐻𝐻  and 𝑊𝑊  are the height and width of input image. The 

likelihood 𝑦𝑦�𝑖𝑖,𝑗𝑗,𝑘𝑘 can be computed by softmax function: 
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 (3-13) 

where z  is the output of last layer of the network. The softmax function ensures a 

diffuse network output, so that the class with a high probability score is 

highlighted and classes with lower scores are suppressed. 

During training, the goal is to adjust the neural network weights (Table 

3-1) so that the predictions match the ground-truths by updating the weights in the 

direction of descrseaing loss function value. We train the parameters of the 

network to minimise the loss using Stochastic Gradient Descent (SGD), a 

common optimizing algorithm in network training. SGD computes gradient in 

every layer to update the parameters layer by layer until final loss value. The 

prediction of label for pixel (𝑖𝑖, 𝑗𝑗) is obained by arg max
𝑘𝑘

𝑦𝑦𝑖𝑖,𝑗𝑗,𝑘𝑘. 

 

3.2.3 Head and body parsing sub-networks  

By input image into the image-level parsing network, we obtained an 

initial parsing result, which provides a label for each pixel. As the 18 feature maps 

generated by FCN provides 18 labelled parts, head part and body part can be 

easily localised on the input image by combining some labelled parts together. 

Table 3-2 shows the classes of each network. Therefore, the head and body part 

can be obtained using the smallest rectangle bounding boxes to crop image with 

all corresponding classes. The head and body part images are resized to double the 

size, and input to the corresponding sub-networks for training. The head and body 
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parsing sub-networks have the same design as image-level parsing network 

(discussed in Section 3.2.2), except that the output layer is different because of 

different ground-truth.  

Table 3-2 Classes of image-level, head and body part networks 

Type Classes 

Image-level 

background (k=0), hat (k=1), hair (k=2), sunglasses (k=3), 
upper-clothing (k=4), skirt (k=5), pants (k=6), dress (k=7), belt 
(k=8), left-shoe (k=9), right-shoe (k=10), face (k=11), left-leg 
(k=12), right-leg (k=13), left-arm (k=14), right-arm (k=15), bag 
(k=16), and scarf (k=17) 

Head background (k=0), hat (k=1), hair (k=2), sunglasses (k=3), and 
face (k=4) 

Body 

background (k=0), upper-clothing (k=1), skirt (k=2), pants 
(k=3), dress (k=4), belt (k=5), left-shoe (k=6), right-shoe (k=7), 
left-leg (k=8), right-leg (k=9), left-arm (k=10), right-arm 
(k=11), bag (k=12), and scarf (k=13) 

 

3.2.4 Sub-network combination 

We obtain three feature maps from the image-level network and the head 

and body parsing sub-networks.  Let 𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘
𝐼𝐼 , 𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘

𝐻𝐻 , 𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘
𝐵𝐵  denote the feature scores 

from the image-level FCN, head parsing sub-network and body parsing sub-

network, respectively, that pixel ),( ji  belongs to k-th label. According to 

locations of head and body parts, recorded by coordinates of bounding box 

(𝑥𝑥start
𝐻𝐻 ,𝑥𝑥stop

𝐻𝐻 , 𝑦𝑦start
𝐻𝐻 ,𝑦𝑦stop

𝐻𝐻 ) and (𝑥𝑥start
𝐵𝐵 ,𝑥𝑥stop

𝐵𝐵 , 𝑦𝑦start
𝐵𝐵 ,𝑦𝑦stop

𝐵𝐵 ), the head part feature maps 

Hz  and body part feature maps Hz  can be merged to the feature maps of image-

level FCN Iz  by the following formulas: 

 𝑧𝑧𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐻𝐻 +𝑖𝑖,𝑥𝑥𝑥𝑥𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝐻𝐻 +𝑗𝑗,𝑘𝑘
𝐼𝐼 = 𝑧𝑧𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐻𝐻 +𝑖𝑖,𝑥𝑥𝑥𝑥𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝐻𝐻 +𝑗𝑗,𝑘𝑘

𝐼𝐼 + 𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘
𝐻𝐻 ,𝑘𝑘 = 0,1,2,3 (3-14a) 

 𝑧𝑧𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐻𝐻 +𝑖𝑖,𝑥𝑥𝑥𝑥𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝐻𝐻 +𝑗𝑗,𝑘𝑘+7
𝐼𝐼 = 𝑧𝑧𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐻𝐻 +𝑖𝑖,𝑥𝑥𝑥𝑥𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝐻𝐻 +𝑗𝑗,𝑘𝑘+7

𝐼𝐼 + 𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘
𝐻𝐻 ,𝑘𝑘 = 4 (3-14b) 

 𝑧𝑧𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐵𝐵 +𝑖𝑖,𝑥𝑥𝑥𝑥𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝐵𝐵 +𝑗𝑗,𝑘𝑘
𝐼𝐼 = 𝑧𝑧𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐵𝐵 +𝑖𝑖,𝑥𝑥𝑥𝑥𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝐵𝐵 +𝑗𝑗,𝑘𝑘

𝐼𝐼 + 𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘
𝐻𝐻 ,𝑘𝑘 = 0 (3-14c) 

 𝑧𝑧𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐵𝐵 +𝑖𝑖,𝑥𝑥𝑥𝑥𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝐵𝐵 +𝑗𝑗,𝑘𝑘
𝐼𝐼 = 𝑧𝑧𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐵𝐵 +𝑖𝑖,𝑥𝑥𝑥𝑥𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝐵𝐵 +𝑗𝑗,𝑘𝑘

𝐼𝐼 + 𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘+3
𝐵𝐵 ,𝑘𝑘 = 1, . . . ,8 (3-14d) 
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 𝑧𝑧𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐵𝐵 +𝑖𝑖,𝑥𝑥𝑥𝑥𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝐵𝐵 +𝑗𝑗,𝑘𝑘
𝐼𝐼 = 𝑧𝑧𝑥𝑥𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝐵𝐵 +𝑖𝑖,𝑥𝑥𝑥𝑥𝑠𝑠𝑠𝑠𝑥𝑥𝑥𝑥𝐵𝐵 +𝑗𝑗,𝑘𝑘

𝐼𝐼 + 𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘+4
𝐵𝐵 ,𝑘𝑘 = 9, . . . ,13. (3-14e) 

Figure 3-9 shows the comparison result between before and after sub-networks 

combination. As shown in Figure 3-9(b) and Figure 3-9(c), the heat map of 

sunglass is not very obvious, but after combination it becomes much more 

obvious (see Figure 3-9(f)) because of the fusion of the head parsing sub-network 

(see Figure 3-9(d)).  

 

Figure 3-9 (a) input image (b) image-level output score maps: the first score map is 

the background, hat, followed by hair, sunglasses, upper-clothing, skirt, 

dress, belt pants, left-shoe, right-shoe, face, left-leg, right-leg, left-ram, 

right-arm, bag and scarf; (c) initial result of image-level parsing 

network (d) head parsing sub-network output score maps: background, 

hat, hair, sunglasses and face; (e) body parsing sub-network output 

score maps: background, upper-clothing, skirt, dress, belt, pants, left-

shoe, right-shoe, left-leg, right-leg, left-ram, right-arm, bag and scarf. (f) 

feature score maps after combination. (g) final result of our method. 

 

(a) (b) (c) 

( cl) (e) (f) (g) 
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3.2.5 Super-pixel and CRFs Refinement 

To further refine the parsing result, we also build a CRF model based on 

super-pixels, as a post-processing step to the final results. We use Simple Linear 

Iterative Clustering (SLIC) algorithm (Achanta et al., 2012), a modified version of 

K-means algorithm, to calculate super-pixels on input images. The SLIC 

algorithm segments image 𝐼𝐼  to a set of super-pixels 𝑹𝑹 = {𝑅𝑅1,𝑅𝑅2, … ,𝑅𝑅𝑀𝑀}. Each 

super-pixel 𝑅𝑅𝑚𝑚 is associated with possible labels 𝑳𝑳 = {𝑙𝑙1, 𝑙𝑙2, … , 𝑙𝑙N}, 𝑅𝑅𝑚𝑚 ∈ 𝑳𝑳. We 

obtain 18 label probability score maps in the last section. Given image 𝐼𝐼, for every 

super-pixel 𝑅𝑅𝑚𝑚 , we compute the probability score of 𝑅𝑅𝑚𝑚  belong to label 𝑙𝑙𝑘𝑘  by 

averaging the feature score for all inner pixels of 𝑅𝑅𝑚𝑚 belong to label 𝑙𝑙𝑘𝑘 , as 

follows: 

 𝑃𝑃(𝑅𝑅𝑚𝑚 = 𝑙𝑙𝑘𝑘|𝐼𝐼) = 1
𝑐𝑐
∑ 𝑧𝑧𝑖𝑖,𝑗𝑗,𝑙𝑙𝑘𝑘  (𝑖𝑖,𝑗𝑗)  (3-15) 

where 𝑐𝑐 is the number of pixels within super-pixel 𝑅𝑅𝑚𝑚.  

We assign super-pixels to label with the maximum probability score P.  

 

Considering the relationship between neighbouring super-pixels, we also 

adapt a CRF model based on the super-pixels for better segmentation. Given an 

image 𝐼𝐼, our objective is to minimize the below energy function: 

 𝐸𝐸(𝑅𝑅, 𝐼𝐼) = ∑ Ψ𝑚𝑚�𝑅𝑅𝑚𝑚 = 𝑙𝑙𝑦𝑦�𝐼𝐼� + ∑ Ψ𝑚𝑚,𝑛𝑛�𝑅𝑅𝑚𝑚 = 𝑙𝑙𝑦𝑦,𝑅𝑅𝑛𝑛 = 𝑙𝑙𝑦𝑦′�𝐼𝐼�𝑚𝑚,𝑛𝑛𝑚𝑚  (3-16) 

where Ψ𝑚𝑚 is a unary energy involving the super-pixel 𝑅𝑅𝑚𝑚, and Ψ𝑖𝑖,𝑗𝑗is a pairwise 

energy involving a pair of super-pixels 𝑅𝑅𝑚𝑚  and 𝑅𝑅𝑛𝑛. The unary energy is compute 

by: 

 Ψ𝑚𝑚�𝑅𝑅𝑚𝑚 = 𝑙𝑙𝑦𝑦�𝐼𝐼� =
exp (𝑃𝑃�𝑅𝑅𝑚𝑚 = 𝑙𝑙𝑦𝑦�𝐼𝐼�)

∑ exp (𝑃𝑃�𝑅𝑅𝑚𝑚 = 𝑙𝑙𝑘𝑘�𝐼𝐼�)𝑁𝑁
𝑘𝑘=1

 (3-17) 

The pairwise term Ψ𝑚𝑚,𝑛𝑛 models the similarity between two super-pixels. We only 

adopt a pairwise term to adjacent super-pixels and consider simple appearance for 

adjacent super-pixels. The pairwise term is defined as: 
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 Ψ𝑚𝑚,𝑛𝑛�𝑅𝑅𝑚𝑚 = 𝑙𝑙𝑦𝑦,𝑅𝑅𝑛𝑛 = 𝑙𝑙𝑦𝑦′�𝐼𝐼,𝜃𝜃� =  𝑢𝑢(𝑙𝑙𝑦𝑦, 𝑙𝑙𝑦𝑦′)𝑘𝑘(𝑓𝑓𝑚𝑚,𝑓𝑓𝑛𝑛) (3-18a) 

 𝑘𝑘(𝑓𝑓𝑚𝑚,𝑓𝑓𝑛𝑛) = ωexp (−‖𝑝𝑝(𝑅𝑅𝑚𝑚)−𝑝𝑝(𝑅𝑅𝑛𝑛)‖2

𝛿𝛿𝑐𝑐
− ‖𝐼𝐼(𝑅𝑅𝑚𝑚)−𝐼𝐼(𝑅𝑅𝑛𝑛)‖2

𝛿𝛿𝑠𝑠
) (3-18b) 

where 𝑢𝑢(𝑙𝑙𝑦𝑦, 𝑙𝑙𝑦𝑦′) = 1  if 𝑙𝑙𝑦𝑦 ≠ 𝑙𝑙𝑦𝑦′  and otherwise 𝑢𝑢(𝑙𝑙𝑦𝑦, 𝑙𝑙𝑦𝑦′) = 0 . The appearance 

kernel is inspired by the observation that nearby pixels with similar colour are 

likely to have the same label. The degrees of nearness and similarity are controlled 

by parameters ω, 𝛿𝛿𝑐𝑐 and 𝛿𝛿𝑡𝑡.  

We find the most likely assignment 𝑦𝑦� = argmax
𝑅𝑅

 𝑃𝑃(𝑅𝑅|𝐼𝐼), where 𝑃𝑃(𝑅𝑅|𝐼𝐼) =

𝐸𝐸(𝑅𝑅|𝐼𝐼). We minimize the CRF energy (3-16) using alpha-expansion (Boykov & 

Kolmogorov, 2004). 

 

3.3 Configuration and Implementation Details 

3.3.1 Data set partitioning and pre-processing 

We train the proposed PDHPC on the ATR dataset (Liang et al., 2015). 

This dataset contains 7702 images, which each image is paired with a ground-

truth – mask of pixels in 18 semantic labels. We split the available data into two 

sets (as shown in Figure 3-10): the first set contains 6898 images for training and 

the second set contains 804 images for testing.  

Original Images Matching 
ground-truths

Total Available 
Data

Pair

Test/Validation 
data set

Training data setAugmentation

10%

90%

 

Figure 3-10 Method used for generating training and test/validation set. 

We augment the training data by randomly mirror and cropping the 

} 

~· 
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images. The images are also normalised by subtracting the mean RGB value of all 

the training data. To balance computational efficiency and practicality (e.g., GPU 

memory), all images are resized to a resolution of 384x384 with 0 padding. 

Table 3-3 Dataset partitioning and preprocessing for PDHPC 

Dataset  ATR Dataset (Liang et al., 2015) No. of images 

 Training data (90%) 6898 

 Test/validation data (10%) 804 

 Total 7702 

Pre-processing: - Subtracting mean RGB value of ImageNet 

training set 

 

 - Augmentation by mirror and fine cropping 

scheme (Kriszhevsky et al., 2012) 

137960 

 - All resizing to 384×384 with 0 padding  

 

3.3.2 Training details 

The final network models, namely image-level parsing network (FCN), 

body and head sub-networks, were built based on caffe and trained with mini 

batch stochastic gradient descent with momentum of 0.9, weight decay of 0.0005 

and fixed learning rate of 0.0001. The setup for network training of PDHPC is 

shown in Table 3-4. 

For training the three sub-networks, we speed up the training process by 

fine-tuning on parameters pre-trained on ImageNet dataset. To do so, the 

parameters of the first few layers are initialised from parameters of the VGG-16 

classification model trained on the ImageNet dataset, and parameters of the last 

few layers are randomly initialised based on normal distribution. With reference to 

the structure of FCN (shown in Figure 3-4 on page 49), we trained the final model 

of FCN-8s by phase. We firstly initialised the parameters from VGG-16 model 

trained on the ImageNet dataset, and trained the FCN-32s network (see Figure 
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3-4(i)). Next, we trained the network of FCN-16s with parameters initialised from 

the trained FCN-32s model. Finally, we trained the network of FCN-8s with 

parameters initialised from the FCN-16s model.  

We trained the model on NVIDIA Tian X GPU for 30 epochs, and each 

epoch means one pass of full training set. We did not separate the images into 

batches for iterations. In other words, each iteration contains one single image in 

the training set. Figure 3-11 shows the changes of loss value during the fine-

tuning iterations.  

Other than network training, we also trained the CRF model for post-

progressing using Pystrcuct tool. 

(a) image-level parsing network

(b) body part sub-network

(c) head part sub-network  

Figure 3-11 Change of loss value during the fine-tuning training process 

 

Table 3-4 Training parameter setup for PDHPC 

Setup Parameters/details 
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Weight initialisation Parameters trained on ImageNet dataset 

Optimizer Stochastic gradient descent (SGD) 

Momentum 0.9 

Weight decay 0.0005 

Learning rate 0.0001 

Batch size 1 image per batch 

Number of epochs 30 

 

3.3.3 Evaluation metrics 

Evaluation metrics are defined to assess the performance of the network. 

We defined Percentage of Correctly Localized Parts (PCP) metric to evaluate 

location accuracy for part detection as follows: 

 PCP = Number of correctly localized parts
Number of all parts

 (3-19) 

where the detection part is correctly localized if and only if the overlap of the 

bounding box of detection part and bounding box of ground-truth is over 50%.  

In addition, three metrics, including per-pixel accuracy, average per-class 

accuracy and mean accuracy on intersection over union region (IU), are used in 

this study, which are commonly used for evaluating semantic segmentation 

performance. The same metrics were also used in the work of Long et al. (2015).  

Let 𝑛𝑛𝑖𝑖𝑗𝑗 be the number of pixels of class 𝑖𝑖 predicted as belonging to class 𝑗𝑗, 

and 𝑛𝑛𝑐𝑐𝑙𝑙 be the number of classes. Therefore, ∑ 𝑛𝑛𝑖𝑖𝑗𝑗𝑗𝑗  is the total number of pixels in 

class 𝑖𝑖. Per-pixel accuracy is computed as: 

 Pixel acc = ∑ 𝑛𝑛𝑖𝑖𝑖𝑖 /  ∑ ∑ 𝑛𝑛𝑖𝑖𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖  (3-20) 

Mean per-class accuracy is computed as: 

 Mean acc = (1/ncl)∑ 𝑛𝑛𝑖𝑖𝑖𝑖  / ∑ 𝑛𝑛𝑖𝑖𝑗𝑗𝑗𝑗𝑖𝑖  (3-21) 

Mean accuracy on intersection over union region (IoU) is computed as: 

 mean IoU =  (1/ncl)∑ 𝑛𝑛𝑖𝑖𝑖𝑖/(∑ 𝑛𝑛𝑖𝑖𝑗𝑗𝑗𝑗 + ∑ 𝑛𝑛𝑗𝑗𝑖𝑖 − 𝑛𝑛𝑖𝑖𝑖𝑖𝑗𝑗 )𝑖𝑖  (3-22) 
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We did not set aside a validation dataset in this study. Instead, we trained 

the models over a set of epochs by updating the networks weights. The network 

weights are saved after every epoch. Inference is carried out in order to yield the 

pixelwise predictions for the test data using all models optimised along the 

training process. Figure 3-12 shows the achieved mean accuracy on intersection 

over union region (mean IoU) of the test data set over every epoch. It is shown 

that the mean IoU accuracy is improved quickly during the first 5 epochs and 

becomes stable (converge) after 10 epochs.  
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Figure 3-12 The evolution of mean IoU accuracy of the test data set over calculated 

over all training epochs. 

 

3.3.4 Other networks for comparative study 

To evaluate the effectiveness of our proposed PDHPC network, we 

conducted a comparative study. We compared the accuracy of PDHPC (Figure 

3-3) with two other networks: (1) basic image-level parsing model of FCN-8s 

(part (a) of Figure 3-3) and CRFasRNN network proposed by Zheng et al. (2015), 

as shown in Figure 3-13.  

1 I I I I I 

0.8 -

0.6 -
~ 

- ------0.4 -~ - --FCN-32s -/ 0.2 --FCN-16s _ 

--FCN-8s 
0 I I I I 

0 5 10 15 20 25 30 
(a)image-level parsing network 

0.8 

0.6 

0.4 --FCN,32s 

0.2 --FCN-16s 

--FCN-8s 

0 
0 5 10 15 20 25 30 

(b)body part sub-network 

1 I I I I I 

0.8 -

0.6 

0.4 --FCN-32s 

0.2 --FCN-16s 

--FCN,8s 
0 I I I I I 

0 5 10 15 20 25 30 
(c)head part sub-network 
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Figure 3-13 CRFasRNN network 

For comparative purpose, we describe CRFastRNN model here. As shown 

in Figure 3-13, CRFasRNN refines the coarse segmentation generated by FCN 

through integrating CRF optimisation to the model for an end-to-end training.  

Let 𝑋𝑋𝑖𝑖  be the variable associated with pixel i, where 𝑋𝑋𝑖𝑖 ∈ 𝐿𝐿 . Given an 

image I, the probability score of pixel 𝑖𝑖 being assigned to 𝑙𝑙𝑖𝑖 is initialised from the 

outputs of FCN, that is  

 𝑃𝑃(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖) = 𝑈𝑈𝑖𝑖(𝑙𝑙𝑖𝑖) (3-23) 

where 𝑈𝑈𝑖𝑖  is the i-th feature map of the outputs from FCN. The best label 

assignment 𝑙𝑙𝑖𝑖  is obtained by minimizing the total CRF energy function: 

 ∑ Ψ𝑖𝑖(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖|𝐼𝐼) + ∑ Ψ𝑖𝑖,𝑗𝑗�𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖,𝑋𝑋𝑗𝑗 = 𝑙𝑙𝑗𝑗�𝐼𝐼�𝑖𝑖,𝑗𝑗𝑖𝑖  (3-24) 

With reference to Equation (3-16), both energy functions (3-16) and (3-24) have 

the same formulation, including unary and pairwise energies. The key difference 

is that in our PDHPC, CRF is based on the super-pixel and modelled as a post-

processing step (see Section 3.2.5), while CRF-RNN is based on every pixel and 

used the mean-field approximation to minimize the CRF energy for an end-to-end 

model. 

 

For pixel-level formulation, the computation of pairwise energy is very 
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large. In view of this, mean-field inference is used to approximate the distribution 

of 𝑃𝑃(𝑋𝑋|𝐼𝐼) as a simpler distribution 𝑄𝑄(𝑋𝑋|𝐼𝐼): 

 𝑄𝑄(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖|𝐼𝐼) = 1
𝑍𝑍

exp {−Ψ𝑖𝑖(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖|𝐼𝐼) −

∑ 𝑢𝑢(𝑙𝑙𝑖𝑖, 𝑙𝑙𝑗𝑗)∑ 𝜔𝜔(𝑚𝑚) ∑ 𝑘𝑘(𝑚𝑚)(𝑓𝑓𝑖𝑖,𝑓𝑓𝑗𝑗)𝑄𝑄�𝑋𝑋𝑗𝑗 = 𝑙𝑙𝑗𝑗�𝐼𝐼�𝑖𝑖≠𝑗𝑗
𝑀𝑀
𝑚𝑚=1

𝑁𝑁
𝑖𝑖=0  (3-25) 

 

The algorithm of the mean-field inference updating is shown below: 

Initialization 𝑄𝑄(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖) ←
exp (𝑃𝑃(Xi = 𝑙𝑙𝑖𝑖|𝐼𝐼))
∑ exp ((Xi = 𝑙𝑙𝑖𝑖|𝐼𝐼))𝑖𝑖

 

Do until converge  

Message Passing 𝑄𝑄𝑚𝑚� (𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖) ← ∑ 𝑘𝑘(𝑓𝑓𝑖𝑖 ,𝑓𝑓𝑗𝑗)𝑄𝑄�𝑋𝑋𝑗𝑗 = 𝑙𝑙𝑗𝑗�𝐼𝐼�i≠j  for all m 

Weighting Filter Outputs 𝑄𝑄�(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖) ← � 𝜔𝜔(𝑚𝑚)𝑄𝑄𝑚𝑚� (𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖)
𝑀𝑀

𝑚𝑚=1

 

Compatibility Transform 𝑄𝑄�(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖) ←� 𝑢𝑢�𝑙𝑙𝑖𝑖, 𝑙𝑙𝑗𝑗�𝑄𝑄�(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖)
𝑁𝑁

𝑖𝑖=1
 

Adding Unary Potentials 𝑄𝑄�(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖) ← 𝛹𝛹𝑖𝑖(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖|𝐼𝐼) − 𝑄𝑄�(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖) 

Normalization 𝑄𝑄(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖) ←
exp (𝑄𝑄�(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖))
∑ exp (𝑄𝑄�(𝑋𝑋𝑖𝑖 = 𝑙𝑙𝑖𝑖))𝑖𝑖

 

 

The above algorithm shows that the updated equation of mean-field inference of a 

DenseCRF model can be broken into a series of small steps, as neural network 

operations. The message parsing step involves a bilateral filter, which can be 

viewed as convolutional. The steps of weighting filter outputs and compatibility 

transform can be viewed as convolutions with 1×1 kernels. The adding unary 

potential step is a common operation in neural network. The initialization and 

normalization steps are both equivalent to softmax operation.  

Figure 3-13(a) illustrates the equivalent network layers of mean-field 

iteration. By performing multiple mean-field iterations (Figure 3-13(b)), where the 
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output of one iteration becomes the input of the next iteration, the mean field 

inference algorithm can be formulated as an RNN. Therefore, the model is named 

as CRFasRNN network, and it is able to provide end-to-end training. We compare 

our PDHPC network with FCN-8s (Figure 3-4) and this CRFasRNN (Figure 

3-13), and detailed results are discussed in out next section. 

 

3.4 Experimental Results and Discussions  

We evaluate the proposed PDHPC networks in this section. For 

comparative purpose, we also trained FCN-8s and CRFasRNN on ATR dataset 

using the same data partitioning and preprocessing, as outlined in Section 3.3.1. 

We evaluate the overall effectiveness of PDHPC networks in this section using the 

metrics defined in Section 3.3.3. 

The core idea of our PDHPC lies on the detection of head and body parts, 

so we firstly evaluate the performance of part detection on the test dataset in 

Section 3.4.1. In Section 3.4.2, we use the trained networks to inference pixelwise 

predictions on the test data. To do so, the weights determined in the training are 

firstly loaded into the network. Next, inference is applied. Finally, the output 

prediction metrics are evaluated and compared. We evaluate the effectiveness of 

our PDHPC without refinement and compare that with inference results of FCN-

8s and CRFastRNN networks. Lastly, we discuss the effectiveness of super-pixel 

and CRF refinement in Section 3.4.3.  

 

3.4.1 Evaluation of head and body part detections 

We calculated the Percentage of Correctly Localized Parts (PCP) 

percentage for all the test data using Equation (3-19). Table 3-5 shows the 
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localization accuracy of head and body parts. As shown, the head localisation 

accuracy is around 80% while the body part localisation accuracy is over 90% for 

test data. This illustrates that our PDHPC method is effective to localise/detect 

head and body parts from input images. 

Table 3-5 Localization accuracy of head and body parts 

Parts PCP (%) – Eq. (3-19) 

Head 79.87 

Body 91.32 

 

3.4.2 Evaluation of human parsing results 

The Per-pixel accuracy (Pixel acc), per-class accuracy (mean acc) and 

mean accuracy on intersection over union region (mean IoU) are calculated by 

inference the trained PDHPC model on test data and listed in Table 3-6. The table 

also compares the metrics of FCN-8s and CRFasCNN models. As shown, the 

proposed PDHPC model achieves the best results in all performance metrics. The 

mean accuracy on intersection over union region (mean IoU) of our PDHPC is 

improved by 4.58% and 3.49%, respectively, and the per-class accuracy (mean 

acc) is improved by 3.21% and 3.02%, respectively, in comparison to FCN-8s and 

CRFasRNN models. 

 

Table 3-6 Comparison of overall accuracy achieved by our PDHPC model and two 

state-of-the-art paring models when testing on ATR dataset 

                                    Metrics 

Models 

Pixel acc (%) Mean acc (%) mean IoU (%) 

Eq. (3-20) Eq. (3-21) Eq. (3-22) 

FCN-8s 92.37 67.82 55.35 

CRFasRNN 92.38 68.01 56.44 

PDHPC without refinement 93.32 71.03 59.93 

 

~ 



71 

Table 3-7 Comparison of per-class mean IoU accuracy (%) between proposed 

PDHPC model and two state-of-the-art models FCN-8s and 

CRFastRNN 
 Hat Hair S-gls U-cloth Skirt Pants 
Models k=1 k=2 k=3 k=4 k=5 k=6 
FCN-8s 57.337 71.435 41.557 65.431 47.204 59.761 
CRFasRNN 61.473 72.284 45.712 68.268 46.932 63.015 
PDHPC w/o refinement 66.232 75.271 52.990 69.028 52.458 65.808 
 
 Dress Belt L-shoe R-shoe Face L-leg 
Models k=7 k=8 k=9 k=10 k=11 k=12 
FCN-8s 50.513 21.829 45.595 43.804 74.925 61.396 
CRFasRNN 50.073 21.843 46.923 45.592 75.619 63.886 
PDHPC w/o refinement 52.041 25.259 48.644 48.834 79.305 65.293 
 

 R-leg L-arm R-arm Bag Scarf Bkg 
Models k=13 k=14 k=15 k=16 k=17 k=0 
FCN-8s 59.780 62.371 60.678 53.187 23.257 96.349 
CRFasRNN 60.858 64.310 62.166 52.252 18.213 96.629 
PDHPC w/o refinement 64.633 68.038 66.250 57.873 24.151 96.651 

 

Table 3-7 also shows per-class mean accuracy on intersection over union 

region (mean IoU) compared with our PHOC model, FCN-8s and CRFasCNN. It 

is obvious that our PDHPC significantly improves the IU score in every category, 

as compared to FCN-8s and CRFasRNN.  In particular, the accuracy of small 

items improves significantly. For example, the accuracy of sun-glasses is 11.433% 

higher than that of FCN, and 7.278% higher than that of CRFasRNN. For another 

example, the accuracy of belt is 3.430% higher than that of FCN-8s and 3.416% 

higher than that of CRFasRNN. Also, compared to the CRFasRNN, the accuracy 

of scarf is improved by 5.938%. 

 

Figure 3-14 shows some parsing results generated by different models. As 

shown in the example of Figure 3-14 row (i), both FCN-8s and CRFasRNN do not 

detect the sunglasses, but our PDHPC model parses them accurately. Figure 3-14 

row (ii) also shows that our PDHPC model performs better on the parsing of belt 
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than FCN-8s and CRFasRNN. Figure 3-14 row (iii) shows that FCN-8s and 

CRFasRNN confuse upper-clothing and dress, but our PDHPC model segments 

the upper-clothing and pants properly. In Figure 3-14 row (iv), the skirt is not 

accurately parsed by FCN-8s and CRFasRNN models, but our PDHPC model 

parses the skirt well. 

 

  

Figure 3-14 Parsing results comparison: (a) input images, (b) results from FCN-8s, 

(c) results from CRFasRNN, (d) results of our PDHPC networks, and (e) 

ground-truths 

 

(i) 

(ii) 

(iii) 

(iv) 

(a) (b) (c) (d) (e) 
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Table 3-8 Comparison of average running time per image 

Models Average running time per image  

FCN-8s 296.91 ms 

CRFasRNN 854.32ms 

PDHPC w/o refinement 4980ms 

 

Moreover, we compare the speed of the three networks in Table 3-8. As 

shown, compared with FCN-8s and CRFasRNN, the running time needed to parse 

an image using our PDHPC networks is much longer. This is because our PDHPC 

networks contain three networks in total and these networks are arranged as 

cascade to process the input image in turn. The output of image-level parsing 

network will be used to generate the input of the head and body parsing sub-

network, which substantially extend the running time needed.  

 

3.4.3 Evaluation of super-pixel and CRF refinement 

The parsing results of PDHPC networks may still have some noisy 

predictions, the super-pixel and CRF technology are therefore used to further 

refine the results. The comparison of overall accuracy of our PDHPC models with 

and without super-pixel and/or CRF refinements are shown in Table 3-9. Although 

the literature reported that super-pixel and CRF can improve the segmentation 

accuracy (Yamaguchi et al., 2012; 2013; Zheng et al., 2015), our results do not 

show any improvements in accuracy. Instead, the overall pixel accuracy, overall 

per-class accuracy and mean IoU accuracy are all dropped after refinement 

process, while CRF refinement has bigger drop than using only superpixel for 

refinement.  
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Table 3-9 Comparison of overall accuracy for PDHPC models with and without 

refinements. 

Models Pixel acc (%) Mean acc (%) 
mean IoU 

(%) 

PDHPC w/o refinement 93.32 71.03 59.93 

PDHPC refined w/ Superpixel 93.44 70.30 59.27 

PDHPC refined w/ Superpixel and 

CRF 
92.83 68.01 56.45 

 

Table 3-10 Comparison of per-class mean IoU accuracy (%) for models with and 

without refinements. 
 Hat Hair S-gls U-cloth Skirt Pants 
Models k=1 k=2 k=3 k=4 k=5 k=6 
PDHPC w/o refinement 66.232 75.271 52.990 69.028 52.458 65.808 
PDHPC refined w/ 
Superpixel 66.831 73.711 44.835 69.890 52.760 66.721 

PDHPC refined w/ 
Superpixel and CRF 64.135 72.591 14.371 70.025 53.313 65.895 
 
 Dress Belt L-shoe R-shoe Face L-leg 
Models k=7 k=8 k=9 k=10 k=11 k=12 
PDHPC w/o refinement 52.041 25.259 48.644 48.834 79.305 65.293 
PDHPC refined w/ 
Superpixel 52.426 24.811 47.943 48.309 76.389 64.216 

PDHPC refined w/ 
Superpixel and CRF 52.488 6.130 45.622 47.046 74.619 62.607 
 
 R-leg L-arm R-arm Bag Scarf Bkg 
Models k=13 k=14 k=15 k=16 k=17 k=0 
PDHPC w/o refinement 64.633 68.038 66.250 57.873 24.151 96.651 
PDHPC refined w/ 
Superpixel 64.047 67.635 66.405 58.772 24.162 96.941 

PDHPC refined w/ 
Superpixel and CRF 62.293 63.971 63.226 58.562 20.853 97.179 
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Figure 3-15 Comparisons of parsing results with and without refinement: (a) input 

images, (b) results of PDHPC without refinement, (c) results of PDHPC 

with super-pixel refinement, (d) results of PDHPC with superpixel and 

CRF refinement, and (e) ground-truths. 

(i) 

(ii) 

(a) (b) (c) (d) (e) 
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Looking at the per-class mean IoU comparison in Table 3-10, the accuracy 

of big items, such as upper-clothing, pants, dress, is increased but that for small 

items decreased, which demonstrates that the proposed superpixel and/or CRF 

refinement is only effective for big items. The reason why the accuracy of small 

items decrease may be that the super-pixel and CRF model we used in the model 

is only a post-processing step (as discussed in Section 3.2.5), not an end-to-end 

model like CRFasRNN. Figure 3-15 shows some parsing results of models with 

and without refinement. It can be shown that the post-processing step may in 

correctly update or group small item pixels to large items’ groups. It is worth to 

explore other refinement process. 

 

3.5 Chapter Summary 

In this chapter, we propose a novel part-detection based and CRFs 

embedded human parsing cascade (PDHPC) of networks for human parsing, 

which consists of image-level parsing network, part-based paring networks and 

super-pixel based CRF refinement. The inputs to part-based parsing networks are 

partial image detected based on image-level parsing network results and then 

scaled up to double its size. It has demonstrated that such network design is 

beneficial to extract more detail features from input images. By doubling partial 

raw image in localised area of interests, the part-based parsing sub-networks 

decrease the impact of background and improve the parsing accuracy of small 

items. The experimental results have demonstrated the effectiveness of the 

proposed PDHPC networks.  

However, the proposed PDHPC networks have some known limitations. 

Firstly, the inputs to part-based parsing sub-networks rely on the output of image 

level parsing network, the image-level and part sub-networks do not share any 
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parameters. In result, the running speed of PDHPC is slow compared with other 

end-to-end parsing models. Moreover, the proposed CRF refinement based on 

super-pixel is a post-processing step to the final results, and the CRF model is not 

integrated or trained end-to-end. It has shown that such refinement could not 

improve the accuracy on parsing small items. To address these drawbacks of 

PDHPC networks, we will improve the refine model and integrate all the 

components in our method as a unified network in the next chapter. 

 

  



78 

CHAPTER 4. Part-Attention Based 
Human Parsing Network (PAHPN) 

 

4.1 Introduction 

In Chapter 3, a part-detection based human parsing cascade of networks 

(PDHPC) was developed, by mimicking human attention/observation mechanism 

that people often first pay attention to the head then to other body parties when 

looking at human images. We demonstrated in Chapter 3 that the proposed 

PDHPC networks can improve the parsing/segmentation accuracy, especially on 

small items. However, we also discussed some drawbacks of the PDHPC model. 

First of all, PDHPC is composed of three networks, while the image-level parsing 

network, head parsing network and body parsing network are modeled separately 

and they do not share any features. In result, the model is not end-to-end, and it is 

huge with complicated structure. Secondly, the training of the networks is time 

consuming and demands a lot of resources. The size of PDHPC networks is so 

large that it has to be trained phase by phase, and the three subnetworks are 

trained separately. Thirdly, refinement using super-pixel and CRFs can even 

decrease the accuracy of some classes. Lastly, although PDHPC improves parsing 

accuracy, its efficiency is low and it takes much longer to parse an input image.  

To address all these issues, we propose a Part-Attention based Network for 

Human Parsing (PAHPN) in this chapter. This deep neural network is designed to 

improve the accuracy by learning the correlations between specific parts, such as 

like learning from head and body parts as in the PDHPC model, and at the same 

time ensure efficiency. The PAHPN model is a multi-task deep convolutional 

neural network, in which task relation is captured by a shared module of low-level 

features and a fusion module of high-level features, and the variability across 
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different tasks is captured by a number of part parsing branches. The proposed 

PAHPN model has the following contributions or improvements: 

• Taking advantage of the dilation convolution technique, its efficiency is 

improved without substantially increase in the number of network 

parameters or the amount of computation. 

• A multi-task deep convolutional neural network is developed for human 

parsing. 

• A feature extraction module has been designed to share the low-level 

features in the network.  

• The fusion module of image-level paring branch and part parsing branches 

is designed to utilize implicit and explicit class relationships for improved 

parsing. 

• The formulation of the network is flexible. Apart from the head part and 

body part, other parts can also be easily introduced to the network, for 

example, based on prior knowledge, focusing attention on specific regions 

of the image or for specific applications. 

• The network structure is adaptable: it can be easily adapted to work with 

different baseline networks and be integrated with other ‘add-on’ 

improvements, for example, CRF refinement. 
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Figure 4-1 Outline of PAHPN discussion 

We will first explain the detailed design of the proposed PAHPN model, 

which will also be trained and evaluated on the ATR dataset (Liang et al., 2015). 

We will compare PAHPN with the state-of-the-art segmentation network model of 

DeepLab (Chen et al., 2016), and also our previous PDHPC network model. In 

addition, we will compare the effectiveness of our PAHPN with other 

state-of-the-art methods on another dataset, the LIP dataset (Gong et al., 2017). 

Figure 4-1 outlines the organization of this chapter. 

 

4.2 Detailed Design of PAHPN Model 

4.2.1 Model overview 

Our PAHPN is specially designed to incorporate both the context of the 

global image and the contexts and correlations of specific part in a unified 

network for human parsing application. Figure 4-2 shows the overall architecture 

of the proposed PAHPN model. As shown, PAHPN consists of a few integrated 

( ___ Ne_tw_o_r_k_Ar_c_hi_tec_tu_r_e _ _ ) ( ... __ D_a_t_as_e_t_&_ T_r_ai_n_in_g ___ ) 

• Overall framework • ATR dataset (Liu et al., 2015) 
• Dilated convolution • LIP dataset (Liang et al., 2017) 
• Image-level parsing branch • Define training and test images 
• Large FOV I ASPP • Pre-processing steps 
• Inner multi-scale • Decoder and inferencing strategy 
• Part parsing branches 

• CRF refinements Sections 4.3.1-4.3.2, 4.3.4 
Section 4.2 

I I 
l 

Results & Comparison 

• Overall pe1fo1mance 

• Per-class accuracy comparison 

• PAHPN VS DeeLab 

• Impacts of image size and number of 
pat1 parsing branches 

• PAHPN vs PDHPC 

Sections 4. 3. 3 and 4. 3. 5 
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components, including (a) a low-level feature extraction module, (b) an 

image-level parsing branch, (c) part parsing branches, (d) a fusion module, and (e) 

a CRF refinement module. 

We use VGG-16 network (Simonyan & Zisserman, 2014) as our 

fundamental building block. However, it is important to note that the PAHPN 

method itself is adaptable and can be used with other networks as building block, 

for example ResNet-101 (He et al., 2016), as demonstrated by Chen et al. (2016), 

or other networks, such as DenseNet (Huang et al., 2017) and Xception (Chollet, 

2017).  
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Figure 4-2 The architecture of our proposed part-attention based neural network for human parsing (PAHPN) 
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As discussed in Chapter 3 (see Figure 3-8 on page 54), the pooling 

operations enable the capture of global and contextual information from 

convolution, yet each of the 5 pooling operations in VGG net, with standard 2×2 

kernel of stride 2, downsample the feature map resolution by one half. Substantial 

downsampling cause loss of information in semantic segmentation application. To 

address this, dilation convolutions are used in our formulation to extract dense 

features based on the pioneering work of Chen et al. (2016). To strike a balance 

between efficiency and accuracy, dilation convolutions are used for extracting 

higher level dense semantic features while standard convolutions are used for 

low-level feature extraction. 

 

4.2.2 Low-level feature extraction 

Deep neural networks are able to learn low level as well as higher, slightly 

more abstract levels of representation (features) from raw input (LeCun et al., 

2015). For computer vision applications, the raw inputs are the images and the 

low level features are the minor details of the images, such as colours, dots and 

lines.  

To formulate PAHPN, we divide feature maps into fine-grained low level 

feature maps and high level semantic feature maps, which are handled by two 

different modules, as shown in Figure 4-2. With reference to the baseline VGG 

net, the layers till the third pooling in the architecture are defined for low-level 

feature extraction. Standard convolutions are applied to extract low-level features, 

resulting in a feature map output that is 8 times smaller than the original image 

after 3 pooling, as illustrated in Figure 4-2 and Figure 4-3. 
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Figure 4-3 The structure of Deeplab 
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4.2.3 Image-level parsing branch 

We use Deeplab (Chen et al., 2016) as our building block for PAHPN. We 

separate the Deeplab model into two sections. The first section comprises the 

layers up to the third pooling: this section is responsible for extracting low-level 

image features. The second section comprises the layers after 3 poolings, which 

are referred to as the ‘image-level parsing branch’: it is responsible for handling 

high level semantic features. Therefore, the (a) low level feature extraction 

module and (b) image-level parsing branch in Figure 4-2 are equivalent to a 

DeepLab model. Figure 4-3 shows the detailed structure of the layers of DeepLab.  

Both FCN-8s and DeepLab are based on the VGG architecture. In FCN-8s, 

see Figure 3-4 on page 49, the last three fully connected layers of the VGG net are 

replaced with convolution layers after 5 poolings, i.e. layer ‘pool5’. To address the 

loss of details due to downsampling, skip layers are used to upsample convolution 

feature scores and fusion with the previous pooling results then yields the feature 

maps of the original sizes by deconvolutional layers with stride, whichwas 

explained in Section 3.2.2.5 of Chapter 3. 

Compared to FCN-8s (Figure 3-4), the DeepLab structure (Figure 4-3) 

changes the last two poolings (i.e. ‘pool4’ and ‘pool5’) from 2×2 kernel with a 

stride of 2 to 3×3 kernel with a stride of 1. In result, the last two poolings do not 

downsample the feature maps. Therefore, compared to the original image, the 

final feature maps of DeepLab only downsample 8 times instead of 32 times. In 

addition, some convolution operations after pool4 are replaced with dilation 

convolutions, see Figure 4-3. 

 

4.2.3.1 Dilation convolutional layer 

Dilated convolutions, also known as atrous convolutions, introduce another 

parameter, called the dilation rate ℎ, to the convolutional layer. Compared to the 
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standard convolution operation, the dilation rate parameter defines the spacing or 

hole (ℎ-1 zeros) between consecutive elements of the original kernel.  

Assume the input is a multi-channel image 𝑉𝑉 with elements 𝑉𝑉𝑖𝑖,𝑗𝑗,𝑘𝑘 with 

the number of channel𝑘𝑘. If now the dilation convolution of kernel 𝐾𝐾 with stride 

𝑠𝑠 and dilation rate ℎ is applied to 𝑉𝑉, then the output 𝑍𝑍 is defined by 

 𝑍𝑍𝑖𝑖,𝑗𝑗,𝑘𝑘 = 𝑑𝑑(𝐾𝐾,𝑉𝑉, 𝑠𝑠, ℎ)𝑖𝑖,𝑗𝑗,𝑘𝑘  

 = ∑ �𝑉𝑉2ℎ(𝑖𝑖−1)×𝑠𝑠+𝑚𝑚,2ℎ(𝑗𝑗−1)×𝑠𝑠+𝑛𝑛,𝑘𝑘�𝐾𝐾𝑚𝑚,𝑛𝑛𝑚𝑚,𝑛𝑛,𝑘𝑘  (4-1) 

where 0 ≤ 𝑖𝑖 ≤ �𝑉𝑉𝑥𝑥−𝐾𝐾𝑥𝑥+1
2𝑠𝑠

� , 0 ≤ 𝑗𝑗 ≤ �𝑉𝑉𝑦𝑦−𝐾𝐾𝑦𝑦+1
2𝑠𝑠

�. 

The gradient with respect to the kernel 𝐾𝐾 is  

 𝑔𝑔(𝐾𝐾,𝑉𝑉, 𝑠𝑠, ℎ)𝑖𝑖,𝑗𝑗,𝑘𝑘 = 𝜕𝜕𝜕𝜕
𝜕𝜕𝐾𝐾𝑖𝑖,𝑗𝑗,𝑘𝑘

  

  = 𝜕𝜕𝜕𝜕
𝜕𝜕𝑉𝑉
∙ 𝜕𝜕𝑉𝑉
𝜕𝜕𝐾𝐾𝑖𝑖,𝑗𝑗,𝑘𝑘

  

 = ∑ ∑ ∑
𝜕𝜕𝜕𝜕𝑖𝑖′,𝑗𝑗′,𝑘𝑘

𝜕𝜕𝑉𝑉𝑖𝑖′,𝑗𝑗′,𝑘𝑘
∙ 𝐾𝐾𝑚𝑚,𝑛𝑛𝑘𝑘𝑗𝑗′,𝑛𝑛

s.t.
𝑗𝑗=2ℎ(𝑗𝑗′−1)×𝑠𝑠+𝑛𝑛

𝑖𝑖′,𝑚𝑚 
𝑠𝑠.𝑡𝑡.

𝑖𝑖=2ℎ(𝑖𝑖′−1)×𝑠𝑠+𝑚𝑚

 (4-2) 

Dilation convolution provides a wider field of view at the same 

computational cost (number of parameters). Since dilation convolution inserts 

‘holes’ (zeros) between the kernel/filter values, therefore we can enlarge kernel 

size, also called the field of view (FOV), without increasing the number of weights. 

Figure 4-4 illustrates the concept of FOV, when original kernel size (red dots) 𝐾𝐾 

3×3 is used.  
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Figure 4-4 Dilated convolution with changing field of view (FOV) (region bounded 

by red dots) and receptive field (green region): (a) FOV is 3×3 vs (a’) 

receptive field is 3×3 for 1-dilated convolution with dilation rate h=1; (b) 

FOV is 5×5 vs (b’) receptive field is 7×7 for 2-dilated convolution with 

dilation rate h=2; (c) FOV is 9×9 vs (c’) respective field is 15×15 for 

4-dilated convolution with dilation rate h=4 (source: Yu & Koltun, 

2015). 

Standard convolution is a special case of a dilation convolution, when the 

rate parameter ℎ =1. Dilation convolution introduces (ℎ − 1) zeros between the 

values of the kernel, thus enlarging the effective kernel size (field of view, FOV) 

from original 𝐾𝐾𝑚𝑚,𝑛𝑛 to  

 𝐾𝐾� = [𝑚𝑚 + (𝑚𝑚− 1)(ℎ − 1)] × [𝑛𝑛 + (𝑛𝑛 − 1)(ℎ − 1)] (4-3) 

Using dilation convolution can effectively control the receptive field. The 

receptive field is defined as the region in input space that a particular CNN’s 

feature is looking at (i.e. is affected by). As illustrated in the second row of Figure 

1 Dilated Convolution 2 Dilated Convolution 4 Dilated Convolut ion 

• • • 
• • • 
• • • • • • • • • • • • 

(a) (b) (c) 

2 2 
2 • • • • • • • • • • • • • • • • • • 

(a') (b') (c ') 
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4-4, a receptive field is described by its size and the location of its centre. Within a 

receptive field, elements closer to the centre of the field contribute more to the 

calculation of the output features. This means that the feature not only looks at a 

particular region (i.e. receptive field) in the input, but also focuses exponentially 

more on the centre of the region. In Figure 4-5, the receptive fields of some 

examples of standard convolutions (left) are compared with those of dilated 

convolutions (right).  

 

Figure 4-5 Illustration of receptive fields of standard convolution (left) and dilated 

convolution (right) [Source: Internet image (Hien, 2017)] 

In Figure 4-5, we use in both cases convolution with kernel size 𝑘𝑘 =

3 × 3 , padding size 𝑝𝑝 = 1 × 1 , stride 𝑠𝑠 = 2 × 2  for an input map of 5×5, 

producing a 3x3 green feature map (top row). Applying the same convolution on 

top of the green feature map produces the 2×2 orange feature map (bottom row). 

Merely looking at the feature map, it either tells us where a feature is looking at 

(the centre location of its receptive field) or how big that region is(its receptive 

field size) for a standard convolution (left column). It is impossible to keep track 

of the receptive field information in a deep CNN. However, using a dilation 

convolution feature map (Right column), the receptive field of the feature can be 

controlled. 
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Therefore, dense feature extraction with dilated convolution can be applied 

to high resolution input feature map, without the need to learn extra parameters; in 

practice, this leads to fast network training in practice. 

4.2.3.2 Large field of view (FOV) 

Another advantage of using dilation convolution is that we can enlarge the 

field of view (effective kernel size) and control the receptive field, as shown in 

Figure 4-5 above. The control of the receptive field is further used in the design of 

the network to alleviate the computational expense.  

As discussed, both FCN8s and DeepLab are based on VGG-16 net. In 

FCN-8s, by converting the network to a fully convolutional one, the first fully 

connected layer (after 5 poolings) has 4096 filters of large 7×7 spatial size, as 

shown in Table 3-1 on page 55. This becomes the computational bottleneck in the 

training of the network and the computation of the score map.  

Chen et al. (2016) proposed using large FOV convolution in DeepLab 

structure to address this problem, as shown in Figure 4-3(b)-(i). Large-FOV 

module includes two improvements. First, after ‘pool5’ dilation convolution is 

used with reduced kernel size of 3×3 (reduced from 7×7) and large dilation rate 

ℎ = 12; by doing so, the receptive field is controlled to lower the computational 

expense. Second, the filter size has decreased from 4096 to 1024 for the last two 

layers. This large-FOV can achieve a performance similar to that of the expensive 

7×7 filter, but the model is much faster with significantly fewer parameters. 

DeepLab structure with large-FOV module is also regarded as DeepLab v1 in the 

literature. 

 

4.2.3.3 Atrous spatial pyramid pooling (ASPP) 

Chen et al. (2016) proposed an Atrous spatial pyramid pooling (ASPP) 

module to replace Large-FOV module in the DeepLab structure, which is regarded 
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as DeepLab v2. ASPP generalises Large-FOV variants and thus enables the 

network to handle variable scale in parsing. To capture multi-scale information, 

ASPP uses parallel dilated convolution layers with different rates. Figure 4-6(a) 

illustrates the ASPP module with dilation convolution at rates ℎ = {6,12,18,24}; 

the features obtained from different effective FOV are fused together similar to a 

pyramid, as shown in Figure 4-6(b). This is why the module is called Atrous 

Spatial Pyramid Pooling (ASPP). 

(a) (b)
[Source of (b): Chen et al., (2016)]   

Figure 4-6 (a) Structure of Astrous Spatial Pyramid Pooling (ASPP); (b) ASPP 

exploits multi-scale features to classify the centre pixel (orange) using 

multiple parallel filters with different dilation rates. 

 

4.2.3.4 Multi-scale module 

With reference to Figure 4-3, other than Large-FOV and ASPP modules, 

we design an inner multi-scale (IMS) module by combining low level features in 

order to increase the accuracy of parsing small items. Specifically, we integrate 

input image and low-level features and high level semantic features, namely 

outputs from each of the first four maxpooling layers, to the final output. The IMS 

module has a three-layer structure: the first layer has 128 convolutional filters of 

size 3×3, the second layer has another 128 convolutional filters of size 3×3, and 

the third layer has 18 convolutional filters of size 1×1. These feature maps are 

fused together with the feature map from the image-level parsing branch. The 

structure of the inner multi-scale module is shown in Figure 4-7. 

(b )-(ii) ASPP 

o· rate= 24 

D" -rate=6 

D m 
Atrous Spatial Pyramid Pooling 

lnpu1Fea1ureMapL A r,~ ;;;;;;;;;~~vr;/ 
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Figure 4-7 Structure of inner-multi scale module 

 

4.2.4 Part parsing branches 

Inspired by the work of multi-task learning (MTL) (Zhou & Yang, 2017), 

we integrate part parsing branches in our PAHPN model to assist the learning of 

the network. The rationale behind this is to improve the general performance of all 

tasks using the information contained in multiple related tasks.  

There are a few reported studies of using multi-task learning to improve 

the performance on different computer vision tasks (Zhang et al., 2014, He et al., 

2017, Ranjan et al., 2017). In our parsing problem, as the class regions in the 

human parsing are interrelated with each other originally, we propose to group 

class regions together as a separate parsing task and handle it by one parsing 

branch. Similar to PDHPC, we group the hat, hair, sunglasses and face region 

together to formulate a head part, and we also group other regions except 

background together and formulate a body part. Table 3-2 on page 58 shows the 

classes of image-level, head and body part parsing branches. To train the network, 

we prepared the ground-truths for each branch. An example is shown in Figure 

Inner-multi scale (IMS) module 

.... 
Data_convl 

.... 
PoolL convl 

.... 
Pool2_convl 

Pool3_convl 

.... 
Pool4_convl 
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4-8. The part parsing branches are trained together to enhance the image-level 

parsing. 

(a) (b) (c) (d)  
Figure 4-8 Examples of ground-truth of some parts: (a) Original image, (b) 

ground-truth of head part, (c) ground-truth of body part, and (d) 

ground-truth of image-level branch. 

 

Table 4-1 Classes of image-level, head, body and sunglasses part braches 

Branch Classes 

Image-level 

background (k=0), hat (k=1), hair (k=2), sunglasses (k=3), 
upper-clothing (k=4), skirt (k=5), pants (k=6), dress (k=7), belt 
(k=8), left-shoe (k=9), right-shoe (k=10), face (k=11), left-leg 
(k=12), right-leg (k=13), left-arm (k=14), right-arm (k=15), bag 
(k=16), and scarf (k=17) 

Head background (k=0), hat (k=1), hair (k=2), and face (k=3) 

Body 

background (k=0), upper-clothing (k=1), skirt (k=2), pants (k=3), 
dress (k=4), belt (k=5), left-shoe (k=6), right-shoe (k=7), left-leg 
(k=8), right-leg (k=9), left-arm (k=10), right-arm (k=11), bag 
(k=12), and scarf (k=13) 

Sunglasses background (k=0) and sunglasses (k=1) 

 

It is important to note that we can add additional part parsing branches to 

reinforce the learning of specific classes. For example, to make the network pay 

more attention to the parsing of sunglasses, we can remove the sunglasses from 

the head part and design another part parsing branch to parse the sunglass region. 

The ground-truth classes of these branches are shown in Table 4-1. Therefore, the 

network consists of four parsing branches: the image-level parsing branch, head 

1----------···················································---·········--------------------------------------------------------------------------------------------------
1----------···················································---·········--------------------------------------------------------------------------------------------------
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parsing branch, body parsing branch and sunglass parsing branch, as shown in 

Figure 4-2. 

 

Given the ground-truth of each part, we train a pixel-wise classifier to 

parse the part region, which is similar to the image-level parsing (as detailed in 

Sections 4.2.3.1-4.2.3.3). The difference is in the number of filters in the last layer, 

which is used to generate the class-pixel probability maps depending on the 

number of classes in the ground-truth. We will experiment and compare the 

effectiveness of the part parsing branch settings of Table 3-2 and Table 4-1 in later 

Section 4.3. 

 

4.2.5 Fusion module 

Assume that there are 𝑚𝑚 part parsing branches and {𝑆𝑆1,𝑆𝑆2, … , 𝑆𝑆𝑚𝑚} are 

the label sets, where 𝑆𝑆𝑡𝑡 is the set of labels for part t, 𝑆𝑆𝑡𝑡 = �𝑙𝑙𝑠𝑠1 , 𝑙𝑙𝑠𝑠2 , … , 𝑙𝑙𝑠𝑠𝑡𝑡� , 𝑙𝑙𝑠𝑠𝑡𝑡 ∈

𝐿𝐿 and 𝑡𝑡 = 1, … ,𝑚𝑚. The score feature maps of the t-th part parsing branch are 

denoted by Z𝑆𝑆𝑡𝑡 , and the score feature maps of the image-level parsing branch are 

denoted by the Z𝐼𝐼. The fusion of Z𝐼𝐼 , Z𝑆𝑆1 , … , Z𝑆𝑆𝑚𝑚 is computed by the following 

formula: 

 𝑍𝑍𝑖𝑖,𝑗𝑗,𝑘𝑘
𝑓𝑓 = �

𝑍𝑍𝑖𝑖,𝑗𝑗,𝑘𝑘
𝐼𝐼 𝑘𝑘 = 0

𝑍𝑍𝑖𝑖,𝑗𝑗,𝑘𝑘
𝐼𝐼 + 𝑍𝑍𝑖𝑖,𝑗𝑗,𝑙𝑙𝑘𝑘

𝑆𝑆𝑡𝑡 𝑘𝑘 = 1, … , 𝑙𝑙𝑘𝑘; 𝑙𝑙𝑘𝑘 = 𝑙𝑙𝑆𝑆𝑡𝑡; 𝑡𝑡 = 1, … ,𝑚𝑚
 (4-4) 

Figure 4-9 shows the qualitative probability feature maps of the 

image-level parsing, head parsing and body parsing networks before fusion. The 

probability feature maps after fusion are shown in Figure 4-10. Comparing Figure 

4-9(c) with Figure 4-10, we can see that the mistake of the image-level parsing 

network, in which the skirt was parsed as pants, has been corrected by fusion.  



94 

 
Figure 4-9 Example of probability feature maps of (a) head parsing branch, (b) 

body parsing branch, and (c) image-level parsing branch 

 
Figure 4-10 Probability feature maps after fusion 

(a) Probability feature maps of Head parsing branch 

.:n 1::; 
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4.2.6 Parameter details 

The detailed parameters used for PAHPN network configuration are listed 

in Table 4-2. The total number of weights depends on the number of part-parsing 

branches and the choice of Large-FOV, ASPP in each branch, as well as whether 

the IMS module is included in the formulation. Table 3-1 on page 55 shows the 

weights for one single FCN-8s. This PDHPC includes three FCN-8s networks, so 

the total number of weights for the PAHPN is significantly smaller than that of 

PDHPC, thus makes the training easier. Indeed, the total number of parameters for 

a 4-branch network using ASPP is comparable to that of a single FCN-8s network. 

 

Table 4-2 Detailed parameter configure of PAHPN 

Layer Name Type 
kernel size/ 

stride (rate) 
Weights output size 

conv1-1 Convolution + ReLU  3x3/1 64x3x3x3 321x321x64 

conv1-2 Convolution + ReLU  3x3/1 64x64x3x3 321x321x64 

pool1 Maxpool 2x2/2  161x161x64 

conv2-1 Convolution + ReLU  3x3/1 128x64x3x3 161x161x128 

conv2-2 Convolution + ReLU  3x3/1 128x128x3x3 161x161x128 

pool2 Maxpool 2x2/2  81x81x128 

conv3-1 Convolution + ReLU  3x3/1 256x128x3x3 81x81x256 

conv3-2 Convolution + ReLU  3x3/1 256x256x3x3 81x81x256 

conv3-3 Convolution + ReLU  3x3/1 256x256x3x3 81x81x256 

pool3 Maxpool 2x2/2  41x41x256 

conv4-1 Convolution + ReLU  3x3/1 512x256x3x3 41x41x512 

conv4-2 Convolution + ReLU  3x3/1 512x512x3x3 41x41x512 

conv4-3 Convolution + ReLU  3x3/1 512x512x3x3 41x41x512 

pool4 Maxpool 3x3/1  41x41x512 

conv5-1 Dilation Convolution + ReLU  3x3/1(rate 2) 512x512x3x3 41x41x512 

conv5-2 Dilation Convolution + ReLU  3x3/1(rate 2) 512x512x3x3 41x41x512 

conv5-3 Dilation Convolution + ReLU  3x3/1(rate 2) 512x512x3x3 41x41x512 

pool5 Maxpool 3x3/1  41x41x512 

LargeFoV 

Conv6-1 Dilation Convolution + ReLU  3x3/1 (rate 12) 1024x512x3x3 41x41x1024 
I 
I 
I 
I 

I 
I 
I 
I 

I 
I 
I 
I 

I 
I 
I 
I 
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Conv6-2 Convolution + ReLU  1x1/1 1024x1024x1x1 41x41x1024 

Conv6-3 Convolution + ReLU  1x1/1 18x1024x1x1 41x41x18 

ASPP 

Conv6-1 Dilation Convolution + ReLU  3x3/1 (rate 6) 1024x512x3x3 41x41x1024 

Conv6-2 Convolution + ReLU  1x1/1 1024x1024x1x1 41x41x1024 

Conv6-3 Convolution + ReLU  1x1/1 18x1024x1x1 41x41x18 

Conv7-1 Dilation Convolution + ReLU  3x3/1 (rate 12) 1024x512x3x3 41x41x1024 

Conv7-2 Convolution + ReLU  1x1/1 1024x1024x1x1 41x41x1024 

Conv7-3 Convolution + ReLU  1x1/1 18x1024x1x1 41x41x18 

Conv8-1 Dilation Convolution + ReLU  3x3/1 (rate 18) 1024x512x3x3 41x41x1024 

Conv8-2 Convolution + ReLU  1x1/1 1024x1024x1x1 41x41x1024 

Conv8-3 Convolution + ReLU  1x1/1 18x1024x1x1 41x41x18 

Conv9-1 Dilation Convolution + ReLU  3x3/1 (rate 24) 1024x512x3x3 41x41x1024 

Conv9-2 Convolution + ReLU  1x1/1 1024x1024x1x1 41x41x1024 

Conv9-3 Convolution + ReLU  1x1/1 18x1024x1x1 41x41x18 

Inner Multi-Scale (IMS) module 

Data_conv1 Convolution + ReLU  3x3/8 128x3x3x3 41x41x128 

Data_conv2 Convolution + ReLU  1x1/1 128x128x1x1 41x41x128 

Data_conv3 Convolution + ReLU  1x1/1 18x128x1x1 41x41x18 

Poo1_conv1 Convolution + ReLU  3x3/4 128x3x3x3 41x41x128 

Poo1_conv2 Convolution + ReLU  1x1/1 128x128x1x1 41x41x128 

Poo1_conv3 Convolution + ReLU  1x1/1 18x128x1x1 41x41x18 

Poo2_conv1 Convolution + ReLU  3x3/2 128x3x3x3 41x41x128 

Poo2_conv2 Convolution + ReLU  1x1/1 128x128x1x1 41x41x128 

Poo2_conv3 Convolution + ReLU  1x1/1 18x128x1x1 41x41x18 

Poo3_conv1 Convolution + ReLU  3x3/1 128x3x3x3 41x41x128 

Poo3_conv2 Convolution + ReLU  1x1/1 128x128x1x1 41x41x128 

Poo3_conv3 Convolution + ReLU  1x1/1 18x128x1x1 41x41x18 

Poo4_conv1 Convolution + ReLU  3x3/1 128x3x3x3 41x41x128 

Poo4_conv2 Convolution + ReLU  1x1/1 128x128x1x1 41x41x128 

Poo4_conv3 Convolution + ReLU  1x1/1 18x128x1x1 41x41x18 

   Total Weights  

 Low-level feature module 1,734,336  

 Brach feature except Large FOV or ASPP 12,976,128  

 Large-FOV 5,785,600  

 ASPP 23,142,400  

 IMS 110,720  
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4.2.7 Loss function 

For the model training, we adopted the cross-entropy loss averaged over all 

image positions for all the network branches, including the image-level parsing 

branch (Figure 4-2(b)), all the branches of part parsing (Figure 4-2(c)), plus 

another auxiliary loss for the fusion feature maps. The loss function for our 

proposed model is: 

 𝐿𝐿 = 𝐿𝐿(𝑦𝑦,𝑦𝑦� ) + ∑ 𝐿𝐿(𝑦𝑦𝑡𝑡,𝑦𝑦�𝑡𝑡) + 𝐿𝐿�𝑦𝑦,𝑦𝑦�𝑓𝑓 �𝑚𝑚
𝑡𝑡=1  (4-5) 

where y is the human parsing ground-truth of the image, {𝑦𝑦1,𝑦𝑦2, … , 𝑦𝑦𝑚𝑚} is the 

ground-truth of all the parts, {𝑦𝑦�1,𝑦𝑦�2, … , 𝑦𝑦�𝑚𝑚} is the set of probability score maps 

after taking the softmax (Equation 3-13) of score maps {𝑍𝑍𝑆𝑆1 ,𝑍𝑍𝑆𝑆2 , … ,𝑍𝑍𝑆𝑆𝑚𝑚}, and the  

y�f is the probability score maps after taking the softmax of the used feature maps 

Z𝑓𝑓(Equation 4-4). Again, we trained the parameters of the network to minimize 

this loss function using Stochastic Gradient Descent (SGD). 

4.2.8 CRF refinement module 

We add CRF refinement for an end-to-end training, like CRFasRNN 

(Zheng et al., 2015). The details of the pixel level refinement are explained in 

Section 3.3.4 of Chapter. We will evaluate the effectiveness with and without 

CRF refinement in later Section 4.3. 

 

4.3 Experiment and Result Discussions 

To evaluate the effectiveness of our proposed PAHPN model, we trained 

the network and conducted several experiments on two datasets: the ATR dataset 

(Liang et al. 2015) and the LIP dataset (Gong et al., 2017).  
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4.3.1 Training on ATR dataset 

To train the network, we partition the dataset into a training set and a test 

set, similar to what we did for the PDHPC training. The same augmentation and 

normalization preprocessing steps are done before training. For training PAHPN 

networks, we resize all images and their ground-truth to 321×321 with zero 

padding. According to our network design (Figure 4-2 and Table 4-2), the target 

ground-truths of training set images are further downsampled by 8 with stride 8 

for training. 

Table 4-3 ATR Dataset partitioning and preprocessing for PAHPN 

Dataset  ATR Dataset (Liang et al., 2015) No. of images 

 Training data (90%) 6898 

 Test/validation data (10%) 804 

 Total 7702 

Pre-processing: - Subtracting mean RGB value of ImageNet 

training set 

 

 - Augmentation by mirror and cropping  13796 

 - All resizing to 321×321 with 0 padding  

 - Target ground-truths are downsampled by 8 

with stride 8 

 

 

Table 4-4 Training parameter setup for PAHPN 

Setup Parameters/details 

Weight initialisation Parameters trained on ImageNet dataset 

Optimizer Stochastic gradient descent (SGD) 

Momentum 0.9 

Weight decay 0.0001 

Learning rate 0.001 
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Batch size 1 image per batch 

Number of epochs 30 

 

Due to limited GPU, we did not conduct the experiment based on 

ResNet-101 (Chen et al., 2016). Instead, we built the proposed PAHPN model 

based on the VGG-16 network using the Caffe library. Similar to PDHPC training, 

we conduct the training of PAHPN by fine-tuning the parameters pre-trained 

based on ImageNet dataset. The model was trained with min-batch stochastic 

gradient descent with a momentum of 0.9, weight decay of 0.0001 and fixed 

learning rate of 0.001. The parameter setup for training PAHPN is shown in Table 

4-4. We trained the model on an NVIDIA Tian X GPU for 30 epochs. 

We also trained DeepLab model (Chen et al., 2016, with structure 

illustrated in Figure 4-3) for comparative study. We conducted experiment on 

DeepLab and our PAHPN model with different components, such as LargeFOV 

module or atrous spatial pyramid pooling (ASPP) (Figure 4-6), inner multi-scale 

(IMS) module (Figure 4-7) as well as CRF refinements to evaluate the 

effectiveness of our model using the metrics defined in Section 3.3.3 of Chapter 3.  

 

4.3.2 Evaluation on ATR dataset 

4.3.2.1 Decoder and network inferencing 

To evaluate the proposed network performance, we use the trained 

networks, our PAHPN and DeepLab with different components, to inference 

pixelwise predictions on the test data. Firstly, the weights determined in the 

training are loaded into the network. Network inference is applied on test images. 

It is important to note the predicted results are 1/8 of the input image size. We 

decide a simple decoder to recover feature maps at the input image resolution by 

fast bilinear interpolation. To evaluate the final performance using defined metrics 
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(Equations 3-20 to 3-22), we further upsample the decoded results to original 

image size, i.e. before image being resized to 321×321. Finally, the output 

prediction metrics are evaluated and compared on original image size of the test 

dataset. 

 

4.3.2.2 Network overall accuracy comparison 

We will now compare the performance metrics defined in Chapter 3 of our 

proposed PAHPN with that of the baseline DeepLab in Table 4-5. The PAHPN 

model here consists of image-level parsing branch plus three part parsing branches 

for head, body and sunglasses (see Table 4-1). Table 4-5 shows that the mean IoU 

values of our method have a significant improvement over that of DeepLab. For 

example, our simplest PAHPN model attains 54.94%, compared to 49.54% of 

DeepLab-Large FOV). Inner multi-scale fusion brings extra 1.46% improvement, 

while ASPP gives another gain of 0.39%, CRF refinement yields the best 

performance: 58.35%. 

 

Table 4-5 Comparison of human parsing performance metrics (%) on ART test 

set 

 Large  ASPP IMS CRF Pixel acc mean acc mean IoU 
Models FOV    Eq. (3-20) Eq. (3-21) Eq. (3-22) 
 √    91.04 58.78   49.54 
DeepLab  √   92.06 65.06 53.17 

  √  √ 92.27 67.26 55.06 
 √    92.42 66.36 54.94 

PAHPN-w/  √   92.39 68.32 55.33 
3 parts   √  92.85 67.93 56.79 

  √ √ √ 93.3 70.01 58.35 
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Figure 4-11 Comparison of some parsing results: (a) input images (b) results of 

DeepLab-ASPP (c) results of our PAHPN (d) results of our PAHPN with 

IMS and CRF (e) the ground-truth. 

 

Figure 4-11 shows the qualitative comparison of some parsing results 

using DeepLab-ASPP, our simplest PAHPN, our PAHPN together with IMS and 

CRF. As shown in column (b)Figure 4-11, the parsing result of Deeplab-ASPP 

misses the sunglasses, while the parsing results for the shoes, belt and arms are 

very coarse. Our PAHPN model can successfully recognise the sunglasses and, 

also parse the small items more precisely by the introduction of part-attention 

branches for the head and body. 

 

  

(a) (b) (c) (d) (e) 
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4.3.2.3 Per-class performance comparison 

Table 4-6 Comparison of per-class mean IoU (%) between proposed PAHPN and 

state-of-the-art methods on ART test data set 

 Hat Hair S-gls U-cloth Skirt Pants 
Models k=1 k=2 k=3 k=4 k=5 k=6 
DeepLab-Large FOV 53.11 68.37 37.47 64.16 43.68 52.01 
DeepLab-ASPP 57.743 65.469 26.233 66.869 54.590 59.791 
DeepLab-LargeFOV-CRF 58.589 66.668 32.688 68.333 54.577 63.082 
PAHPN3-Large FOV 59.09 66.69 35.50 69.48 54.58 64.29 
PAHPN3-ASPP 59.526 67.046 36.230 68.575 54.671 62.491 
PAHPN3-ASPP-IMS 61.735 69.074 38.027 70.358 54.664 63.052 
PAHPN3-ASPP-IMS-CRF 62.279 70.405 39.663 70.938 56.069 66.964 
 
 Dress Belt L-shoe R-shoe Face L-leg 
Models k=7 k=8 k=9 k=10 k=11 k=12 
DeepLab-Large FOV 41.33 18.33 35.09 32.48 73.26 55.59 
DeepLab-ASPP 55.090 21.323 43.012 69.145 58.095 56.046 
DeepLab-LargeFOV-CRF 55.424 21.647 46.489 70.103 60.742 59.230 
PAHPN3-Large FOV 52.55 20.09 43.92 45.57 71.07 60.83 
PAHPN3-ASPP 57.183 20.879 45.164 71.028 61.224 58.756 
PAHPN3-ASPP-IMS 58.347 22.472 46.577 73.411 61.717 59.948 
PAHPN3-ASPP-IMS-CRF 58.187 21.986 49.097 73.643 64.755 63.038 
 

 R-leg L-arm R-arm Bag Scarf Bkg 
Models k=13 k=14 k=15 k=16 k=17 k=0 
DeepLab-Large FOV 54.95 55.39 57.15 44.41 12.57 94.96 
DeepLab-ASPP 53.704 53.100 52.214 53.704 26.500 95.453 
DeepLab-LargeFOV-CRF 57.037 57.265 51.939 57.037 25.239 96.024 
PAHPN3-Large FOV 59.22 55.88 55.50 53.56 26.47 96.65 
PAHPN3-ASPP 56.488 55.812 53.675 56.488 25.964 97.925 
PAHPN3-ASPP-IMS 59.491 59.712 55.868 59.491 26.932 95.675 
PAHPN3-ASPP-IMS-CRF 61.759 62.392 57.329 61.759 24.766 96.418 

 

We compare the mean IoU values for each label in Table 4-6. Generally 

speaking, our method has a better performance than other methods. For parsing 

small items, such as sunglasses, shoes, legs and arms, our method achieves greater 
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gains, e.g. 36.5% vs 39.66% for sunglasses, 57.26% vs 62.39% for the left-arm. It 

is demonstrated that our method performs well on fine details. More qualitative 

parsing results are compared in Figure 4-12.  

 (a) (b) (c) (d) (e) 
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Figure 4-12 More parsing results comparisons: (a) input images (b) parsing results 

of method DeepLab-ASPP (c) parsing results of our PAHPN model (d) 

parsing results of our PAHPN with IMS and CRF (e) the ground-truths. 

(a) (b) (c) (d) (e) 
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4.3.3 Ablation study 

4.3.3.1 Effect of input image size 

For the PDHPC model, FCN-8s network is the baseline model where corp 

layers are used so that the network itself is adaptable to input images of any size. 

In PAHPN and DeepLab, since dilation convolutions are used, the size of input 

image needs to be remaining constant in the training and testing stages. We 

therefore conducted an experiment to examine the impact of different sizes of 

input image. In the experiment, we resized all images and their ground-truths to 

513×513, and then re-trained our PAHPN-ASPP models and DeepLab-ASPP. The 

comparison is shown in Table 4-7. It is shown that when the input image size is 

increased to 513×513, the mean IoU value of the DeepLab-ASPP is developed to 

58.69%, meaning 5.52% increase from that of DeepLab-ASPP with an input size 

of 321×321. The result demonstrates that the image size has a great impact on the 

performance.  

 

4.3.3.2 Effect of number of part parsing branches 

As discussed in Section 4.2.4, our PAHPN model can accommodate 

different part parsing branches. We compare here the performance of network 

with 2 part-parsing branches for head and body (i.e. PAHPN-2, see definition in 

Table 3-2) and that with 3 part-parsing branches for head, body and sunglasses (i.e. 

PAHPN-3, see Table 4-1). The overall performance comparison is shown in Table 

4-7. Figure 4-13 shows a qualitative comparison of the parsing results for the 

network with 2 part parsing branches (PAHPN2) and that with 3 part parsing 

branches (PAHPN3). It is shown that by adding the sunglasses branch, the parsing 

of sunglasses becomes much better. The overall performance gains are around 2% 

in mean IoU value, as illustrated in Table 4-7. In particular, the per class mean 
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IoU value of sunglasses increases 11.2%, as shown in Table 4-8, and it 

demonstrates that the definition of part parsing branches is vitally important in the 

design of the part-attention based parsing network. More examples are shown in 

Figure 4-14. 

 

Table 4-7 Comparison of overall accuracy of PHAPN models and DeepLab 

models. 

Models Input size Pixel acc (%) Mean acc (%) Mean IoU (%) 
DeepLab-ASPP 321×321 92.06 65.06 53.17 
PAHPN2-ASPP 321×321 92.60 65.64 55.08 

PAHPN3-ASPP 321×321 92.85 67.93 56.79 
DeepLab-ASPP 513×513 93.26 70.28 58.69 
PAHPN2-ASPP 513×513 93.66 72.48 60.56 
PAHPN3-ASPP 513×513 93.86 72.68 62.10 

 

 

Figure 4-13 Abilication study of PAHPN model: (a) an input image (b) the parsing 

result of PAHPN2 network with 2 part parsing branches for head and body, 

(C) the parsing result of PAHPN3 network with 3 part parsing branches for 

head, body and sunglasses, and (d) ground-truth. 

  

(a) (b) (c) (d) 
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Table 4-8 Comparison of per-class mean IoU (%) of our PAHPN networks and the 

variants. 

  
Hat Hair S-gls 

U-clot
h 

Skirt Pants 

Models Input size k=1 k=2 k=3 k=4 k=5 k=6 
DeepLab-ASPP 321×321 57.743 65.469 26.233 66.869 54.590 59.791 
PAHPN2-ASPP 321×321 60.70 68.033 24.12 69.719 51.665 64.272 
PAHPN3-ASPP 321×321 61.735 69.074 38.027 70.358 54.664 63.052 
DeepLab-ASPP 513×513 64.070 71.863 41.981 70.372 54.524 66.232 
PAHPN2-ASPP 513×513 64.530 74.107 41.211 72.259 53.848 68.939 
PAHPN3-ASPP 513×513 66.088 74.661 52.416 72.830 57.261 69.198 

  
Dress Belt L-shoe 

R-sho
e 

Face L-leg 

Models Input size k=7 k=8 k=9 k=10 k=11 k=12 
DeepLab-ASPP 321×321 55.090 21.323 42.657 43.012 69.145 58.095 
PAHPN2-ASPP 321×321 56.905 21.059 45.454 46.983 72.199 61.63 
PAHPN3-ASPP 321×321 58.347 22.472 45.020 46.577 73.411 61.717 
DeepLab-ASPP 513×513 55.707 26.944 47.232 47.944 74.544 63.978 
PAHPN2-ASPP 513×513 56.890 27.587 52.332 52.334 77.679 66.115 
PAHPN3-ASPP 513×513 59.062 29.474 49.984 52.889 78.555 67.196 
  R-leg L-arm R-arm Bag Scarf Bkg 
Models Input size k=13 k=14 k=15 k=16 k=17 k=0 
DeepLab-ASPP 321×321 56.046 53.704 53.100 52.214 26.500 95.453 
PAHPN2-ASPP 321×321 60.209 57.217 58.533 54.71 22.607 95.522 
PAHPN3-ASPP 321×321 59.948 59.491 59.712 55.868 26.932 95.675 
DeepLab-ASPP 513×513 63.266 63.817 63.385 57.504 26.634 96.502 
PAHPN2-ASPP 513×513 63.483 67.516 67.479 60.054 27.223 96.569 
PAHPN3-ASPP 513×513 65.977 68.545 68.277 59.367 29.325 96.624 
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Figure 4-14 More parsing results comparison: (a) input images (b) parsing results of 

DeepLab-ASPP with input size 321×321, (c) parsing results of 

(a) (b) (c) (d) 
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PAHPN2-ASPP model with input size 513×513, (d) parsing results of 

PAHPN3-ASPP model with input image size 513×513, and (e) 

ground-truths. 

 

4.3.3.3 Comparison with PDHPC results 

In this section, we compare the proposed PAHPN with the PDHPC 

networks developed in Chapter 3, in terms of memory, running time and accuracy 

achieved. The performance achieved and the resources used are compared in 

Table 4-9 and Table 4-10, respectively. As shown, PAHPN improves significantly 

in terms of running time. However, when the input image size is 321×321, the 

accuracy achieved is not as good as that of PDHPC networks. By adding CRF 

refinement to the network, the overall accuracy as well as mean IoU values 

increase to a level similar to that of PDHPC. If we enlarge the input image size to 

513×513, the accuracy will exceed that of PDHPC networks. Figure 4-15 gives 

some qualitative comparisons. It shows that the parsing results of PDHPC have 

more noises; the reason is probably that PDHPC was not trained end-to-end.  

Table 4-9 Comparison of overall accuracy achieved by PDHPC networks and 

PAHPN models and the variants. 

Models Input size CRF Pixel acc (%) Mean acc (%) Mean IoU (%) 
PDHPC2 384×384  93.27 71.14 59.53 
PAHPN3 321×321  92.85 67.93 56.79 
PAHPN3 321×321 √ 93.30 70.01 58.35 
PAHPN2 513×513  93.66 72.48 60.56 
PAHPN3 513×513  93.86 72.68 62.1 

 

Table 4-10 Comparison of memory and running time of PDHPC networks and 

PAHPN models and the variants. 

Models Input size CRF Memory Running Time 
PDHPC2 384×384  1222M 4980ms 
PAHPN3 321×321  3022M 78.3ms I I 
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PAHPN3 321×321 √ 3062M 450ms 
PAHPN2 513×513  4148M 135ms 
PAHPN3 513×513  5124M 178ms 

 

 

I I 

(a) (b) (c) (d) 
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Figure 4-15 Parsing result comparison: (a) input images (b) parsing results of 

PDHPC model, (c) parsing results of PAHPN model, and (d) 

ground-truths. 

 

4.3.4 Training on LIP dataset 

We use another human parsing dataset, the LIP dataset (Gong et al., 2017) 

in our experiment. The LIP dataset is partitioned into 40,000 images for training, 

10,000 images for validation, and 10,000 images for testing.  

Table 4-11 LIP dataset partitioning for PAHPN 

Dataset  LIP Dataset (Gong et al., 2017) No. of images 

 Training data (66.7%) 40,000 

 Validation data (16.7%) 10,000 

 Test data (16.7%) 10,000 

 Total 60,000 

 

The LIP dataset has 20 classes: background, hat, hair, glove, sunglasses, 

upper-clothing, dress, coat, socks, pants, jumpsuits, scarf, skirt, face, left-arm, 

right-arm, left-leg, right-leg, left-shoe, and right-shoe. We then divide these 

classes into three parts: head part, body part and sunglasses part. The head part 

consists of the hat, face and hair. The body part consists of glove, upper-clothing, 

dress, coat, socks, pants, jumpsuits, scarf, skirt, face, left-arm, right-arm, left-leg, 

right-leg, left-shoe and right-shoe. The sunglasses part only contains sunglasses.  

 

4.3.5 Evaluation on LIP dataset 

We interference the trained network on LIP test data using the same 

strategy defined for ATR dataset in Section 4.3.2.1. The performances of several 
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benchmarking methods are compared in Table 4-12. Our PAHPN model improves 

the baseline DeepLab-LargeFOV by around 2% in terms of mean IoU. Our 

method also outperforms DeepLabv2 (Chen et al., 2016), which is based on 

ResNet-101 with external multi-scale enhancement. Table 4-13 shows the 

comparison of per-class mean IoU. Compared to DeepLabV2, our method 

performs much better on the parsing of left-arm, right-arm, left-leg, right-leg, 

left-shoe and right-shoe. In particular, the mean IoU value of right-shoe increases 

by 11.1%, which demonstrates that our method performs well in distinguishing 

between left and right. Some qualitative results are compared in Figure 4-16. 

 

Table 4-12 Overall accuracy (%) achieved by PAHPN model and other several 

benchmarking methods on LIP test dataset 

Models Pixel acc Mean acc Mean IoU 
SegNet (Badrinarayanan et al., 2015) 69.04 24.00 18.17 
FCN-8s (Long et al., 2015) 76.06 36.75 28.29 
Deeplab-LargeFOV (Chen et al., 2016) 81.83 52.58 40.59 
DeepLabV2 (Chen et al., 2017) 82.66 51.64 41.64 
Our PAHPN3-ASPP 82.56 52.59 42.36 

 

Table 4-13 Comparison of per-class mean IoU accuracy (%) of PAHPN model and 

several benchmarking methods on LIP test dataset 

Models Hat Hair Glove Sunglasses 
SegNet (Badrinarayanan et al., 2015) 26.6 44.01 0.01 0 
FCN-8s (Long et al., 2015) 39.79 58.96 5.32 3.08 
Deeplab-LargeFOV (Chen et al., 2016) 53.62 62.26 22.63 20.79 
DeepLabV2 (Chen et al., 2017) 57.94 66.11 28.50 18.40 
Our PAHPN3-ASPP 55.56 63.94 22.71 18.56 
Models U-cloth Dress Coat Socks 
SegNet (Badrinarayanan et al., 2015) 34.46 0 15.97 3.59 
FCN-8s (Long et al., 2015) 49.08 12.36 26.82 15.66 
Deeplab-LargeFOV (Chen et al., 2016) 59.63  23.45  45.58  33.94  
DeepLabV2 (Chen et al., 2017) 60.94 23.17 47.03 34.51 
Our PAHPN3-ASPP 60.25  25.21  47.57  35.39  
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Models Pants Jumpsuit Scarf Skirt 
SegNet (Badrinarayanan et al., 2015) 33.56 0.01 0 0 
FCN-8s (Long et al., 2015) 49.41 6.48 0 2.16 
Deeplab-LargeFOV (Chen et al., 2016) 63.26  19.31  10.07  17.57  
DeepLabV2 (Chen et al., 2017) 64.00 22.38 14.29 18.74 
Our PAHPN3-ASPP 64.41   19.33   8.71   19.43  
Models Face l-arm r-arm L-leg 
SegNet (Badrinarayanan et al., 2015) 52.38 15.3 24.23 13.82 
FCN-8s (Long et al., 2015) 62.65 29.78 36.63 28.12 
Deeplab-LargeFOV (Chen et al., 2016) 66.62 47.39 50.15 38.99 
DeepLabV2 (Chen et al., 2017) 69.70 49.44 51.66 37.49 
Our PAHPN3-ASPP 68.27  50.13  53.33 43.69  
Models R-leg l-shoe r-shoe bkg 
SegNet (Badrinarayanan et al., 2015) 13.17 9.26 6.47 70.62 
FCN-8s (Long et al., 2015) 26.05 17.76 17.70 78.02 
Deeplab-LargeFOV (Chen et al., 2016) 34.84 29.12 30.18 82.61  
DeepLabV2 (Chen et al., 2017) 34.60 28.22 22.41 83.25 
Our PAHPN3-ASPP 41.74 32.80 33.52 82.66 

 

 

 
Figure 4-16 Qualitative result comparison: (a) input images, (b) parsing results of 

DeepLabv-LargeFOV, (c) parsing results of our PAHPN method, and (d) 

ground-truths. 

(a) (b) (c) (d) 
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4.4 Chapter Summary 

In this chapter, we proposed a novel part-attention based deep neural 

network for human parsing (PAHPN). We presented the network design using 

DeepLab as our building block. Our method can work on different building block 

models, and part parsing branches can also be introduced into models other than 

VGG-16, such as ResNet and PSPNet. Our experimental results show that our 

PAHPN model performs better than the part-detection based cascade of networks 

(PDHPC) proposed in Chapter 3, not only in terms of accuracy, but also memory 

and speed. Our method allows the flexible definition of part parsing branches. The 

definition of part parsing branches will affect the overall network performance. 

We will explore the best way of defining part parsing branches in our network as 

an extension of the current work. In addition, as the human parsing has no global 

information about the image, the parsing results still have many noises. 
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CHAPTER 5. Pose Estimation and 
Parsing Refinements 

 

5.1 Introduction 

In Chapters 3 and 4, two human parsing methods have been developed. 

With these methods, we can segment the clothing and body items on input human 

photos. As discussed, human parsing aims to label every pixel of input image with 

different classes, addressing very detailed information of the input images. 

However, since its prediction is on pixel level, it might not capture well the global 

information. In result, human parsing results often have many small noise regions, 

e.g. skirts and dress labels are both appeared on the same image.   

Besides, as reviewed in Chapter 2, there are two reasons for the rapid growth 

of researches on pose estimation in recent years: real-time detection and large 

improvement on prediction accuracy through deep neural networks (Wang et al., 

2011; Cao et al., 2017). Compared with human parsing or segmentation, pose gives 

better global information in the form of connecting joints. It is obvious that the 

correct location of human joints can guide us to locate corresponding body parts 

and thereof clothing items. For example, the nose joint, ear joints and eye joints 

should be on the face and around the hair. According to this principle, pixels close 

to these joints should belong to face or hair. If scatter pixels with labels other than 

face and hair are found, the predictions are likely incorrect and should be corrected. 
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We propose in this chapter a pose-guided refinement framework for human parsing, 

as shown in Figure 5-1.  

Given an input image, we first use human parsing methods proposed in 

Chapters 3 and 4 to obtain the probability score maps of pixel labels. For the same 

input image, we estimate the joint locations using OpenPose algorithm (Cao et al., 

2017). Next, a pose-guided optimization procedure is used to update the parsing 

result.  

 
Figure 5-1 Pose-guided optimization framework for human parsing 

The key contributions are summarized as follows: First, we define a pose 

mask for every parsing label, taking into account of the associations between 

parsing labels and human joints. Second, an updated algorithm is proposed based 

on the defined pose masks. Third, we also propose another updated algorithm to 

correct label confusions.  

We will first explain the concept of pose estimation and the deep neural 

network model selected for our application. Then, we will explain in details the 

three developments for the proposed pose-guided optimization. Lastly, we will 

evaluate such pose-guided refinement on ART and LIP datasets. 

Human 
parsing 

Pose 
estimation ~ ~-----

Pose-guided 
optimization 
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5.2 Pose Estimation 

Human 2D pose estimation is a typical computer vision problem that 

localizes anatomical key points or joints from input image or video, as shown in 

Figure 5-2. Typical approaches to 2D pose estimation problem include top-down 

and bottom-up ones.  

 

Figure 5-2 Output format of pose estimation 

We use a state-of-the-art pose estimation method - OpenPose (Cao et al., 

2017) - in our study, which follows a bottom-up approach. They developed a deep 

network architecture (Figure 5-3) that can learn parts detection and parts association 
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jointly, and realize the multi-person pose estimation in real time. Figure 5-2 shows 

the output label definitions of OpenPose model, which detects 26 body joints/parts, 

including Nose (0), Neck (1), Right Shoulder (2), Right Elbow (3), Right Wrist (4), 

Left Shoulder (5), Left Elbow (6), Left Wrist (7), Mid Hip (8), Right Hip (9), Right 

Knee (10), Right Ankle (11), Left Hip (12), Left Knee (13), Left Ankle (14), Right 

Eye (15), Left Eye (16), Right Ear (17), Left Ear (18), Left Big Toe (19), Left Small 

Toe (20), Left Heel (21), Right Big Toe (22), Right Small Toe (23), Right Heel (24), 

and Background (25).  

 
Figure 5-3 Overall pipeline of OpenPose (Cao et al., 2017) 

As illustrated in Figure 5-3, an input image of size ℎ × 𝑤𝑤 is firstly analysed 

by a network, which has the first 10 layers of VGG-19 net structure and being pre-

trained on ImageNet, generating a set of feature maps F as inputs to later sequential 

predictions by stages. The network has two branches at each stage: Branch 1 

predicts a set of confidence maps 𝐒𝐒 = {S1, … , S𝐽𝐽}  of parts/joints, where S𝑗𝑗 ∈

ℝℎ×𝑤𝑤, 𝑗𝑗 ∈ {1, … , 𝐽𝐽}; Branch 2 predicts a set of part affinity fields 𝐋𝐋 = {L1, … , L𝐶𝐶} 

each vector field L𝑐𝑐 ∈ ℝℎ×𝑤𝑤×2, 𝑐𝑐 ∈ {1, … ,𝐶𝐶} denotes the association of each part 

pair. 
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The architecture is defined to update the predictions of 𝐒𝐒𝑡𝑡  and 𝐋𝐋𝑡𝑡  by 

stages. The predictions of current stages is updated and refined using predictions of 

previous stage together with images features F as inputs. 

 𝐒𝐒𝑡𝑡 = 𝜌𝜌𝑡𝑡(𝐅𝐅, 𝐒𝐒𝑡𝑡−1,𝐋𝐋𝑡𝑡−1),∀𝑡𝑡 ≥ 2 (5-1a) 

 𝐋𝐋𝑡𝑡 = 𝜙𝜙𝑡𝑡(𝐅𝐅,𝐒𝐒𝑡𝑡−1,𝐋𝐋𝑡𝑡−1),∀𝑡𝑡 ≥ 2 (5-1b) 

where 𝜌𝜌𝑡𝑡 and 𝜙𝜙𝑡𝑡 are networks for inference at stage 𝑡𝑡 (see Figure 5-3); 𝐒𝐒1 =

𝜌𝜌𝑡𝑡(𝐅𝐅) and 𝐋𝐋1 = 𝜙𝜙𝑡𝑡(𝐅𝐅). 

The network architecture of OpenPose is complicated that two loss functions 

are applied at both branches at each stage 𝑡𝑡: 

 𝑓𝑓S𝑡𝑡 = ∑ ∑ 𝐖𝐖(𝑝𝑝)𝑝𝑝 ∙ �𝐒𝐒𝑗𝑗𝑡𝑡(𝑝𝑝) − 𝐒𝐒𝑗𝑗∗(𝑝𝑝)�
2

2𝐽𝐽
𝑗𝑗=1  (5-2a) 

 𝑓𝑓L𝑡𝑡 = ∑ ∑ 𝐖𝐖(𝑝𝑝)𝑝𝑝 ∙ ‖𝐋𝐋𝑐𝑐𝑡𝑡 (𝑝𝑝) − 𝐋𝐋𝑐𝑐∗ (𝑝𝑝)‖22𝐶𝐶
𝑐𝑐=1  (5-2b) 

where 𝐒𝐒𝑗𝑗∗  is the ground-truth part confidence map, 𝐋𝐋𝑐𝑐∗  is the ground-truth part 

affinity vector field, 𝐖𝐖 is the binary mask. 

The network has an overall objective function  

 𝑓𝑓 = ∑ (𝑓𝑓S𝑡𝑡 + 𝑓𝑓L𝑡𝑡)𝑇𝑇
𝑡𝑡=1  (5-3) 

The predictions are refined by stages. Finally, the confidence maps and 

affinity fields are used to infer greedy inference, and then get the 2D key points of 

all the people in an image. Research team of OpenPose combined a huge dataset 

with over 100,000 images for training. The significance of OpenPose is that they 

have largely improved the network efficiency and realised real-time predictions of 

multiple people from various types of input, including images and videos.  
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5.3 Pose-Guided Optimisation/Refinements 

5.3.1 Method overview 

In this chapter, we propose a pose-guided optimisation method for human 

parsing, as shown in Figure 5-4. To use the pose information for result refinement, 

we firstly need to address the issue that the predicted joints in pose estimation is not 

aligned with parsing annotations. Although part/joint annotations are not directly 

associated with clothes labels in human parsing, joints in fact indicate possible 

regions of clothing items in the images. For example, upper-clothing region may 

overlap with joints of neck, right shoulder, left shoulder, middle hip, right hip and 

left hip.  

 

Figure 5-4 Outline of pose guided optimization 

Based on fashion knowledge, we define a pose mask for each of the 18 labels 

of human parsing. Next, with the defined pose masks, we design an algorithm to 

Pose guided optimization 

Pose mask definition 

i 
Update of parsing results 

based on pose masks 

i 
Update of confusion labels 

using pose masks 
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update the parsing results based on pose estimation. Meantime, we develop another 

algorithm to further optimize the parsing results of confusion labels.  

 

5.3.2 Definition of pose masks 

Based on anatomical and fashion knowledge, we define for each parsing 

class label a set of joints that might be associated with, 𝐶𝐶 = {𝑐𝑐𝑗𝑗| 𝑗𝑗 ∈ [1,𝑃𝑃]}, where 

𝑐𝑐𝑗𝑗 is the heatmap of j-th joint and P is the number of joints/parts. Given an image 

I, pose estimation can give detail locations of joints. We can then define a joint area 

on the image as a circle centred at joint location with radius of 20 pixels. We can 

get a graph of adjacency relationship by connecting joints into joints pairs, named 

as joint configurations. For example, the region of left shoe is related to joints 13, 

14, 19, 20, and 21, and the related joint configurations include [13,14], [14,21], 

[14,19], [19,20]. Table 5- lists the joint configurations for different parsing class 

labels. Figure 5-5 shows some examples of joint configurations for different parsing 

class labels.  

Based on the defined joint configurations, we define pose marks using 

convex hull. Convex Hull is a concept in computational geometry (graphics). Its 

mathematical definition is: in a vector space V, for a given set X, the intersection S 

containing all convex sets of X is called convex hull for X. Based on pose estimation 

with known joint positions, we configure a pose mask with the same input size with 
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pixel label=1 for all the points inside this convex hull, and the rest with pixel label=0. 

Figure 5-6 shows some examples of pose mask for a given image. 

 

Table 5-1 Lists of joint configurations for each parsing class label 

Class labels Joint configurations/Joint pairs 

Hat (k=1) [0,15],[0,16],[15,17],[16,18] 

Hair (k=2) [15,16],[17,2],[18,5],[2,5],[17,18],[25,1],[26,15],[27,1

5],[28,2],[29,5],[28,29] 

Sunglasses (k=3) [15,16],[17,2],[18,5],[2,5],[17,18],[25,1],[26,15],[27,1

5],[28,2],[29,5],[28,29] 

Upper-clothing (k=4) [2,1],[1,5],[2,9],[5,12],[2,3],[5,6] 

Skirt (k=5) [9,12],[9,10],[9,11],[12,13],[13,14],[11,14] 

Pants (k=6) [9,12],[9,10],[9,11],[12,13],[13,14],[11,14] 

Dress (k=7) [2,1],[1,5],[8,9],[8,12],[9,10],[12,13],[2,3],[5,6] 

Belt (k=8) [2,1],[1,5],[2,9],[5,12],[2,3],[5,6] 

Left-shoe (k=9) [13,14],[14,21],[14,19],[19,20] 

Right-shoe (k=10) [10,11],[11,23],[11,24],[22,23] 

Face (k=11) [15,16],[17,2],[18,5],[2,5],[17,18],[25,1],[26,15],[27,1

5],[28,2],[29,5],[28,29] 

Left-leg (k=12) [12,13],[13,14] 

Right-leg (k=13) [9,10],[10,11] 

Left-arm (k=14) [5,6],[6,7] 

Right-arm (k=15) [2,3],[3,4] 

Scarf (k=17) [2,1],[1,5],[2,9],[5,12],[2,3],[5,6] 
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Face Pants Dress

Left leg Right leg Left Shoe Right shoeLeft arm

Right armUpper-clothing

 
Figure 5-5 Examples of related joint pairs for different parsing class labels 

 

Face Pants Dress Right armUpper-clothing

Left leg Right leg Left Shoe Right shoeLeft arm  

Figure 5-6 Examples of pose mask for different parsing class labels 

 

r.. r.. r.. r.. r.. 

l I I I I 
t i t i t i I ·t 
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5.3.3 Pose mask based update 

For each image 𝐼𝐼, we define a set of pose masks 𝑀𝑀𝑘𝑘, each corresponding 

to a parsing label 𝑘𝑘  (𝑘𝑘 = 1, … ,𝑁𝑁) . We can parse the image 𝐼𝐼  with trained 

networks proposed in Chapters 3 or 4, generating a parsing result. Based on the 

result, we generate another set of parsing masks 𝑃𝑃𝑘𝑘. For each parsing mask 𝑃𝑃𝑘𝑘, 

only pixels with label k in the parsing result are set with value 1, the rest are with 

pixel value 0. In general, corresponding parsing mask and pose mask for each label 

should overlap in most regions. For non-overlapped area, we will examine and 

update the label assignment accordingly.  

To update parsing labels, we assume pose estimation results (and pose 

masks thereof) are correct and carry more global context information. With less 

global context, parsing results may have noises of scattered pixels that are 

incorrectly classified with labels different from surrounding pixels. For label update, 

we first use clustering technique to partition each parsing mask 𝑃𝑃𝑘𝑘  into non-

connected regions, denoted as {𝑃𝑃𝑘𝑘𝑘𝑘|𝑙𝑙 = 1, … ,𝑝𝑝𝑘𝑘}, where 𝑝𝑝𝑘𝑘 is the number of non-

connected regions. For pixels in pose mask non-overlapping area, we update pixel 

label according to the maximum average probability of the pixels within that small 

non-connected region. 

To recap, parsing networks give feature scores of each pixel that belongs to 

different labels  (𝑘𝑘 = 1, … ,𝑁𝑁). These scores are normalised by softmax function 

(3-13) (page 57) to a probability between 0 and 1. Let 𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘 denote the probability 
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of pixel (𝑖𝑖, 𝑗𝑗) that belongs to 𝑘𝑘, the probability of non-connected region 𝑃𝑃𝑘𝑘𝑘𝑘 can 

be computed by: 

 S(𝑃𝑃𝑘𝑘𝑘𝑘) = ∑ ∑ 𝐼𝐼(𝑖𝑖, 𝑗𝑗)𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘𝑗𝑗𝑖𝑖   ∀(𝑖𝑖, 𝑗𝑗) ∈ 𝑃𝑃𝑘𝑘𝑘𝑘

 (5-4) 

where indication function 𝐼𝐼(𝑖𝑖, 𝑗𝑗) is non-zero when pixel (𝑖𝑖, 𝑗𝑗) is not background. 

The pose mask based label update algorithm is shown below. 

 

Algorithm 5-1: Pose-mask based update 

Input: Pose masks 𝑀𝑀𝑘𝑘 and the parsing masks 𝑃𝑃𝑘𝑘, 𝑧𝑧𝑘𝑘,𝑖𝑖,𝑗𝑗 parsing 

probability score of pixel (𝑖𝑖, 𝑗𝑗) belonging to different 
labels 𝑘𝑘 for all pixels 

For 𝑘𝑘 in [1,2, …,N]: 
   𝑃𝑃𝑘𝑘𝑘𝑘=Partition(𝑃𝑃𝑘𝑘) 
   For l in [1,2,…,pk]: 

      If 𝑃𝑃𝑘𝑘𝑘𝑘*𝑀𝑀𝑘𝑘==0: 
           temp=0 

           For 𝑘𝑘𝑙𝑙 in [1,2,…,N]: 
               𝑆𝑆(𝑃𝑃𝑘𝑘𝑘𝑘) = ∑ ∑ 𝐼𝐼(𝑖𝑖, 𝑗𝑗)𝑧𝑧𝑖𝑖,𝑗𝑗,𝑘𝑘∀(𝑖𝑖, 𝑗𝑗) ∈ 𝑃𝑃𝑘𝑘𝑘𝑘𝑗𝑗𝑖𝑖   

               If 𝑆𝑆(𝑃𝑃𝑘𝑘𝑘𝑘)>temp: 

                    update label 𝑘𝑘′ = arg max
𝑘𝑘
𝑆𝑆(𝑃𝑃𝑘𝑘𝑘𝑘) 

                    Temp = 𝑆𝑆(𝑃𝑃𝑘𝑘𝑘𝑘) 
          For non-zero pixels (i,j) within 𝑃𝑃𝑘𝑘𝑘𝑘 
                Update the pixel label to 𝑘𝑘′ 
Output: the parsing result after updating 

 

5.3.4 Update of confusion labels 

Since human parsing networks generate pixel-level predictions with limited 

global context, it may have label confusion errors that pixels are classified to a 
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different label that have similar feature/appearance with the surrounding pixels, 

while the two classes should not coexist with each other. For example, by common 

sense, people will not wear at the same time both skirt and dress. We propose an 

algorithm based on pose masks to address the label confusions between dress 

(parsing mask 𝑃𝑃7) and skirt (parsing mask 𝑃𝑃5). 

We determine whether update is required by checking whether the location 

of corresponding clothing label (parsing mask) is feasible or not. For example, skirts 

should never appear at upper body (location indicated by upper-clothing pose mask 

𝑀𝑀4), thus update is necessary. Again, assuming pose estimation is correct, we update 

the parsing results accordingly using the below algorithm.  

 

Algorithm 5-2: Label confusion update 

Input: Parsing result 𝑃𝑃5, 𝑃𝑃7 and 𝑀𝑀4 

If 𝑃𝑃7*𝑀𝑀4<>0 and 𝑃𝑃5*𝑀𝑀4==0: 

   Update the pixels in 𝑃𝑃5 to label 𝑘𝑘 =7   ! as dress 
If 𝑃𝑃7*𝑀𝑀4==0 and 𝑃𝑃5*𝑀𝑀4<>0: 

   Update the pixels in 𝑃𝑃7 to label 𝑘𝑘 =5   ! as skirt 
If 𝑃𝑃7*𝑀𝑀4<>0 and 𝑃𝑃5*𝑀𝑀4<>0:                    ! coexist 

  If the region of 𝑃𝑃7 > the region of 𝑃𝑃5: 
      Update the pixels in 𝑃𝑃5 to label 𝑘𝑘 =7 
  Else: 

For l in [1,2,..,𝑝𝑝5]: 
    If 𝑃𝑃5,1 * M4<>0: 

     Update non-zero pixels in 𝑃𝑃7,1 to label 𝑘𝑘 =4 !upper-cloth 
    Else: 

     Update non-zero pixels in 𝑃𝑃7,1 to label 𝑘𝑘 =5 !skirt 
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5.4 Experiment and Result Discussions 

Similar to Chapter 4, we conducted several experiments on ATR dataset and 

LIP dataset to demonstrate the effectiveness of the proposed pose-guided 

optimization. We use the best parsing model developed in Chapter 4 – PAHPN3 as 

our baseline model. We compare the results before and after updates with two 

update algorithms 5-1 and 5-2.  The evaluations are conducted based on the 

defined metrics of overall pixel accuracy, mean accuracy and mean IoU. 

5.4.1 Evaluation on ATR dataset 

Table 5- shows overall accuracy on the ATR valuation dataset. As shown, 

the mean IoU scores have minor improvements after pose-guided optimisation. 

Figure 5-7 shows two examples that parsing errors are corrected by the pose mask 

based updated algorithms. In the example of the first row, the upper-clothing should 

not appear on the right leg (see Figure 5-7(a)). The label of the region is revised to 

pants using update algorithm 5-1. In the example of the second row, the right-arm 

was incorrectly labelled as ‘left-arm’ and such error is updated by the algorithm. 

 

Table 5-2 Comparison of overall accuracy with or without pose guided optimisation 

on ATR test set 

Methods Pixel acc (%) Mean acc (%) Mean IoU (%) 

PAHPN3 93.84 72.54 61.99 

PAHPN3 + pose mask based 

update 
93.76 72.26 62.05 
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PAHPN3 + pose mask based 

update + confusion label update 
93.78 72.33 62.11 

 

 

Figure 5-7 Some examples of pose-guided update: (a) input images (b) parsing 

results of best PAHPN3 model (c) results after pose mask based update; 

(d) results after updating confusion labels; (e) ground-truths 

Table 5-3 show per-class performance of pose-guided update. After updating 

based on pose mask, the IoU scores of upper-clothing, skirt, dress, left-shoe, right-

shoe, left-arm, right-arm are increased, which demonstrates the effectiveness of the 

pose masks.  

Table 5-3 Comparison of per-class mean IoU accuracy (%) before and after pose-

guided update and label confusion update 

 Hat Hair S-gls U-cloth Skirt Pants 
Models k=1 k=2 k=3 k=4 k=5 k=6 
PAHPN3 65.711 74.478 52.420 72.753 57.205 69.161 
Pose mask based update 65.699 74.380 52.420 73.007 57.442 68.394 
Confusion labels update 65.699 74.380 52.420 73.043 57.782 68.481 
 Dress Belt L-shoe R-shoe Face L-leg 

(b) (c) (d) (e) 



129 

Models k=7 k=8 k=9 k=10 k=11 k=12 
PAHPN3 59.089 29.537 49.745 52.787 78.367 67.050 
Pose mask based update 59.668 29.554 50.647 53.456 78.367 66.626 
Confusion labels update 60.037 29.554 50.909 53.765 78.367 66.446 
 R-leg L-arm R-arm Bag Scarf Bkg 
Models k=13 k=14 k=15 k=16 k=17 k=0 
PAHPN3 65.770 68.419 67.929 59.251 29.472 96.592 
Pose mask based update 64.866 69.012 68.013 58.893 30.171 96.306 
Confusion labels update 64.621 69.043 68.013 58.893 30.171 96.319 

 

Also, as shown in Table 5-, the mean IoU scores of dress and skirt are both 

improved after label confusion update. In the example of the second row of Figure 

5-8, the pose mask based update algorithm cannot correct error, which can only be 

correctly updated using label confusion update algorithm.  

 

Figure 5-8 Other good examples of pose-guided update: (a) input images (b) parsing 

results of best PAHPN3 model; (c) results after pose mask based update; 

(d) results after updating confusion labels; (e) ground-truths 

(a) (b) (c) (d) (e) 
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After examining the per-class results, we found that the accuracies of left 

leg and right leg are both decreased. As shown in example of Figure 5-9, errors in 

pose estimation lead to false update. The incorrect pose mask for hair also causes 

false update. In the future, it is worthy to explore to integrate pose estimation and 

parsing in a network for end-to-end training. We will research the relationship 

between human parsing labels and pose estimation labels so as to define better pose 

masks. Some more examples of pose-guided update are given in Figure 5-10. 

 
Figure 5-9 Examples of false update: (a) input images; (b) parsing results of best 

PAHPN3 model; (c) results after pose mask based update; (e) results after 

updating confusion labels; (d) ground-truths; and (e) pose estimation 

result or pose mask 

(a) (b) (c) (d) (e) (I) 
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Figure 5-10 some more examples using updated algorithm based on pose estimation 

on ATR valuation dataset.  

(a) (b) (c) (d) (c) 
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5.4.2 Evaluation on LIP dataset 

Pose-guided optimization is also applied to test set of LIP dataset. Table 

5- compares the accuracy before and after the optimization. The optimization 

improves the mean IoU by 0.86%. According to the per-class IoU score comparison 

in Table 5-, the IoU values of most classes are improved. In particular, the mean 

IoU scores of left-leg and right-leg is increased by about 6%, and the mean IoU 

scores of left-shoe and right-shoe is also increased by about 4%, which 

demonstrates that parsing results are lack of global context. Some parsing results 

before and after pose-guided optimisation are illustrated in Figure 5-11.  

Table 5-4 Comparison of overall accuracy before and after pose-guided 

optimisation on LIP test dataset 

Methods Pixel acc (%) Mean acc (%) Mean IoU (%) 

PAHPN3 82.56 52.59 42.36 

PAHPN3 with optimisation 82.69 52.43 43.22 

 

Table 5-5 Comparison of per-class mean IoU accuracy (%) before and after pose-

guided optimisation on LIP test dataset. 

Models Hat Hair Glove Sunglasses 
PAHPN3  55.557   63.938   22.706   18.562  
PAHPN3 with optimisation  56.059   64.091   22.724   18.745  
Models U-cloth Dress Coat Socks 
PAHPN3  60.250   25.213   47.567   35.388  
PAHPN3 with optimisation  60.085   23.701   48.276   34.843  
Models Pants Jumpsuit Scarf Skirt 
PAHPN3  64.407   19.335   8.708   19.435  
PAHPN3 with optimisation  64.501   19.422   8.760   19.688  
Models Face l-arm r-arm L-leg 
PAHPN3  68.265   50.128   53.325   43.688  
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PAHPN3 with optimisation  68.424   50.466   52.169   49.050  
Models R-leg l-shoe r-shoe bkg 
PAHPN3  41.735   32.798   33.519   82.659  
PAHPN3 with optimisation  47.265   36.848   37.071   82.226  
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Figure 5-11 More examples of pose-guide optimisation on LIP test dataset. 
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5.5 Chapter Summary 

In this chapter, we have proposed a pose-guided optimization as a post-

processing step to update human parsing results. We built a pose mask for each 

parsing label using predicted joint locations. These pose masks determine the 

possible region of the corresponding labels. In general, pose mask and parsing mask 

should mostly overlap. If one region has not overlapped with the corresponding 

pose mask, we then have to propose a strategy to update the label. To solve label 

confusion errors, we have proposed another update strategy. We have demonstrated 

the effectiveness of our pose-guided optimisation using ATR and LIP dataset. 

Experiments show that pose estimation is beneficial to improve human parsing. 

However, as the optimization based on pose estimation is only a post-processing 

step, pose estimation error will also introduce errors to parsing results. So we will 

combine the human parsing and pose estimation in one network.  
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CHAPTER 6. EXTRACTING SIZE AND 

SHAPE INFORMATION FROM HUMAN 

PHOTOS – AN APPLICATION OF PARSE-

POSE BASED IMAGE UNDERSTANDING 
 

6.1 Introduction 

In chapter 3 and 4, two human parsing methods have been developed, and 

in Chapter 5, pose estimation is used to optimize the results of human parsing. In 

these methods, we segment the clothing and body items in human photos. With 

human parsing result, we can obtain the segmentation of human body shape easily, 

even from a complex image background. Based on human shape segmentation, a 

human body customization method (Zhou & Mok, 2015) is used to customize the 

human body model. Since the result of human shape segmentation has a great 

influence on the human body modeling, we must guarantee the validity of the 

human shape segmentation. Besides, the human body modeling requires the high 

resolution of human photos. To address the above issues, we propose a parse-pose 

based Grabcut human shape segmentation method that combines human parsing 

and pose estimation. The whole pipeline of our framework is shown in Figure 6-. 

In order to customize the human body model accurately, some specific requirements 

should be met in taking the 2D human photos. For the front-view image photo 

taking, subjects need to keep in a normal pose of standing straightly and with arms 

and legs opened in a small angle; but for side-view photo taking, subjects need to 

stand straightly with arms and legs closed. To capture more detailed body shape 

features, subjects are required to keep arms straight and neck exposed.  



137 

 

Figure 6-1 Overview of human body customization based on human image parsing 

 

6.2 Parse-Pose based Grabcut human shape 

segmentation 

From the results and discussions of previous Chapters for human parsing, 

we have known that the input images must be resized to a fixed small size (e.g. 

384x384) to use the human parsing neural network. After obtaining the parsing 

result, the resized input images can be restored to their original size using nearest 

neighbor interpolation. While in this resizing process, a lot of pixel information may 

be lost. Therefore, to reduce the data loss, we propose a Parese-Pose based grabcut 

human shape segmentation method to perform a careful segmentation on the 

original image. To do so, firstly, we use human parsing to obtain an initial human 

shape segmentation result. As pose estimation provides global information and 

some key joints for the human parsing, we then integrate the pose information for 

the generation of initial segmentation result. Then, based on the initial segmentation 

result, we use Grabcut (Rother et al. 2011) to segment the human shape again. The 

pipeline of our Parese-Pose based grabcut human shape segmentation architecture 

is shown in Figure 6-.  

 

Figure 6-2 The pipeline of our parse-Pose based Grabcut human shape segmentation 

architecture. 

Human body 
segm entation 

hape segmentation Humans 

Pose estimation 

Human model 
customization 

I 
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6.2.1 Combination of human parsing and pose estimation 

Given the parsing result, we can easily obtain the human shape by 

combining all parsing labels to one human shape label. For the pose estimation 

prediction, we used the similar method in Section 5.3.2, to construct a pose mask 

for human shape. The difference is that we use the graph generated by these related 

joints and skeletons as the pose mask of human shape, never computing the convex 

hull of this graph. As all human skeletons are related to the human shape, the pose 

mask for human shape consists of all human skeletons. An example of pose mask 

for human shape segmentation is shown in Figure 6-3.  

 

Figure 6-3 An example of pose mask for human shape segmentation on image. 

 

Now, let us denote the parsing result of the image as M and its pose mask as 

P, we merge the pixels with human body label and the pixels with human body label 

of M and P, the rest pixels are labelled as background, as the human parsing mask. 

The human shape mask S is computed by 

 Si,j= �
1             𝑀𝑀𝑖𝑖,𝑗𝑗 = 1 𝑜𝑜𝑜𝑜 𝑃𝑃𝑖𝑖,𝑗𝑗 = 1

  0           𝑀𝑀𝑖𝑖,𝑗𝑗 = 0 𝑎𝑎𝑎𝑎𝑎𝑎 𝑃𝑃𝑖𝑖,𝑗𝑗 = 0 (6-1) 
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Figure 6- shows an example of human shape mask before and after 

combining pose estimation. As is shown in Figure 6-, we can see that some missing 

pixels are found after the integration of pose information. 

 

Figure 6-4 An example of human shape segmentation result before and after 

combining pose information: (a) human shape mask without integration 

with pose; (b) human shape mask with integration with pose 

 

6.2.2 Grabcut refinement segmentation 

As human shape mask gives the pixels with human body label, which is 

equivalent to the possible foreground of segmentation. We use this human shape 

mask and adapt Grab-cut (Rother et al., 2004) to segment the human body. Grabcut 

is originally an interactive foreground extraction using iterated graph cut, which 

needs minimal user interaction to seed image. However, in this study, we use human 

parsing and pose estimation to replace the user interaction and generate the see 

image based on this human shape mask. Given this mask, we erode the foreground 

of mask within 5 neighborhoods as the exact foreground seed, shown as the light 

blue pixels of seed images in Figure 6-. The exact background seeds are obtained 

by eroding the inverse of the foreground mask within 10 neighborhoods, shown as 

the deep black pixels of seed images in Figure 6-. The pink pixels of seed images 

are regarded as the possible background seeds. Based on the seeds, we can segment 

the human shape using Grab-cut algorithm. An example is shown in Figure 6-6. 

 

(a) (b) 



140 

 

Figure 6-5 Seed images generated by human shape mask 

 

Figure 6-6 An example of seed image for Grabcut: (a) input image, (b) human shape 

segmentation, (c) human shape segmentation on the image 

 

Based on the refinement of human shape segmentation, we then extract raw 

contours of human shape through three steps as resampling, alignment and 

normalization. Figure 6-(b) and (c) show the parsing result and the raw contour after 

refining segmentation for the input image shown in Figure 6-(a). 

(a) (b) (c) 
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Figure 6-7 An example of human parsing and refined segmentation. 

 

6.3 From Human Shape Segmentation to Human 

Model Customization 

After obtaining raw contour of human shape from human photo, we use the 

algorithm proposed by Zhu and Mok, (2015) to predict the subject's under-the-cloth 

profiles from an under-the-cloth profile database (Zhu & Mok, 2015). The whole 

framework is shown in Figure 6-8; based on the human shape segmentation, we 

firstly use the algorithm proposed by Zhu and Mok, (2015) to predict the subject's 

under-the-cloth profiles from an under-the-cloth profile database (Zhu & Mok, 

2015), based on these profiles, a customized 3D shape representation is constructed 

(see Figure 6-8(e)), which drives the deformation of a template model into a 

customized shape. 

(a) (b) (c) (d) 
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Figure 6-8 Pipeline of the ASCHp (Mok and Zhu 2017). 

Figure 6-9(d) shows the under-the-clothes profile predicted for the input 

image Figure 6-9 (a). The individual’s 3D shape representation is shown in Figure 

6-9 (c) and the customized model by deforming a template is shown in Figure 6-9 

(d)).  
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Figure 6-9 The individual's 3D shape representation and customized human 

model 

6.4 Experiments and Discussions 

To evaluate the performance of our proposed Parse-Pose based method on 

the human modeling, we conduct a comprehensive experiment, which includes two 

parts, one part is for segmentation/detection accuracy using human parsing 

technology, and the other part is for the accuracy of customized models in 

comparison with the scanned model. 

6.4.1 Human parsing results of human photos 

We have collected 56 human photos which are taken with two standard 

poses and against cluttered complex background. To balance the accuracy and 

efficiency, we select the PAHPN3-ASPP model with input image size 513×513, which is 

trained in Chapter 4 to test the accuracy on human photos. The human parsing 

results are all image pixels in 18 labels. For the current human model customization 

application, the detailed clothing item labels are not required. Therefore, we keep 

(b) 

(d) 
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the labels for background, hair, face, left arm, and right arm, left shoe and right shoe, 

and combine other clothing items’ labels as one ‘body’. Then we use the detection 

rate of the segmentation to evaluate the performance of human parsing. 

Table 6-1 Correct segmentation of body parts against complex background 

Human parts Number of 

subjects 

Correct 

segmentation 

Detection 

rates 

Front view 

Hair 29 29 100% 

Face 29 29 100% 

Body 29 24 82.76% 

Left arm 29       24 82.76% 

Right arm 29 27 93.1% 

Left shoe 29 26 89.66% 

Right shoe 29 26 89.66% 

Side view 

Hair 29 29 100% 

Face 29 27 93.1% 

Body 29 20 79.31% 

Right arm 29 25 86.2% 

Right shoe 29 23 79.31% 
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Figure 6-10 some correct segmentation results of example photos with complex 

backgrounds 

We have examined some failure cases. From the segmentation of the image 

of Figure 6-11 (a), we can see that the left hand is missing and some items of the 

background is mistaken. In Figure 6-11 (b), face is missing and some region of 

' , ~ 
If \ 

J \-
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background is mistaken as right leg. In Figure 6-11 (c), both shoes and a part of 

body region are missing. In Figure 6-11 (d), right shoe is missing. However, by the 

method proposed in Chapter 5, we correct the segmentation of most errors. The 

refined segmentation using pose estimation is shown in Figure 6-. Based on pose 

estimation, we have designed a pose mask for each label. To remove the noises in 

the background, we use the method in Section 6.2.1 to compute the human shape 

mask and human shape segmentation. With this human shape mask, we can delete 

the regions which do not overlap with the human shape segmentation. Moreover, 

when any region is found missing, we then use the corresponding pose mask to 

update the label.  

 

Figure 6-11 some failure segmentation results for examples photos with complex 

backgrounds. 

(a) (b) 

Lj 
I
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Figure 6-12 The refined segmentation using pose estimation 

 

As is shown in Figure 6-, we can see that nearly all the errors are corrected 

through pose estimation. However, the hair region of Figure 6-11(b) is wrongly 

updated, which is caused by the lack of hair information of pose estimation. 

Therefore, pose estimation can be used to optimize the result of human parsing, but 

it cannot be replaced with human parsing. In addition, pose estimation never has the 

detail pixel information and does not have the information of hair, which is a very 

important part in customization modeling. For example, as is shown in Figure 6-, 

we can find that pose estimation cannot provide much information about the 

segmentation of hair, but human parsing handles this very well. Therefore, human 

parsing and pose estimation are both very important to human body segmentation. 

We can believe that many errors in the segmentation can be solved by the 

combination of human parsing and pose estimation.    

 

(a) (b) 

(c) (d) 
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Figure 6-13 An example of human parsing and pose estimation on a subject photo 

where the person is with scattered long hair: (a) input human photo (b) 

results of pose estimation (c) results of human parsing (d) results of 

human shape segmentation 

 

6.4.2 Human customization modeling results of human photos 

A total of 60 subjects including undergraduates and postgraduates and staff 

members of The Hong Kong Polytechnic University, were recruited for the 

experiment. For image processing, the front-view and side-view photographs of all 

60 subjects were taken in their normal clothing against a simple background in 

standard standing poses. Among the 60 subjects, 40 were randomly chosen to 

participate in the experiment for model customization, turning out to be 18 males 

and 22 females. These subjects covered a variety of body shapes according to their 

BMI classifications. The photographs of the 40 subjects were used to customize 3D 

human body models using ASCHa. The customized models were compared with 

the scanned models of the 40 subjects, which were acquired using Human Solutions 

Laser Scanner Vitus Smart XXL, locating in the laboratory of the Institute of 

Textiles and Clothing of the Hong Kong Polytechnic University. The scanned 

models served as the ground truth for the size measurements comparison.  
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6.4.2.1 Evaluation of the effectiveness of 3D model customization by 

ASCHp 

Customized models were created based on these 40 subjects’ photos in their 

own clothes from the front-view and side-view. Figure 6-14 and Figure 6-15 show 

some examples of customized models for male subjects and female subjects, 

respectively. In these figures, columns (a) and (e) are the front-view and side-view 

input images; columns (b) and (f) are the segmented raw contours overlain with 

computed under-the-clothes profiles in red; columns (c) and (g) are the customized 

models, which are compared against the corresponding scans shown in columns (d) 

and (h).  

 

Figure 6-14 Some customized model examples of female subjects (from ASCHp) 

 

(a) (b) (c) (d) (e) (I) (g) (h) 
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Figure 6-15  Some customized model examples of male subjects (from ASCHp) 

It is found that, in general, the raw contours were segmented accurately, 

except for the first male subject in Figure 6-15. The incomplete side-view raw 

contours of this case were probably because of the color similarity between the 

clothing and the background. Moreover, by comparing the customized models and 

the scans, we can conclude that the resulting customized models have similar shapes 

to the subjects in the images. However, it is important to note that it may not be 

possible to recover local shape characteristics from images if the body silhouette 

has been covered too much. For example, the second male subject of Figure 6-15, 

whose waist shape of the customized model is different from his scanned model due 

to his back waist was completely covered by his shirt in the side-view photo. 

Therefore, we will provide users with guidelines for suitable clothing to take 

photographs based on the different accuracy criteria of the customized models. 

Examples include wearing single-layer clothing and tidying up the clothing at the 

waist level before taking photos for more accurate customized models. 

-, i 
I \ I ', 

'' j l 

(a) (b) (c) (d) (e) (t) (g) (h) 
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We also examined the customization results for subjects with special body 

shapes. Some of the resulting models are shown in Figure 6-, in which the computed 

under-the-clothes profiles are overlain on the segmented raw contours. As shown, 

the under-the-clothes profiles closely follow the body silhouettes of the subjects in 

the input images, correctly projecting the detailed shape characteristics of the 

subjects, such as the shoulder slope, the curvature of the back, abdomen and hips. 

The customized models have a natural and realistic shape appearance, with correct 

global and local shape characteristics of the subjects. For the global shape 

characteristics, we refer to the overall shape and proportion of the resulting models, 

e.g. the leg/torso or waist/height ratio, both of which are similar to those of the 

scanned models. The local shape characteristics refer to local shape features of the 

customized models, such as the shoulder slope, back curvature and hip curvature. 

For example, the first (female) and the third (male) subjects have a flat shoulder 

slope, as shown in the front-view photos. The second (male) subject has a humpback. 

The customized models reveal the flat shoulder of the first (female) subject and the 

third (male) subject with reference to the front-view photos, and the humpback of 

the second (male) subject with reference to the side-view photo, and the distended 

bellies of the third and fourth (male) subjects with reference to the side-view photos. 

The ability to model the local shape characteristics of individuals is fundamentally 

important, especially for clothing-related applications. 
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Figure 6-16 Four examples of customized models with special body shapes 

 

6.4.2.2 Evaluation of the size accuracy of the ASHCp 

In order to evaluate the accuracy of the customized models, we extract 

important size measurements from both customized models and scanned models. 

Size accuracy is fundamentally important for clothing applications. A total of nine 

size measurements were extracted from all customized models, including chest/bust 

girth, waist girth, hip girth, maximum-thigh girth, knee girth, calf girth, neck-base 

girth, arm length and shoulder slope. These nine size measurements are selected 

because they are basic size information used in the clothing industry for defining 

the shape of an individual, covering different type of measurements such as girth, 

length, and slope. Figure 6-17 visualizes these nine size measurements on a 

customized model. 
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Figure 6-17 Indication of nine size measurements. 

Table 6-2 compares the measurements of the customized models and the 

scanned models for the 40 subjects.  

Neck Base 
Girth 

Waist 
Girth 

:\<lax Thigh 
Girth ------------------

Calf Gil-th ·---- ----------------

Shoulde,
Slope 

Bust/Chest 
Gitth 

-----------A,-m Length 

------------------ Knee Gil-th 
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Table 6-2 Size measurement comparison of the 40 subjects, presented in the format of scanned model size (cm)/ASCHp customized model 

size (cm) (difference, cm). 

Subject 
ID 

Chest/Bust 
girth 

Waist girth 
 

Hip girth 
 

Max thigh 
girth 

Knee girth Calf girth Neck base 
girth 

Arm length Shoulder 
slope 

M1 98.0/96.6 (-
1.4) 

81.1/80.1 (-
1.0) 

99.3/101.5 
(2.2) 

56.3/56.7 
(0.4) 

40.4/41.4 
(1.0) 

37.4/37.8 
(0.4) 

42.8/40.7 (-
2.1) 

64.4/64.8 
(0.4) 

21.0/21.4 
(0.4) 

M2 82.7/85.2 
(2.5) 

70.7/72.3 
(1.6) 

87.1/89.6 
(2.5) 

49.2/49.5 
(0.3) 

36.1/37.1 
(1.0) 

36.6/33.3 (-
3.3) 

38.0/40.0 
(2.0) 

59.1/60.3 
(1.2) 

24.7/26.1 
(1.4) 

M3 91.0/88.8 (-
2.2) 

71.7/73.4 
(1.7) 

95.2/93.8 (-
1.4) 

51.1/48.2 (-
2.9) 

36.1/35.1 (-
1.0) 

36.2/33.4 (-
2.8) 

49.9/41.0 (-
8.9) 

53.8/54.3 
(0.5) 

24.2/26.0 
(1.8) 

M4 96.2/93.3 (-
2.9) 

79.0/81.4 
(2.4) 

94.1/95.7 
(1.6) 

53.2/54.4 
(1.2) 

38.6/37.8 (-
0.8) 

38.1/36.9 (-
1.2) 

43.6/42.3 (-
1.3) 

58.1/60.6 
(2.5) 

20.9/22.3 
(1.4) 

M5 87.6/85.4 (-
2.2) 

69.5/68.0 (-
1.5) 

94.1/92.3 (-
1.8) 

57.6/56.7 (-
0.9) 

34.8/33.7 (-
1.1) 

33.7/30.8 (-
2.9) 

40.6/40.0 (-
0.6) 

52.9/53.6 
(0.7) 

19.5/21.0 
(1.5) 

M6 88.9/88.8 (-
0.1) 

73.6/72.6 (-
1.0) 

97.8/94.2 (-
3.6) 

50.0/48.5 (-
1.5) 

33.4/35.1 
(1.7) 

37.5/35.6 (-
1.9) 

41.6/43.9 
(2.3) 

61.1/62.6 
(1.5) 

20.9/22.3 
(1.4) 

M7 95.9/93.6 (-
2.3) 

76.4/77.6 
(1.2) 

98.1/98.2 
(0.1) 

57.2/55.7 (-
1.5) 

37.5/37.5 
(0.0) 

36.7/34.9 (-
1.8) 

41.1/40.9 (-
0.2) 

55.7/56.7 
(1.0) 

31.2/29.2 (-
2.0) 

M8 87.4/87.9 
(0.5) 

70.8/72.2 
(1.4) 

90.4/93.2 
(2.8) 

52.0/51.7 (-
0.3) 

35.8/32.9 (-
2.9) 

35.8/33.5 (-
2.3) 

40.1/40.6 
(0.5) 

56.1/56.3 
(0.2) 

26.1/26.9 
(0.8) 

M9 92.0/90.9 (-
1.1) 

78.0/76.5 (-
1.5) 

95.9/94.0 (-
1.9) 

53.0/52.3 (-
0.7) 

38.0/37.1 (-
0.9) 

35.5/34.2 (-
1.3) 

50.0/49.8 (-
0.2) 

58.5/59.4 
(0.9) 

27.9/26.4 (-
1.5) 

M10 91.2/90.6 (-
0.6) 

73.8/74.4 
(0.6) 

93.4/93.8 
(0.4) 

51.8/51.1 (-
0.7) 

37.1/37.8 
(0.7) 

35.8/35.8 
(0.0) 

47.4/48.5 
(1.1) 

57.4/57.8 
(0.4) 

23.4/24.5 
(1.1) 

M11 92.9/93.0 
(0.1) 

82.9/83.2 
(0.3) 

97.0/97.5 
(0.5) 

52.5/53.5 
(1.0) 

38.0/37.2 (-
0.8) 

36.1/35.0 (-
1.1) 

47.8/46.9 (-
0.9) 

54.0/54.2 
(0.2) 

29.5/28.9 (-
0.6) 

M12 87.6/88.4 
(0.8) 

75.2/75.1 (-
0.1) 

92.6/93.1 
(0.5) 

51.7/51.2 (-
0.5) 

37.0/36.8 (-
0.2) 

35.0/35.3 
(0.3) 

46.4/45.9 (-
0.5) 

54.0/53.7 (-
0.3) 

23.5/22.7 (-
0.8) 

M13 91.5/91.1 (-
0.4) 

78.2/80.2 
(2.0) 

94.0/95.3 
(1.3) 

54.0/52.6 (-
1.4) 

37.6/38.6 
(1.0) 

35.7/36.6 
(0.9) 

48.6/49.0 
(0.4) 

56.4/57.0 
(0.6) 

21.5/23.3 
(1.8) 
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Table 6-2. Size measurement comparison of the 40 subjects, presented in the format of scanned model size (cm)/ASCHp customized model size (cm) 

(difference, cm). (continued) 
Subject 

ID 
Chest/Bust 

girth 
Waist girth 

 
Hip girth 

 
Max thigh 

girth 
Knee girth Calf girth Neck base 

girth 
Arm length Shoulder 

slope 
M14 97.3/98.1 

(0.8) 
92.7/93.8 

(1.1) 
101.4/103.0 

(1.6) 
60.0/61.0 

(1.0) 
40.3/41.0 

(0.7) 
40.1/40.8 

(0.7) 
46.2/47.4 

(1.2) 
50.1/51.0 

(0.9) 
25.5/25.8 

(0.3) 
M15 92.6/93.5 

(0.9) 
81.2/82.1 

(0.9) 
96.2/97.1 

(0.9) 
53.4/54.0 

(0.6) 
38.1/38.4 

(0.3) 
36.1/36.3 

(0.2) 
48.7/49.2 

(0.5) 
58.0/58.4 

(0.4) 
25.8/26.6 

(0.8) 
M16 91.7/91.3 (-

0.4) 
82.5/83.5 

(1.0) 
96.9/95.2 (-

1.7) 
54.6/53.9 (-

0.7) 
37.1/37.8 

(0.7) 
36.9/37.2 

(0.3) 
47.9/47.6 (-

0.3) 
52.0/52.7 

(0.7) 
27.5/28.6 

(1.1) 
M17 95.3/95.9 

(0.6) 
82.3/80.5 (-

1.8) 
97.7/98.1 

(0.4) 
55.8/56.4 

(0.6) 
37.4/37.9 

(0.5) 
37.6/37.9 

(0.3) 
48.3/48.6 

(0.3) 
56.7/56.2 (-

0.5) 
28.4/29.2 

(0.8) 
M18 91.4/90.0 (-

1.4) 
77.2/76.3 (-

0.9) 
89.9/91.4 

(1.5) 
51.2/51.8 

(0.6) 
36.5/37.2 

(0.7) 
33.6/33.9 

(0.3) 
47.2/48.1 

(0.9) 
55.1/55.4 

(0.3) 
28.5/29.0 

(0.5) 
F1 81.9/83.2 

(1.3) 
66.0/67.3 

(1.3) 
91.7/91.8 

(0.1) 
53.6/51.3 (-

2.3) 
36.1/38.7 

(2.6) 
34.1/34.6 

(0.5) 
43.8/42.8 (-

1.0) 
54.8/53.7 (-

1.1) 
27.9/29.6 

(1.7) 
F2 75.2/77.7 

(2.5) 
59.8/60.9 

(1.1) 
81.3/84.5 

(3.2) 
43.7/44.3 

(0.6) 
31.4/31.9 

(0.5) 
29.9/30.6 

(0.7) 
34.8/34.8 

(0.0) 
48.1/49.0 

(0.9) 
27.1/27.7 

(0.6) 
F3 83.6/80.6 (-

3.0) 
71.9/71.2 (-

0.7) 
93.0/90.9 (-

2.1) 
51.6/52.5 

(0.9) 
33.6/34.5 

(0.9) 
34.8/33.6 (-

1.2) 
35.3/37.4 

(2.1) 
50.2/50.5 

(0.3) 
24.0/23.5 (-

0.5) 
F4 88.0/89.1 

(1.1) 
75.8/75.7 (-

0.1) 
94.0/95.6 

(1.6) 
52.4/51.2 (-

1.2) 
33.4/33.8 

(0.4) 
38.7/36.6 (-

2.1) 
42.0/40.7 (-

1.3) 
57.2/56.8 (-

0.4) 
23.8/25.1 

(1.3) 
F5 85.4/87.9 

(2.5) 
73.8/75.3 

(1.5) 
96.9/97.5 

(0.6) 
60.6/59.0 (-

1.6) 
37.4/38.5 

(1.1) 
38.5/38.8 

(0.3) 
39.3/40.3 

(1.0) 
55.1/56.3 

(1.2) 
25.5/25.6 

(0.1) 
F6 93.6/91.3 (-

2.3) 
80.3/81.1 

(0.8) 
98.2/95.7 (-

2.5) 
56.9/58.4 

(1.5) 
38.3/40.2 

(1.9) 
37.8/36.7 (-

1.1) 
40.7/38.5 (-

2.2) 
49.0/48.1 (-

0.9) 
28.1/26.6 (-

1.5) 
F7 83.1/84.0 

(0.9) 
68.2/70.7 

(2.5) 
92.8/94.6 

(1.8) 
51.4/51.9 

(0.5) 
36.3/36.0 (-

0.3) 
33.1/34.3 

(1.2) 
38.1/37.8 (-

0.3) 
51.1/52.3 

(1.2) 
24.1/26.3 

(2.2) 
F8 84.8/86.4 

(1.6) 
70.3/72.7 

(2.4) 
101.1/98.7 (-

2.4) 
58.7/57.0 (-

1.7) 
40.2/38.3 (-

1.9) 
35.6/35.3 (-

0.3) 
37.3/38.4 

(1.1) 
51.8/52.7 

(0.9) 
26.7/26.0 (-

0.7) 
F9 91.2/88.3 (-

2.9) 
71.5/73.8 

(2.3) 
97.6/93.7 (-

3.9) 
55.6/52.7 (-

2.9) 
35.1/35.6 

(0.5) 
35.9/34.9 (-

1.0) 
37.5/36.5 (-

1.0) 
52.8/53.0 

(0.2) 
22.9/23.1 

(0.2) 
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Table 6-2. Size measurement comparison of the 40 subjects, presented in the format of scanned model size (cm)/ASCHp customized model size (cm) 

(difference, cm). (continued) 
Subject 

ID 
Chest/Bust 

girth 
Waist girth 

 
Hip girth 

 
Max thigh 

girth 
Knee girth Calf girth Neck base 

girth 
Arm length Shoulder 

slope 
F10 85.2/82.4 (-

2.8) 
69.5/70.1 

(0.6) 
87.6/90.0 

(2.4) 
52.3/52.2 (-

0.1) 
36.0/35.2 (-

0.8) 
34.9/33.2 (-

1.7) 
36.1/37.9 

(1.8) 
52.6/51.9 (-

0.7) 
23.0/24.6 

(1.6) 
F11 83.2/81.3 (-

1.9) 
64.3/66.3 

(2.0) 
91.5/91.7 

(0.2) 
51.5/50.7 (-

0.8) 
36.2/35.7 (-

0.5) 
34.3/32.8 (-

1.5) 
38.7/39.9 

(1.2) 
57.0/56.5 (-

0.5) 
24.1/23.3 (-

0.8) 
F12 81.5/84.3 

(2.8) 
63.0/64.7 

(1.7) 
89.1/92.7 

(3.6) 
49.3/50.6 

(1.3) 
33.8/36.0 

(2.2) 
33.8/32.0 (-

1.8) 
37.2/39.1 

(1.9) 
55.0/55.0 

(0.0) 
24.4/25.6 

(1.2) 
F13 95.2/92.8 (-

2.4) 
72.2/73.0 

(0.8) 
96.4/98.5 

(2.1) 
55.3/55.8 

(0.5) 
37.5/35.2 (-

2.3) 
35.2/34.9 (-

0.3) 
39.5/40.4 

(0.9) 
55.7/57.1 

(1.4) 
27.2/26.9 (-

0.3) 
F14 81.8/80.9 (-

0.9) 
71.1/72.6 

(1.5) 
91.7/93.4 

(1.7) 
50.8/51.2 

(0.4) 
34.9/37.6 

(2.7) 
34.7/33.6 (-

1.1) 
39.3/38.2 (-

1.1) 
51.6/52.0 

(0.4) 
24.6/25.4 

(0.8) 
F15 103.5/101.7 

(-1.8) 
83.1/84.2 

(1.1) 
102.7/99.7 (-

3.0) 
61.2/62.4 

(1.2) 
41.8/39.6 (-

2.2) 
40.6/38.7 (-

1.9) 
38.8/39.3 

(0.5) 
55.6/56.1 

(0.5) 
25.8/26.5 

(0.7) 
F16 85.8/88.2 

(2.4) 
63.3/65.6 

(2.3) 
90.1/93.3 

(3.2) 
51.3/49.7 (-

1.6) 
36.8/35.7 (-

1.1) 
34.8/31.8 (-

3.0) 
38.1/39.2 

(1.1) 
59.3/57.9 (-

1.4) 
23.2/24.5 

(1.3) 
F17 83.6/83.1 (-

0.5) 
71.7/73.1 

(1.4) 
92.5/92.2 (-

0.3) 
49.5/46.5 (-

3.0) 
34.3/34.4 

(0.1) 
33.0/32.7 (-

0.3) 
34.5/36.1 

(1.6) 
53.5/54.0 

(0.5) 
29.5/29.1 (-

0.4) 
F18 82.6/83.8 

(1.2) 
66.7/68.4 

(1.7) 
92.6/91.9 (-

0.7) 
54.9/53.5 (-

1.4) 
35.7/35.6 (-

0.1) 
34.3/34.7 

(0.4) 
35.1/36.6 

(1.5) 
52.1/53.4 

(1.3) 
26.2/28.6 

(2.4) 
F19 79.5/75.5 (-

4.0) 
65.7/67.8 

(2.1) 
88.7/89.4 

(0.7) 
47.5/46.9 (-

0.6) 
34.0/34.0 

(0.0) 
34.0/32.2 (-

1.8) 
38.0/36.1 (-

1.9) 
50.5/51.1 

(0.6) 
23.7/25.5 

(1.8) 
F20 93.9/91.3 (-

2.6) 
71.7/73.1 

(1.4) 
94.8/93.6 (-

1.2) 
53.1/52.0 (-

1.1) 
36.2/36.1 (-

0.1) 
35.9/33.9 (-

2.0) 
37.0/39.1 

(2.1) 
51.7/52.0 

(0.3) 
21.7/23.6 

(1.9) 
F21 84.4/83.7 (-

0.7) 
63.2/65.4 

(2.2) 
85.2/85.2 

(0.0) 
46.9/49.6 

(2.7) 
34.9/33.6 (-

1.3) 
30.6/30.6 

(0.0) 
37.3/39.1 

(1.8) 
53.5/53.7 

(0.2) 
27.7/29.3 

(1.6) 
F22 94.0/92.0 (-

2.0) 
83.5/84.7 

(1.2) 
97.2/99.6 

(2.4) 
57.7/56.9 (-

0.8) 
40.8/39.0 (-

1.8) 
40.6/39.2 (-

1.4) 
38.2/40.4 

(2.2) 
49.5/49.3 (-

0.2) 
21.1/22.7 

(1.6) 
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Table 6-3 Measurement deviations (standard deviation) in centimeter/degree 

[percentage of deviation] 

Measurements Male 

Mean(SD) / [%] 

Female 

Mean(SD) / [%] 

All 

Mean(SD) / [%] 

Bust/chest girth 1.2(0.9) cm / 

[1.3(1.0)] 

2.0(0.9) cm / 

[2.3(1.1)] 

1.6(1.0) cm / 

[1.9(1.2)] 

Waist girth 1.2(0.6) cm / 

[1.6(0.8)] 

1.5(0.7) cm / 

[2.2(1.0)] 

1.4(0.6) cm / 

[1.9(1.0)] 

Hip girth 1.5(0.9) cm / 

[1.6(1.0)] 

1.8(1.2) cm / 

[1.9(1.3)] 

1.7(1.1) cm / 

[1.8(1.2)] 

Max-thigh girth 0.9(0.6) cm / 

[1.7(1.2)] 

1.3(0.8) cm / 

[2.5(1.6)] 

1.1(0.8) cm / 

[2.1(1.5)] 

Knee girth 0.9(0.6) cm / 

[2.4(1.8)] 

1.1(0.9) cm / 

[3.1(2.4)] 

1.0(0.8) cm / 

[2.8(2.2)] 

Calf girth 1.2(1.0) cm / 

[3.4(2.9)] 

1.2(0.8) cm / 

[3.3(2.1)] 

1.2(0.9) cm / 

[3.3(2.5)] 

Neck base girth 1.0(0.7) cm / 

[2.2(1.7)] 

1.3(0.6) cm / 

[3.6(1.7)] 

1.2(0.7) cm / 

[2.9(1.8)] 

Arm length 0.7(0.6) cm / 

[1.3(1.0)] 

0.7(0.4) cm / 

[1.3(0.8)] 

0.7(0.5) cm / 

[1.3(0.9)] 

Shoulder slope 1.1°(0.5°) / 

[4.6(2.3)] 

1.1°(0.7°) / 

[4.6(2.8)] 

1.1° (0.6°) / 

[4.6(2.6)] 

 

Table 6-3 shows the mean value and standard deviation of the absolute 

differences between the customized models and the scanned models, in these size 

measurements as well as in percentage. The difference of most size measurements 

is less than 5%. 
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6.5 Chapter Summary  

In this chapter, we proposed a parse-pose based Grabcut human shape 

segmentation to obtain the fine-grained segmentation of human shape for human 

photos, and then used the method proposed by Zhu and Mok (2015) to customize 

the human model and extract the size measurements. The experiment has shown 

that the detection rates of different body parts are all nearly or over 80% for images 

with complex backgrounds and most of these errors can be corrected using pose 

estimation by the method mentioned in Chapter 5. Also, the experiment 

demonstrated the importance of human parsing and pose estimation on the 

segmentation on human photos. Based on human parsing and pose estimation, we 

have a refined segmentation by Grab-Cut algorithm to obtain detailed raw contour. 

Next, Under-the-clothes profiles of the subject were computed using the raw 

contour. A 3D shape representation of the subject has been constructed from the 

computed under-the-clothes profiles, and this shape representation drives the 

deformation of a template model into a customized shape.  

A systematic experiment has been conducted to evaluate the effectiveness 

of our proposed Paring-Pose based Grabcut human shape segmentation on the 

application of customization modeling. The experimental results show that both the 

size and overall shape accuracy of the resulting models are close to the ground truths. 

The size measurements critical to the clothing industry have less than 3% difference 

with the scanned models, satisfying the size tolerance of the clothing industry. In 

conclusion, based on Parse-Pose image understanding, we can effectively extract 

accurate size and shape information using orthogonal-view images.  
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 UNDERSTANDING FASHION 

INFORMATION FROM HUMAN IMAGES – 

A PARSE-POSE BASED FRAMEWORK 
 

7.1 Introduction 

As discussed in Chapter 1, the aim of our study is to understand the contents 

of human images, including the subject’s information like body shape & sizes and 

fashion information of the clothing being worn by the person as well as the clothing 

category and attributes. As discussed in Chapter 6, we obtain subjects’ shape and 

size information from images using a parse-pose based approach to localise human 

from the image background.  

Other than size and shape information of the subject, it is interesting to 

extract information about the subject, such as gender, age, clothing style from 

fashion images. For example, Levi and Hassner (2015) used deep convolutional 

neural networks to recognize age and gender from face images. Liu et al. (2015) 

proposed a deep learning framework to predict facial attributes from images in the 

wild. Veit et al. (2017) used a Siamese convolutional network architecture to learn 

visual features from clothing styles.  

In this chapter, we focus on learning fashion content from human images, 

including recognising the cloth types presented, the category and fine-grained 

attributes of these presented fashion items. The learned contents have diverse 

applications, e.g. labelling fashion images, clothing retrieval, mining useful 

contents of user preferences or even for fashion recommendation. Clothing 

recognition have some unique challenges. As clothing items are soft and do not have 

a fixed form, understanding the content of clothing items from images is 

challenging due to possible deformation and occlusion. It therefore always requires 

CHAPTER 7. 
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correct localisation of clothing regions in input images. There are mainly three 

classes of method to estimate clothing location: pose estimation (Chen et al., 2012), 

clothing parsing (Yamaguchi et al., 2012; 2013; Arbelaez et al., 2011; Simo-Serra 

et al., 2014) and clothing detection (Bossard et al., 2012; Eichner et al., 2012).  

Based on human parsing and pose estimation methods developed in 

Chapters 3 to 5, we propose in this chapter a complete pipeline framework for 

understanding fashion contents from human photos. To recognise information of 

fashion items from images, we found the publicly available dataset cannot server 

our particular purpose. Therefore, we develop our own fashion image dataset by 

crawling images from several online stores.  

With this dataset, we develop a framework to recognise category 

information and fine-grained attributes of all the clothing items presented on the 

input image, as is shown in Figure 7-1. Firstly, we train a classifier to classify 

different input image types. Secondly, we use human parsing and pose estimation 

to localise the regions of clothing items presented in the image. Thirdly, a category 

classification model is trained to classify the category of each detected clothing item. 

Fourthly, clothing attribute classifiers are trained to recognize, based on the 

category prediction, fine-grained attributes of the clothing. Finally, with the correct 

localisation of clothing items, fashion contents including colour features, texture 

features and fine-grained attribute deep features are extracted from images.  

 

Figure 7-1 Framework of understanding fashion contents from images  

We will first explain the dataset prepared for this study in Section 7.2. And 

then we will explain the development and experimental evaluation of different 
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classification models on the proposed framework one by one, including image type 

classifier in Section 7.3, category classifier in Section 7.5, fine-grain attribute 

classifiers in Section 7.6, respectively. Before category and attribute classification, 

we need to localise clothing items on the images, which is explained in Section 7.4. 

With classified category and attributes, we will explain the extraction of fashion 

contents from the localised fashion items, and verify the effectiveness by 

conducting an experiment. This will be reported in Section 7.7. Lastly, as a 

comparison, we propose and discuss the effectiveness in Section 7.8 a category and 

attribute classification method if the parse-pose based localisation strategy is not 

available.  

As discussed, a number of deep neural network models are developed and 

trained in this chapter for clothing classification/recognition. We are changing from 

previous focus on parsing or segmentation models (Chapters 3 and 4) to 

classification problems in this chapter. We believe these models will support 

applications like product retrieval and fashion recommendations. The contributions 

are summarised as follows: 

• Proposal of a complete framework for understanding fashion 

information; 

• A new dataset of fashion images with categories and attributes 

information are prepared using knowledge of the fashion industry; 

• Development of a series of deep neural network classification models 

for different purposes, including image type classification, clothing 

category classification and fine-grain attribute recognition; 

• Methods for fashion item localisation and feature extraction; 

• Systematic experiment verification for the effectiveness of the proposed 

framework 
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7.2 Fashion Image Dataset 

Most of the image classification dataset publicly available are not focused 

on fashion. Such as the DeepFashion (Liu et al., 2016) is a database with 800,000 

fashion images in 50 categories. However, we find these categories may not fit our 

use as the categorisation are not structured in hierarchy of levels. We therefore 

develop our own dataset in this study. 

 

7.2.1 Data collection 

Data used in this Chapter were crawled from online shopping websites, 

including ZALORA, H&M, ASOS and UNIQLO. A total of 158,211 products were 

crawled from these websites, including 626,516 product images. Apart from 

product images, we also obtained different product information, including product 

category, brand, gender, price, and description.  

 

7.2.2 Data cleaning and reclassification 

The product description and category information from different websites 

are neither consistent nor complete. We define a new taxonomy structure to 

reclassify and unify the category and subcategories (also named fine-grained 

attributes hereafter) of the fashion products. We then did a lot of data cleaning and 

match fashion images with correct labels. To guarantee the quantity of data, we only 

select the images which can be recognised by human eyes. 

A total of 158,845 images for fashion items are used for model training and 

experiment in this study. The categories and fine-grain attributes classes are shown 

in later relevant sections. 
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7.3 Image Type Classification Method 

The 158,845 product images crawled from online shopping websites have 

different views or natures. We firstly train an image type classification model to 

classify the image type before further processing and analysis. We train a 

convolutional neural network to classify product images into four types: product-

only, local-view, total-look and details, as shown in Figure 7-2. These images show 

the clothes from different views. For example, product-only images are fashion 

items not being worn by people in the images, which are for analysing clothing 

features. Local-view images show the effect of clothes while people wearing it, and 

we should remove other backgrounds before analysis; total-look images shows the 

matching effect of different items on the person, which is useful for analysing 

clothing coordination; details images shows zoomed view of some clothing details, 

so they allow the study of detailed texture information.  

 

Figure 7-2 Model overview for image type classification 
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Table 7-1 shows the number and percentage of images of each class of image types 

in the dataset.  

Table 7-1 Number of images in each image type 

Image type Number of images (percentage) 

Details 28,848 (18.2%) 

Total-look 24,255 (15.3%) 

Local-view 52,249 (32.9%) 

Product-only 53,493 (33.7%) 

Total 158,845  

 

7.3.2 Classifier design 

For image type classification, we use VGG-16 net proposed by Simonyan 

and Zisserman (2014). The PDHPC and PAHPN networks developed in Chapters 3 

and 4 also use VGG-16 net as baseline model, according to which we made a few 

changes for parsing. For classification, we develop the classifier throughVGG-16 

net design using Caffe library, and we only change the channels of the final fully-

connected layer to the number of classes. The over-all structure of VGG-16 network 

is shown in Figure 7-3, which includes 13 convolutional layers, 5 pooling layers, 3 

fully connected layers and a soft-max layer.  

 

Figure 7-3 Overall structure of VGG-16 network for image type classification 
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7.3.2.1 Fully connected layer 

The fully connected layer is used to the classifier feature representation. The output 

of the fully connected layer is computed as: 

 𝐹𝐹(𝑥𝑥,𝑊𝑊) = 𝑊𝑊𝑥𝑥 (7-1) 

where 𝑥𝑥 is the vector computed feature from the last layer and 𝑊𝑊 is the learned 

weights. 

 

7.3.2.2 Detailed parameters 

The detailed configuration of image type classification network is listed in 

Table 7-2. Compared to configuration of the FCN-8s neural network in Table 3-1 

on page 55 and DeepLab- in Table 4-2 on page 94, the type classification network 

has 3 fully connected layers.  

Table 7-2 The detailed configuration of image type classification network 

Layer Name Type 
kernel size/ 
stride 

Weights output size 

conv1-1 
Convolution + 
ReLU  

3x3/1 64x3x3x3 224x224x64 

conv1-2 
Convolution + 
ReLU  

3x3/1 64x64x3x3 224x224x64 

pool1 Maxpool 2x2/2  112x112x64 

conv2-1 
Convolution + 
ReLU  

3x3/1 128x64x3x3 
112x112x12
8 

conv2-2 
Convolution + 
ReLU  

3x3/1 128x128x3x3 
112x112x12
8 

pool2 Maxpool 2x2/2  56x56x128 

conv3-1 
Convolution + 
ReLU  

3x3/1 256x128x3x3 56x56x256 

conv3-2 
Convolution + 
ReLU  

3x3/1 256x256x3x3 56x56x256 

conv3-3 
Convolution + 
ReLU  

3x3/1 256x256x3x3 56x56x256 

pool3 Maxpool 2x2/2  28x28x256 

conv4-1 
Convolution + 
ReLU  

3x3/1 512x256x3x3 28x28x512 
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conv4-2 
Convolution + 
ReLU  

3x3/1 512x512x3x3 28x28x512 

conv4-3 
Convolution + 
ReLU  

3x3/1 512x512x3x3 28x28x512 

pool4 Maxpool 2x2/2  14x14x512 

conv5-1 
Convolution + 
ReLU  

3x3/1 512x512x3x3 14x14x512 

conv5-2 
Convolution + 
ReLU  

3x3/1 512x512x3x3 14x14x512 

conv5-3 
Convolution + 
ReLU  

3x3/1 512x512x3x3 14x14x512 

pool5 Maxpool 2x2/2  7x7x512 
fc1 Full-connected  4096x25088 4096x1 
fc2 Full-connected  4096x4096 4096x1 
fc3 Full-connected  4x4096 4x1 
Output Soft-max   4x1 

  
Total 
weights 

134,229,376  

 

7.3.2.3 Loss function 

We adopt the Cross-Entropy Loss for the classifier. Let 𝑦𝑦� be the outputs of 

classification network and 𝑦𝑦  be ground-truth label, the Cross-Entropy Loss is 

defined as: 

 𝐿𝐿(𝑦𝑦, 𝑦𝑦�,𝑚𝑚) = −∑ 𝑦𝑦𝑐𝑐 log(𝑦𝑦�𝑐𝑐)𝑚𝑚
𝑐𝑐=1  (7-2) 

where 𝑚𝑚 is number of classes, which m=4 for image type classification.  

 

7.3.3 Configuration and Implementation Details 

7.3.3.1 Data set partitioning and pre-processing 

We train the image type classifier with defined image dataset (Table 7-1). 

The dataset is split into three sets: 70% for training, 10% for validation, and 20% 

for testing. For image classification, the training data is augmented using the same 

augmentation method as training PDHPC, except that the cropping is totally random, 

in which input images are first resized so that the shorter side is 256 (rescaled 
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training set). The training images are randomly translated, and/or flipped and 

cropped to 224×224. The training set is largely increased by a factor of 2048 

(Krizhevsky, et al., 2012) 

Table 7-3 Dataset partitioning and preprocessing for image-type classification 

Dataset  Image type dataset No. of images 

 Training data (70%) 111,191 

 Validation data (10%) 15,885 

 Test data (20%) 31,769 

 Total 158,845 

Pre-processing: - Subtracting mean RGB value of ImageNet 

training set  

 

 - Augmentation by mirror and random cropping   

 - All resizing to 224x224 with crops  

 

7.3.3.2 Training details 

We also trained the network by fine-tuning weights pre-trained on ImageNet 

dataset with a mini-batch stochastic gradient descent with a momentum of 0.9, and 

weight decay of 0.0005. The batch size was set to 100. The initial learning rate was 

set to 0.01 and then decreased by a factor of 10 when validation set accuracy stopped 

improving. The final model was trained for 30 epochs on GPU GTX 1080Ti. The 

training parameters setup for image type classifier is listed in Table 7-4. 

Table 7-4 Training parameter setup for image type classification network 

Setup Parameters/details 

Weight initialisation Parameters trained on ImageNet dataset 

Optimizer Stochastic gradient descent (SGD) 

Momentum 0.9 

Weight decay 0.0005 
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Initial learning rate 0.01 

Batch size 100 image per batch 

Number of epochs 30 

 

7.3.3.3 Evaluation metrics  

Evaluation metrics used to assess the performance of the network are based 

on the confusion matrix, which shows the difference between the predictions and 

ground truths. Table 7-5 is an example of confusion matrix for a two-class 

classification problem, the rows (positive/negative) represent the actual value, and 

the columns (true/false) represent whether the prediction is true or false. Confusion 

matrix can provide detailed information on the classification results, and it also 

highlights the classes where the predictions are confused. 

 

Table 7-5 Example of a confusion matrix 

  Predictions 

  True False 

Ground-truths 
Positive TP FP 

Negative TN FN 

 

Based on the confusion matrix, we can define classification accuracy as 

follows: 

 Acc = TP+TN
TP+TN+FP+FN

 (7-3) 

 

7.2.3.4 Experimental results and discussions  

We evaluate the classification performance in this section. We compute the 

total accuracy of model of each epoch on validation dataset and choose the model 

with the highest accuracy as the best model. The accuracy of the model on the 
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validation dataset is 96.25%, and per class accuracy is shown in Table 7-6.  

Table 7-6 Accuracy of image type classification on validation set and test set 

Image type Validation set Acc (%) Test set Acc (%) 
Details 93.28 93.37 
Total-look 93.52 92.93 
Local-view 97.63 97.61 
Product-
only 

98.90 98.83 

Overall  96.25 96.04 

After training, we evaluate this best model on test set. The average accuracy 

on the test data is 96.03%, and per-class accuracy values are compared against that 

of validation set in Table 7-6. As shown, the accuracy values of all image types on 

test data are more than 95%. The accuracy values of local-view and product-only 

image are nearly 98% and 99%, respectively, which are both very high. Figure 7-4 

shows some examples of image type classification.  
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Figure 7-4 Examples of image type classification: predicted labels (red) and ground-

truths (blue) 

To find out the reason why the accuracy values of total-look and details 

images are relatively low, we compute the confusion matrix, which is shown in 

Figure 7-5. Figure 7-5 also shows that some local-view images are mistakenly 

classified as details images or total-look images. A person wearing dress is easily 

confused as total-look image, and the product-only images occupy most of the 

image are easily mistaken for details image. For human eyes, sometimes it is even 

not easy to distinguish the differences, especially on the local-view images where 
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the person is wearing a long dress and the clothing region almost occupy the whole 

image. 

 

Figure 7-5 Confusion matrix of image types classification using the best model 
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In our proposed framework (Figure 7-1), both human parsing and pose 
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items presented on the input images. To localise clothing item regions, we use 

trained PAHPN3 model developed in Chapter 4 to inference parse result from an 
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pixels into different labels including fashion items.  

 

Figure 7-6 An example of localization of fashion items using human parsing: (a) 

Input image, (b) Parsing result, (c) Definition of bounding box (blue) and 

localised region (red), (d) Localised clothing item regions on the parsing 

result, and (e) Localised clothing item regions on the input image 

From the parsing result, we can easily obtain the tight rectangle bounding 

box that contains all pixels with certain clothing label. Let the bounding box be 

denoted as [xs, ys, xt, yt], where (xs, ys) and (xt, yt) is respective the location of 

starting point and ending point of the bounding box. To make the bounding box 

contain the clothing item as much as possible, we enlarge the bounding box by 20% 

as the final clothing region. Each fashion item regions can be cropped from the 

image. Figure 7-6(e) shows fashion item regions identified using human parsing 

results for an input image. 

Since parsing result may contain some noises, we define a scheme to tackle 

this: When the number of pixels is more than a defined threshold value for that label, 

we then assume the localised region is valid. The threshold value is computed based 

on mean area ratio (mAR) calculated using the ground-truths of ART image data for 

particular label 𝑘𝑘. 

 mAR𝑘𝑘 = area of pixels with label k
entire image area

 (7-4) 

We compute and show in Table 7-7 the mAR for all parsing labels of fashion 

items using ATR image dataset. Give an image I, the threshold 𝜃𝜃𝑘𝑘 for the k-th label 

can be computed by 

(a) (b) Cc) 
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 θ𝑘𝑘 = 𝑊𝑊 ∗ 𝐻𝐻 ∗mAR𝑘𝑘 ∗ 𝑝𝑝 (7-5) 

where 𝑊𝑊  and 𝐻𝐻  are the width and height of image I, respectively, and 𝑝𝑝  is a 

percentage ratio. We set 𝑝𝑝 = 10%, meaning that if pixel area for a clothing item is 

less than 10% of mean area of that label, it will be ignored and not localised. 

Table 7-7 Mean proportion of the image for each clothing item on entire ATR 

dataset 

Clothing item labels Mean area ratio (mAR) 

Hat 0.0126 

S-gls 0.0027 

U-cloth 0.0843 

Skirt 0.0638 

Pants 0.0565 

Dress 0.1024 

Belt 0.0049 

L-shoe 0.0065 

R-shoe 0.0065 

Bag 0.0231 

Scarf 0.0309 

 

7.4.2 Pose estimation for clothing region localization 

In addition to human parsing, we also use pose estimator of OpenPose (Cao 

et al., 2017) to localise clothing regions from input images, based on detected 2D 

locations of human joints. We propose some algorithms to define the regions of 

upper clothing, bottom clothing, full-body clothing, glasses and shoes. As discussed 

in Section 5.2, the pose estimator is able to predict the location of 25 (24+1) joints 

(see Figure 5-2 on page 117). We defined the relationship between joint/part labels 

and parsing class labels in Table 5-1 of Chapter 5. As an example, we use these 
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relationships to localise regions for upper clothing, bottom clothing and shoes in 

below subsections. 

 

7.4.2.1 Upper clothing localisation 

As shown in Table 5-1, upper-clothing is mainly related to joint/part 

locations of right-shoulder, right-hip, right-elbow, right-hand, left-shoulder, left-hip, 

left-elbow, left-hand, denoted as (xrshoulder, yrshoulder) ,  �xrhip, yrhip� , 

(xrelbow, yrelbow) , (xrhand, yrhand) , (xlshoulder, ylshoulder) ,  �xlhip, ylhip� , 

(xlelbow, ylelbow) and (xlhand, ylhand), respectively. If the human image is a front 

view and the above 8 joints are not missing, we compute the bounding box contains 

the upper clothing Bupper = �xs
upper, ys

upper, xt
upper, yt

upper� using the formula: 

 xs
upper = min�xrshoulder, xrhip, xrelbow, xrhand� − r (7-6a) 

 xt
upper = max�xlshoulder, xlhip, xlelbow, xlhand� + r (7-6b) 

 ys
upper = 

min�yrshoulder, yrhip, yrelbow, yrhand,ylshoulder, ylhip, ylelbow, ylhand� − r (7-7a) 

 yt
upper = 

max�yrshoulder, yrhip, yrelbow, yrhand,ylshoulder, ylhip, ylelbow, ylhand� + r (7-7b) 

where 𝑟𝑟 is the relaxation width and is computed by  

 r = (yt
upper − ys

upper)/3 (7-8) 

relaxation width r is used to offset the location of joints to the border of body shape. 

However, some joints may be missing sometimes and we need to use the location 

of existing joints to estimate the bounding box by the torso information. For 

example, only (xrshould, yrshoulder)  and (xrhip, yrhip)  exits, then we estimate 

xt
upper using xs

upper and r, which is computed by 

 xt
upper = xs

upper + 3r+r (7-9) 
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The algorithm of upper clothing localisation is shown below. 

 

Algorithm 5-1: Upper clothing localisation 

Inputs: (xrshoulder,yrshoulder),  �xrhip,yrhip�, (xrelbow,yrelbow), (xrhand,yrhand), 
(xlshoulder,ylshoulder) ,  �xlhip,ylhip� , (xlelbow,ylelbow) ,  (xlhand,ylhand) 
and the width and height of image w and h. 

Output: Bupper = �xs
upper, ys

upper, xt
upper, yt

upper� 

If ( ylshoulder  or yrshoulder)  exists and any of 

�yrhand, ylhand, yrhip, ylhip, yleblow, yreblow� exists: 
    ys

upper = max(ylshoulder, yrshoulder) 
    yt

upper = max�yrhand, ylhand, yrhip, ylhip, yleblow, yreblow� 
    if yrhip or ylhip exists: 

        r =  max�yrhip,ylhip�−max(ylshoulder ,yrshoulder)
3

 

    else: 

        r =  yshoe−yhip
3

 

    if  xrshoulder < xlshoulder: 
        xr =  �xrshoulder, xrelbow, xrhand, xrhip� 
        xl =  �xlshoulder, xlelbow, xlhand, xlhip� 
    else: 

        xl =  �xrshoulder, xrelbow, xrhand, xrhip� 
        xr =  �xlshoulder, xlelbow, xlhand, xlhip� 

if none joint in xr exists and any joint in xl exists: 
        xt

upper = max(xl) 
        xs

upper = xt
upper − 3r 

   if any joint in xr exists and none joint in xl exists: 
             xs

upper = min (xr) 
             xt

upper = xs
upper + 3r  

     else: 

        xs
upper =  0 

       xt
upper =  w 

       ys
upper =  0 

       yt
upper =  h 

xs
upper = max�0, xs

upper − r� 
xt

upper = min�w, xt
upper + r� 

ys
upper = max�0, ys

upper − r� 
yt

upper = min�h, yt
upper + r� 
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7.4.2.2 Bottom clothing localisation 

As shown in Table 5-1, bottom-clothing is mainly related to part/joint 

locations of right-knee, right-hip, right-shoe, left-knee, left-hip, left-shoe, denoted 

as (xrknee, yrknee), (xrhip, yrhip), (xrshoe, yrshoe), (xlknee, ylknee), �xlhip, ylhip� 

and (xlshoe, ylshoe), respectively. If the human image is front view and the above 6 

joints are not missing, we compute the bounding box contains the bottom clothing 

Bbottom = �xs
bottom, ys

bottom, xt
bottom, yt

bottom� using the formula: 

 xs
bottom = min�xrknee,xrhip,xrshoe� − r (7-10a) 

 xt
bottom = max�xlknee,xlhip,xlshoe� + r (7-10b) 

 ys
bottom = min �ylknee,ylhip,ylshoe,yrknee,yrhip,yrshoe� − r (7-11a) 

 yt
bottom = max �ylknee,ylhip,ylshoe,yrknee,yrhip,yrshoe� + r (7-11b) 

where  

 r = (yt
bottom − ys

bottom)/3 (7-12) 

Similar to upper clothing localisation, considering the conditions of missing joints, 

the algorithm of bottom clothing localisation is shown below: 

 

Algorithm 5-2: Bottom clothing localisation 

Input:

 

(xrknee, yrknee), �xrhip, yrhip�, (xrshoe, yrshoe), (xlknee, ylknee), �xlhip, ylhip� 
(xlshoe, ylshoe) and the width and height of image w and 
h. 

Output: Bbottom = �xs
bottom, ys

bottom, xt
bottom, yt

bottom� 

if ( ylhip and yrhip  exists) and any joint of 

(yrknee, ylknee, yrshoe, ylshoe) exists: 
   ys

bottom  =  max(ylhip, yrhip) 
   yt

bottom  =  max(yrknee, ylknee, yrshoe, ylshoe) 
   if yrkneeor ylknee exists: 

        r = yt
bottom– ys

bottom

3
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   else: 

        r = yt
bottom– ys

bottom

6
 

   if any of �xrhip, xrknee, xrshoe� exists and any of �xlhip, xlknee, xlshoe� 
exists: 

       xs
bottom = min�xrhip, xrknee, xrshoe� 

       xt
bottom = max�xlhip, xlknee, xlshoe� 

   elseif none of �xrhip, xrknee, xrshoe�  exists and any of 

�xlhip, xlknee, xlshoe� exists: 
        xt

bottom = max�xlhip, xlknee, xlshoe� 
        xs

bottom =   xtbottom– 3r  
   elseif any of �xrhip, xrknee, xrshoe�  exists and none of 

�xlhip, xlknee, xlshoe� exists: 
       xs

bottom = min�xrhip, xrknee, xrshoe� 

       xt
bottom =  xs

bottom + 3r 
else: 

   xs
bottom =  0 

    xt
bottom =  w 

   ys
bottom =  0 

   yt
bottom =  h 

xs
bottom = max�0, xs

bottom − r� 
xt

bottom = min�w, xt
bottom + r� 

ys
bottom = max�0, ys

bottom − r� 
yt

bottom = min�h, yt
bottom + r� 

 

 

7.4.2.3 Shoes localisation 

Shoes are mainly related part/joint location of right ankle, right big toe, right 

small toe, right heel, left big toe, left small toe, left heel, right knee and left knee, 

denoted as (xrangle, yrangle) , (xrbtoe, yrbtoe) , (xrstoe, yrstoe) , (xrstoe, yrstoe) , 

(xrheel, yrheel) , (xlangle, ylangle) , (xlbtoe, ylbtoe) , (xlstoe, ylstoe) , 

(xlstoe, ylstoe),(xlheel, ylheel),(xrknee, yrknee), (xlknee, ylknee). The computation of 

shoes localization requires the exist of at least one joint among right ankle, right big 

toe, right small toe, right heel, big toe, left big toe, left small toe, left heel, right 

knee and left knee. The bounding box of shoes Bshoes =

�xs
shoes, ys

shoes, xt
shoes, yt

shoes� is computed using the below algorithm: 
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Algorithm 5-3: Shoes localisation 

Input: (xrangle, yrangle) , (xrbtoe, yrbtoe) , (xrstoe, yrstoe) , (xrstoe, yrstoe) , 
(xrheel, yrheel) , (xlshoe, ylshoe) , (xlbtoe, ylbtoe) , (xlstoe, ylstoe) , 
(xlstoe, ylstoe), (xlheel, ylheel), (xrknee, yrknee), (xlknee, ylknee) and 
the width and height of image w and h. 

Outputs: Bshoes = �xs
shoes, ys

shoes, xt
shoes, yt

shoes� 

ys
shoes = min(yrknee, ylknee) 

yt
shoes = max�yrshoe,yrbtoe,yrstoe,yrheel,ylshoe,ylbtoe,ylstoe,ylheel� 

r = (yt
shoes − ys

shoes)/3 

xs
shoes = min�xrknee,xlknee,xrangle,xlangle,xrbtoe,xlbtoe,xrstoe,xlstoe,xrheel,xlheel� 

xt
shoes = xs

shoes + ℎ 

Bshoes = [min (xs
shoes, 0), max (𝑤𝑤, xt

shoes), min (ys
shoes, 0), max (ℎ, yt

shoes)] 

 

Figure 7-7 shows some results of localising fashion items using human parsing and 

pose estimation. 
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Figure 7-7 Some clothing localisation results: (a) Input images (b) parsing results, (c) 

regions localised by parsing, (d) pose estimation results, and (e) regions 

localised by pose estimation 

(a) (b) lC) (d) (e) 
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7.5 Clothing Category Classification Method 

By localising regions of all clothing items presented on an input image, we 

next design and train a classifier to recognise the clothing category of each 

identified clothing item. The single classifier can handle different types of image 

input, regardless total-look, local view or product-only. 

 

 

Figure 7-8 Model overview for clothing category recognition 

 

7.5.1 Clothing category class labels and data size 

As discussed in Section 7.2, the image data we crawled from online 

shopping websites includes different image types, among which details images are 

not suitable for category recognition. We clean clothing images using the image 

type model trained in Section 7.3 and only keep product-only, local-view and total-

look images for training clothing category classifier.  

The dataset for category classification includes a total of 129,997 clothing 

images. In the new taxonomy structure of fashion items, we defined 15 clothing 

categories, including 2 categories of full-body clothing (black), 5 categories of 

upper clothing (blue), 4 categories of bottom clothing (red), and 4 categories of 

IMG-TYP 
Q classifier 

IJ 
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Locallsat1on 
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Dresses 
Overalls 
Tops 
Tanks & Camisoles 
T-Shirts 
Shirts 
Outerwear 
Shorts 
Pants & Trousers 
Skirts 
Jeans 
Bags & Wallets 
Shoes 
Belts 
Sunglasses & Glasses 
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accessories (green). The number of images in each category under different image 

types are listed in Table 7-8 and shown in Figure 7-9.  

 

Table 7-8 Number of images of each fashion category in different image types 

Category Total-look 
Local-
view 

Product-only Total 

Dresses 9,134 13,612 4,410 27,156 
Overalls 1,088 1,050 411 2,549 
Tops 851 2,333 669 3,853 
Tanks & Camisoles 1,374 3,991 1,548 6,913 
T-Shirts 3,207 9,542 3,789 16,538 
Shirts 1,096 3,418 1,172 5,686 
Outerwear 2,347 5,672 1,753 9,772 
Shorts 940 356 936 2,232 
Pants & Trousers 1,422 3,640 1,085 6,147 
Skirts 1,631 3,040 897 5,568 
Jeans 661 2,047 529 3,237 
Bags & Wallets 407 467 17,817 18,691 
Shoes 97 3,081 17,163 20,341 
Belts 0 0 54 54 
Sunglasses & Glasses 0 0 1,260 1,260 
Total 24,255 52,249 53,493 129,997 
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Figure 7-9 Number of images of each clothing category. 

 

7.5.2 Classifier design  

Similar to image type classification, we train a deep neural network for 

clothing category recognition. Instead of using VGG-net, we use residual network 

(ResNets) proposed by He et al. (2015) for category classification. Compared with 

VGG net, ResNet allows deeper network structure, and the deepest ResNet has 152 

layers (He et al., 2015). For clothing category classification, we use ResNet 

structure with 50 layers (ResNet-50), as shown in Figure 7-10. ResNet introduces 

some new features/operations in the network design, including batch normalization 

layers residual blocks, and average pooling. The operation of average pooling layer 

is similar to that of max pooling (Equation 3-7 and Equation 3-8), and the only 

difference is to replace max operation with average operation. We explain batch 

normalization and residual block in detail below. 

 

Figure 7-10 Structure of ResNet50 for clothing category classification 

7.5.2.1 Batch normalization layer 

Covariate shift (Shimodaria, 2000) is a common phenomenon in deep neural 

16 Residual Blocks 
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networks training, it happens when the input distribution to the learning system 

changes. The layer’s input distribution changes continuously during training 

process. In a network structure, later layers not only adapt to their own changing 

input distribution, but also those of early layers. Accordingly, a small learning rate 

should be adopted and the network parameters should be carefully initialised.  

Ioffe and Szegedy (2016) proposed a batch normalization - a data 

normalization method based on mini-batch statistics to improve numerical stability. 

Batch normalization (BN) can be applied to any activation (for a certain layer of the 

network) over a batch of input 𝑥𝑥 = (𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑑𝑑): 

 y�i = 𝐵𝐵𝐵𝐵(𝑥𝑥�𝑖𝑖, 𝛾𝛾,𝛽𝛽) = 𝛾𝛾𝑥𝑥�𝑖𝑖 + 𝛽𝛽 (7-13) 

where is 𝛾𝛾 and 𝛽𝛽 are the parameters to be learned, and 𝑥𝑥�𝑖𝑖 is the normalised 𝑥𝑥𝑖𝑖, 

that is 

 x�i = 𝑥𝑥𝑖𝑖−𝐸𝐸[𝑥𝑥𝑖𝑖]
�𝑉𝑉𝑉𝑉𝑉𝑉[𝑥𝑥𝑖𝑖]

 (7-14a) 

where 

 𝐸𝐸[𝑥𝑥𝑖𝑖] = 1
𝑑𝑑
∑ 𝑥𝑥𝑖𝑖𝑑𝑑
𝑖𝑖=1  (7-14b) 

and 

 𝑉𝑉𝑉𝑉𝑟𝑟[𝑥𝑥𝑖𝑖] = 1
𝑑𝑑
∑ (𝑥𝑥𝑖𝑖 − 𝐸𝐸[𝑥𝑥𝑖𝑖])2𝑑𝑑
𝑖𝑖=1  (7-14c) 

BN enables a higher learning rate and can lower the restriction on 

parameters initialisation. ResNet applies BN after convolution in the network 

design (Figure 7-10), and the use of mini-batch normalisation regulates the model 

and improves training efficiency. 

 

7.5.2.2 Residual blocks 

The design of ResNet was motivated to solve the degradation problem of 

deep networks by residual learning (He et al., 2015). Degradation means with the 

increasing depth of the network, accuracy is surprisingly not improved instead of 

getting saturated and then degrades rapidly. Increasing the depth of the networks 
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implies more weights and biases, thus training the network becomes very difficult, 

causing more training errors. Inspired by residual learning, ResNet introduces 

residual block in the network design. The concept of residual blocks is illustrated in 

Figure 7-11.  

In Figure 7-11(a), 𝐻𝐻(𝑥𝑥) denotes the output of a nonlinear mapping for a 

stacked nonlinear layer from input 𝑥𝑥. For residual block in Figure 7-11(b), we add 

a shortcut connection directly from input 𝑥𝑥  to the desired output of nonlinear 

mapping of the stacked layers 𝐹𝐹(𝑥𝑥), and then pass through Rectified Linear Unit 

(ReLU). The final output of the residual block is 𝐻𝐻(𝑥𝑥), i.e. 

 𝐻𝐻(𝑥𝑥) = 𝐹𝐹(𝑥𝑥) + 𝑥𝑥 (7-15) 

By adding shortcut connection, we enable important information in the 

previous layer to be carried to the next layers. Therefore, the desired nonlinear 

mapping 𝐹𝐹(𝑥𝑥) is a residual function with the following representation: 

 𝐹𝐹(𝑥𝑥) ≔ 𝐻𝐻(𝑥𝑥) − 𝑥𝑥 (7-16) 

The learning of residual function 𝐹𝐹(𝑥𝑥) is much easier than directly 𝐻𝐻(𝑥𝑥). 

The shortcut connection in (7-15) introduces neither extra parameters nor 

computation complexity. With residual blocks, a deeper model can have training 

error not greater than its shallower counterpart. 

 

Figure 7-11 (a) Normal plain network; (b) Residual block with identity shortcut; and 

(c) Residual bock with projection shortcut. 
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When the upper layer is pooling layer or the number of filters changes, the 

channels of output will also change. To solve this problem, as shown in Figure 

7-11(c), projection shortcut − a linear projection 𝑊𝑊𝑠𝑠  is used to match the 

dimensions: 

 𝐻𝐻(𝑥𝑥) = 𝐹𝐹(𝑥𝑥) + Ws𝑥𝑥 (7-17) 

 

7.5.2.3 Detailed parameters 

Table 7-9 shows the detail configuration of each layer of the network, 

including the kernel size and filter number. As shown in Table 7-9, ResNet50 

network also uses the 3x3 convolution, which is similar to VGG net. But ResNet 

uses many 1x1 convolution to reduce and increase dimensions, which reduces the 

channels of input and output and is beneficial to reduce the parameters. Although 

ResNet-50 has 54 layers, the parameters are about 25 million, which is much less 

than that of VGG-16 with about 138 million parameters.  

Table 7-9 Detail parameters of category classification 

Layer 
Name 

Type Times Kernel 
size/stride 

filter 
num. 

output size  

conv1-1 Convolution + BN + ReLU  7x7/2 64 112x112x64 
pool1 Max Pool 

 
3x3/2 64 56x56x64 

res2_x Convolution + BN + ReLU 
Convolution + BN + ReLU 
Convolution + BN 

3 1x1 
3x3 
1x1 

64 
64 
256 

56x56xc 

res3_x Convolution + BN + ReLU 
Convolution + BN + ReLU 
Convolution + BN 

4 1x1 
3x3 
1x1 

128 
128 
512 

28x28xc 

res4_x Convolution + BN + ReLU 
Convolution + BN + ReLU 
Convolution + BN 

6 1x1 
3x3 
1x1 

256 
256 
1024 

14x14xc 

res5_x Convolution + BN + ReLU 
Convolution + BN + ReLU 
Convolution + BN 

3 1x1 
3x3 
1x1 

512 
512 
2048 

7x7xc 

pool2 Average Pool 
 

7x7  1x2048 
fc Fully connected 

  
 15x2048 
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Score Soft-max 
  

 15x2048 

 

7.5.2.4 Loss function 

We use Cross-Entropy Loss for category classification. The computation of 

Cross-Entropy Loss is shown in Equation 7-2.  

 

7.5.3 Clothing classification for total-look images 

 

Figure 7-12 Workflow of clothing category recognition from total-look images 

 

With trained category classifier (Figure 7-8), we can recognize the category 

information from fashion images. For product-only and local-view images, these 

images can directly be input into the model for clothing category classification.  

For total-look images, we propose a framework to recognise all the category 

information of all clothing items, as shown in Figure 7-12. And we will use human 

parsing and pose estimation to localize all the clothing items in the image and crop 

the clothing region out. The cropped regions are input to the classifier to recognise 

the clothing category information. For a clothing item, we may obtain two clothing 

images localised from original input, one from human parsing and the other one 

from pose estimation, generating two respective results. The two results are input 

to a combination module to output the final category prediction. 

We respectively denote the output category score from localization using 

human parsing and pose estimation as 𝑆𝑆ℎ = 𝑠𝑠ℎ1 , … , 𝑠𝑠ℎ𝑚𝑚  and 𝑆𝑆𝑝𝑝 = 𝑠𝑠𝑝𝑝1 , … , 𝑠𝑠𝑝𝑝𝑚𝑚  . 
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Given 𝑆𝑆ℎ and 𝑆𝑆𝑝𝑝, we find the category ℎ∗ and 𝑝𝑝∗ with the maximum score 𝑠𝑠ℎ𝑖𝑖 

and 𝑠𝑠𝑝𝑝𝑖𝑖, that is 

 ℎ∗ = arg max(𝑆𝑆ℎ)
ℎ𝑖𝑖

 (7-18a) 

 𝑝𝑝∗ = arg max(𝑆𝑆𝑝𝑝)
𝑝𝑝𝑖𝑖

 (7-18b) 

By comparing 𝑠𝑠ℎ∗ and 𝑠𝑠𝑝𝑝∗, we use the label with largest score as the final 

prediction. 

 

7.5.4 Experiment and result discussions 

7.5.4.1 Training details 

To train the network, we also partition the dataset for training, valuation and 

testing, like what we did for training image type classification. For total-look 

images in the training set, we localise the regions of interest by the methods 

described in Section 7.4 and add these product-only and local-view images as the 

dataset for training. The same data pre-processing are done before training. Table 

7-10 shows the partitioning and pre-processing setting for category classification. 

Table 7-10 Dataset partitioning and preprocessing for clothing category 

classification 

Dataset  Clothing category dataset No. of images 

 Training data (70%) 90998 

 Validation data (10%) 12999 

 Test data (20%) 26000 

 Total 129997 

Pre-processing: - Localization using human parsing and pose 

estimation for total-look images (training set) 

- Augmentation by mirror and random cropping 

 

 - Subtracting mean RGB value of training data  



188 

 - All resizing to 224x224 with crop  

 

Table 7-11 Training parameter setup for clothing category classification network 

Setup Parameters/details 

Weight initialisation Parameters trained on ImageNet dataset 

Optimizer Stochastic gradient descent (SGD) 

Momentum 0.9 

Weight decay 0.0005 

Learning rate 0.01 

Batch size 100 image per batch 

Number of epochs 100 

 

We built the clothing category classifier (ResNet-50) model using pytorch 

library. The model was trained with min-batch stochastic gradient descent with 

momentum of 0.9, weight decay of 0.0001 and fixed learning rate of 0.01. The 

parameter setup for training clothing category classification is given in Table 7-11. 

We trained the model on NVIDIA Tian X GPU for 100 epochs. 

 

7.5.4.2 Evaluation and discussion 

We evaluate the performance of category classification model in this section. 

We compute the total accuracy and per-class accuracy on both the validation and 

test dataset. As shown Table 7-12, the total accuracy values of validation set and 

test set are both over 90%, and the accuracy of most categories is nearly or more 

than 90%. For example, the accuracy value of belts, sunglasses, shoes, bags, shirts, 

and dresses on test dataset are 100%, 100%, 99.42%, 99.31%, 97.11% and 95.79%, 

respectively, which demonstrates that our clothing category model has a strong 

classification ability.    



189 

Table 7-12 Clothing category accuracy on validation dataset and test dataset 

Clothing category 
Accuracy (%) on 

validation dataset 

Accuracy (%) on test 

dataset 

dresses 95.61 95.80 

over-all 69.23 67.62 

Tops 73.09 62.54 

Tanks & Camisoles 92.05 89.74 

T-Shirts 97.81 95.08 

Shirts 98.83 97.11 

Outerwear 94.21 89.34 

Shorts 96.11 93.87 

Pants & Trousers 95.45 92.19 

Skirts 92.79 90.07 

Jeans 93.80 88.14 

bags 95.37 99.32 

shoes 99.66 99.43 

belts 81.82 100.00 

sunglasses 100.00 100.00 

Total 94.80 92.84 
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Figure 7-13 Examples of clothing category classification: prediction (red) and 

ground-truths (blue)  

 

To further analyse the detail classification information, we compute the 

confusion matrix of category evaluated on the test dataset in Figure 7-14. As shown, 

most of the categories can be classified correctly, only the classification of tops and 

over-all clothing are slightly inferior to other classes. This may be caused by the 

confusion of fashion category definition. For example, tops is the class covering a 

large variety of upper clothing. It means all upper clothing excluding shirts, t-shirts, 

outerwear, tanks are regarded as ‘tops’. In addition, the low accuracy of over-all 

clothing is caused by the imbalance of number of images between dresses and over-

all (4410 vs 441), which can be solved by increasing the data. 
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Figure 7-14 Confusion matrix of category classification on the test dataset 
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7.5.4.3 Ablation study on localisation strategy 

As discussed in Section 7.5.3, for total-look images, the category 

classification results are obtained by comparing results from human parsing based 

localisation strategy (Section 7.4.1) and that from pose estimation based localisation 

strategy (Section 7.4.2). In this section, we evaluate the image of these localisation 

strategy on the category classification accuracy.  

In the test dataset, we only take out the total-look images from upper 

clothing categories and bottom clothing categories. We inference the category 

classification using (1) only human parsing based localisation strategy, (2) only 

pose estimation based localisation strategy, and (3) combination of both strategies, 

as given in Equation (7-18). The accuracy comparison on upper clothing and bottom 

clothing are shown in Table 7-13 and Table 7-14, respectively. As shown, no matter 

which localisation strategy is used, the total accuracy and per-class are very high, 

with slight differences among the three strategies.  

Table 7-13 Accuracy (%) comparison of localisation strategies based on (1) human 

parsing, (2) pose estimation and (3) their combination on upper clothing 

classes. 

Category 
Number of 
images 

Human 
parsing 
based 

localisation 

Pose 
estimation 

based 
localisation 

Combination 
of human 

parsing and 
pose 

estimation 
Tops 172 84.30 84.88 83.72 
Tanks & Camisoles 290 96.90 95.52 96.90 
T-Shirts 629 97.62 98.09 98.09 
Shirts 219 98.63 99.09 98.17 
Outerwear 442 94.57 94.12 95.02 
Total 1752 95.55 95.49 95.72 
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Table 7-14 Accuracy (%) comparison of localisation strategies based on (1) human 

parsing, (2) pose estimation and (3) their combination on bottom clothing 

classes. 

Category 
Number of 
images 

Human 
parsing 
based 

localisation 

Pose 
estimation 

based 
localisation 

Combination 
of human 

parsing and 
pose 

estimation 
Shorts 184 98.913043 98.91304348 98.369565 
Pants & Trousers 276 97.463768 95.65217391 97.463768 
Skirts 354 98.870056 98.58757062 98.870056 
Jeans 134 95.522388 94.02985075 94.776119 
Total 948 97.995781 97.15189873 97.78481 

 

 

7.6 Fine-grained Attribute Recognition Method 

Apart from recognizing the category information from clothing item images, 

we also proposed a category-based method to recognize fine-grained attributes. To 

prepare fashion image dataset, we re-categorise all image data crawled from internet 

according to our defined taxonomy structure, include 15 clothing categories and 

106 subcategories or fine-grained attributes. Under each category, we define 

different attributes. Apart from coarse category information, we hope to recognise 

more fine-grained fashion information from images.  

To recognise from images fine-grained attributes under every clothing 

category, we can train one attribute classification model for each category, meaning 

a total of 15 classifiers for the 15 clothing categories. Given a clothing item image, 

we firstly input the image into the category classification model to predict the 

category and then input it to the corresponding attribute classifier to predict fine-

grained clothing attributes. However, this approach trains 15 models. On one hand, 

it will occupy much computing resources. On the other hand, during such sequential 

process, mistakes occured in the early stage of category classification will increase 
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the errors in attribute recognition.  

Instead, we group the 15 clothing categories into 4 groups, including 3 

clothing groups of full-body clothing, bottom clothing, and upper clothing, and one 

group (‘others’) for 4 accessory items including shoes, bags and wallets, belts, 

glasses and sunglasses. For clothing groups, we train three attribute classification 

models, one for each clothing groups. For others group, we train four classifiers, 

one for each accessory category. With proper labelling of attribute information to 

fashion images, we develop and train the said 7 classifiers based ResNet18 network 

models using attribute image dataset. We propose a refinement module to use the 

predicted category information from the category classifier based on the same input 

image to refine the attribute prediction results from the networks. The proposed 

framework for clothing attribute recognition is shown in Figure 7-15.  

Category classifier Category

Category 
refinement

Attribute score

Attributes

Bottom clothing 
attribute clasifier

Upper clothing
 attribute classifer

Full-body clothing
 attribute classifier

4 attribute classifiers 
for shoes and other 

accessories

Attribute Recognition

  

Figure 7-15 Overall framework of clothing attribute classification 

 

7.6.1 Clothing attribute dataset  

For the 15 clothing categories, a total of 106 subclasses (also fine-grained 

attributes) are defined. The attributes of each category are listed in Table 7-15. With 

defined fine-grained attributes of each clothing category, all images in the category 

dataset are labelled with associated fine-grained attribute class labels. For training 

the attribute classifiers, we prepare datasets for upper clothing, bottom clothing, 
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full-body clothing, and 4 separated dataset for each of the accessories categories. 

The number of images for each attribute classification model is shown in Figure 

7-16. 

Table 7-15 A list of clothing categories and fine-grained attributes 

Image 

Group 

Clothing 

Category 
Fine-grained Fashion Attributes / Subclasses 

Full-body 

clothing 

Dresses 

‘Layered Dresses' (1), 'A-line Dresses' (2), 'Mini Dresses' (3), 'Midi Dresses' (4), 

'Maxi Dresses' (5), 'Evening Dresses' (6), 'Bodycon Dresses' (7), 'T-shirt Dresses' (8), 

'Wrap Dresses' (9), 'Slit Dresses' (10), 'Shirt Dresses' (11), 'Oversized Dreses' (12), 

'Mid-length Dresses' (13) 

Overalls ‘Dungarees' (14), 'Jumpsuits' (15), 'Playsuits' (16), 'Bodysuits' (17) 

Upper 

clothing 

Tops 
'Cropped Tops' (1), 'Shirts' (2), 'Short-sleeved Blouses' (3), 'Long-sleeved Blouses' 

(4) 

Tanks & 

Camisoles 
‘Tanks' (5), 'Singlets' (6), 'Camisoles' (7) 

T-Shirts ‘Short-Sleeved T-shirts' (8), 'Long-sleeved T-shirts' (9), 'Polo T-shirts' (10) 

Shirts ‘Formal Shirts' (11), 'Short-sleeved Shirts' (12), 'Denim Shirts' (13) 

Outerwear 

‘Bombers & Blousons' (14), 'Trench Coats & Pea Coats' (15), 'Jackets' (16), 

'Sweaters & Jumpers' (17), 'Hoodies & Sweatshirts' (18), 'Cardigans' (19), 'Denim 

Jackets' (20), 'Coats' (21), 'Parkas' (22), 'Gilets' (23), 'Blazers & Suits' (24), 'Down 

Jackets' (25), 'Capes & Ponchos' (26), 'Leathered Jackets & Coats' (27), 'Overcoats' 

(28), 'Knitted' (29) 

Bottom 

Clothing 

Shorts 
‘Denim Shorts’ (1), ‘Casual Shorts’ (2), ‘Running Shorts’ (3), 'Tailored Shorts' (4), 

'Cargo Shorts' (5), 'Beach Shorts' (6), 'Culottes' (7) 

Pants & Trousers 

‘Sweat Pants' (8), 'Slim-Fit Pants' (9), 'Chino Pants' (10), 'Cropped Pants' (11), 

'Skinny Pants' (12), 'Wide-Leg Trousers' (13), 'Leggings' (14), 'Flared Trousers' (15), 

'Peg Trousers' (16) 

Skirts 

‘Slit skirts' (17), 'Pencil skirts' (18), 'Mini Skirts' (19), 'Maxi Skirts' (20), 'Wrap 

skirts' (21), 'Layered skirts' (22), 'Pleated skirts' (23), 'Midi Skirts' (24), 'Panel skirts' 

(25), 'A-line Skirts' (26) 

Jeans 
‘Slim-Fit Jeans' (27), 'Boyfriend Jeans & Causal Jeans' (28), 'Skinny Jeans & 

Jeggings' (29), 'Cropped Jeans' (30), 'Trumpet Jeans' (31) 

Others 

Bags & Wallets 

Wallets & Card Holders (1), 'Messengers & Laptop Bags' (2), 'Clutches'(3), 'Purses 

& Small Item Bags'(4), 'Backpacks'(5), 'Duffle Bags'(6), 'Hangbags & Shoulder Bags 

& Tote Bags'(7), 'Waist/Chest Bags'(8), 'Bag Accessories'(9), 'Satchels & Sling 

Bags'(10), 'Luaggages & Storage Bags'(11) 

Shoes 

Slip-ons'(1), 'Sandals'(2), 'Flip-flops & Slippers'(3), 'Boots (4)', 'Brogues'(5), 'Boat 

Shoes & Loafers'(6), 'Trainers & Sneakers'(7), 'Heels & Platforms & Wedges'(8), 

'Flats'(9) 



196 

Belts 'Leather Belts'(1), 'Non-leather Belts'(2) 

Sunglasses & 

Glasses 

Squared Sunglasses'(1), 'Round Sunglasses'(2), 'Retro Sunglasses'(3), 'Aviator 

Sunglasses'(4), 'Oversized Sunglasses'(5), 'Wayfarer'(6), 'Cat Eye Sunglasses'(7) 

 

 

Figure 7-16 Number of images for each clothing attribute. 

 

7.6.2 Attribute classifier design 

Similar to the clothing category classification, we also use the ResNet 

to train the attribute classification models. However, as the number of images 

for training each attribute classifier is not very large, we adopt ResNet-18 

structure (He et al., 2015), as shown in Figure 7-17. The structure of ResNet-

18 is similar to that of ResNet-50 (Figure 7-10), the only difference is that 

ResNet-18 has only 8 residual blocks, and these blocks have simpler structure. 

The detailed configuration is shown in Table 7-16. To match the number of 

attributes, the number of neurons of the last layer with parameters (i.e. fully 

connected fc layer) should be the number of attribute class labels (m in Table 
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7-16) for the corresponding clothing group or accessories category. For 

example, the number of attributes of bottom clothing and upper clothing are 33 

and 32, respectively, so the number of neurons of fc layer should be 33 and 32. 

To train attribute classifier, we adapt Cross-Entropy Loss (Equation 7-1) as our 

loss function.  

 

Figure 7-17 Structure of ResNet18 for clothing attribute classification 

 

Table 7-16 Detail configuration of clothing attribute classification networks (m is the 

number of attribute class labels) 

Layer 
Name 

Type Times Kernel 
size/stride 

filter 
num. 

output size  

conv1-1 Convolution + BN + ReLU  7x7/2 64 112x112x64 
pool1 Max Pool 

 
3x3/2 64 56x56x64 

res2_x Convolution + BN + ReLU 
Convolution + BN 

2 3x3 
3x3 

64 
64 

56x56x64 

res3_x Convolution + BN + ReLU 
Convolution + BN 

2 3x3 
3x3 

128 
128 

28x28x128 

res4_x Convolution + BN + ReLU 
Convolution + BN 

2 3x3 
3x3 

256 
256 

14x14x256 

res5_x Convolution + BN + ReLU 
Convolution + BN 

2 3x3 
3x3 

512 
512 

7x7x512 

Conv1-1 Pool1 

8 Residual Blocks 

2 blks 2 blks 2 blks 

Res2_x Res3_x Res4_x ResS_x Pool2 FC Softm ax 

Convolutional + Batch Normalizat ion + ReLU 

Convolut ional + Batch Normalization 

Residual Block 

Max Pooling 

Avg Pooling 

Fully Connected 

Softmax 

y: 
Attribute 
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pool2 Average Pool 
 

7x7  1x512 
fc Fully connected 

  
 mx512 

Score Soft-max 
  

 mx512 

 

7.6.3 Category refinement module  

As shown in Figure 7-15, the same image is input to both category classifier 

and attribute classifier to recognise clothing category and fine-grains attribute 

information. From the predicted attribute information, we can trace back the 

category information of the specific product (as given in Table 7-15). It may happen 

that this corresponding category information (traced from attribute prediction) is 

not matched with the category prediction from category classifier. We then propose 

a refinement strategy in this section to address this conflict result, and refine the 

final attribute prediction based on category classification.  

Given a clothing image, we can obtain a category prediction 𝑦𝑦�  using 

trained category classifier. From prediction 𝑦𝑦� , we know the clothing group or 

accessory category that the input image belongs to. We then input the image into 

the corresponding attribute classifier to obtain fine-grained attribute information. 

We denote the attributes corresponding to category 𝑦𝑦� as 𝐴𝐴𝑖𝑖 = {𝑉𝑉𝑖𝑖1,𝑉𝑉𝑖𝑖2, … ,𝑉𝑉𝑖𝑖𝑚𝑚}, 

where 𝑚𝑚  is the number of attributes for attribute classifier 𝑖𝑖 . Now given the 

attribute score output 𝑆𝑆 = {𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑚𝑚}  and attribute prediction 𝑉𝑉� . If category 

prediction is correct, then 𝑉𝑉� ∈ 𝐴𝐴𝑖𝑖.  

As discussed in Section 7.5.4, the category classifier is very effective, we 

assume the category 𝑦𝑦� is correctly predicted, making only a subset of attributes of 

𝐴𝐴𝑖𝑖 are valid as only this subset of attributes are corresponding to the category 𝑦𝑦�. 

This forms a subset of attribute score S� = �s�a1, s�a2, … , s�aim�, �̂�𝑆 ∈ 𝑆𝑆. We give final 

attribute prediction as the one with maximum score in subset S� . The refined 

algorithm is shown below: 

 

I I 
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Algorithm 7-1: Attribute refinement algorithm 

Input: category prediction 𝑦𝑦� and corresponding attributes 

𝐴𝐴𝑖𝑖 = {𝑉𝑉𝑖𝑖1,𝑉𝑉𝑖𝑖2, … ,𝑉𝑉𝑖𝑖𝑚𝑚} , attribute score output 𝑆𝑆 =

{𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑚𝑚} and attribute prediction 𝑉𝑉�.  

Output: 𝑉𝑉� 

For 𝑉𝑉𝑖𝑖 in 𝐴𝐴𝑖𝑖: 

   S�(𝑉𝑉𝑖𝑖) = 𝑠𝑠𝑖𝑖 

𝑉𝑉� = arg max(�̂�𝑆)
𝑉𝑉𝑟𝑟

 

 

 

7.6.4 Experiment and result discussions 

7.6.4.1 Training details 

We train three clothing attribute classifiers (ResNet18) for full-body 

clothing, upper clothing and bottom clothing using the corresponding dataset. For 

total-look images, we use human parsing and pose estimation to localise the 

clothing regions. The data partition and augmentation implementation is the same 

as what we did for image type and category classification. The same parameter setup 

is also used for training clothing category classification. 

Table 7-17 Clothing category Dataset partitioning and preprocessing for 

classification 

Full-body clothing attribute dataset No. of images 

 Training data (70%) 13657 

 Validation data (10%) 1966 

 Test data (20%) 3897 

 Total 19520 

Upper-clothing attribute dataset No. of images 
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 Training data (70%) 36102 

 Validation data (10%) 5317 

 Test data (20%) 10213 

 Total 51632 

Bottom-clothing attribute dataset No. of images 

 Training data (70%) 16977 

 Validation data (10%) 2571 

 Test data (20%) 4833 

 Total 24381 

Pre-processing: - Localization using human parsing and pose 

estimation for total-look images in the training 

set 

- Augmentation by mirror and random cropping 

 

 - Subtracting mean RGB value of training data  

 - All resizing to 224x224 with crop  

 

7.6.4.2 Evaluation upper clothing dataset 

We evaluate the performance of clothing attribute classification on the 

validation and test set of upper-clothing dataset. The total and per-class accuracy on 

the validation dataset is shown in Table 7-18. Some qualitative results are given in 

Figure 7-19. With reference to confusion matrix in Figure 7-18, it is found that the 

accuracy is higher for attribute classes with unique features and large dataset, for 

example Short-Sleeved T-shirts (96.11%), Formal Shirts (91.06%), Tanks (84.94), 

Blazers & Suits (84.21%). Attributes with similar features are easily to be confused, 

such as shirts and T-shirts, coats and over-coats, short sleeved blouse and short 

sleeved shirts. When the training data is small, the accuracy is also low, such as over 

coats and knitted.  
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Table 7-18 Accuracy (%) of upper-clothing attribution recognition on validation set 

Upper-clothing attributes No of images Top-1 
Accuracy 

Top-3 
Accuracy 

Cropped Tops 212 52.83 98.58 
Shirts 242 63.22 91.74 
Short-sleeved Blouses 30 6.67 93.33 
Long-sleeved Blouses 19 5.26 36.84 
Tanks 651 84.95 99.54 
Singlets 12 41.67 100.00 
Camisoles 166 75.30 98.80 
Short-Sleeved T-shirts 1827 96.11 99.56 
Long-sleeved T-shirts 118 43.22 84.75 
Polo T-shirts 19 47.37 89.47 
Formal Shirts 302 91.06 99.67 
Short-sleeved Shirts 342 87.43 98.54 
Denim Shirts 65 53.85 96.92 
Bombers & Blousons 91 68.13 93.41 
Trench Coats & Pea Coats 43 41.86 65.12 
Jackets 199 29.65 78.39 
Sweaters & Jumpers 170 58.24 94.12 
Hoodies & Sweatshirts 199 60.30 91.46 
Cardigans 104 36.54 76.92 
Denim Jackets 26 46.15 76.92 
Coats 186 30.65 74.73 
Parkas 21 42.86 57.14 
Gilets 58 36.21 67.24 
Blazers & Suits 95 84.21 90.53 
Down Jackets 37 62.16 89.19 
Capes & Ponchos 36 38.89 75.00 
Leathered Jackets & Coats 16 25.00 87.50 
Overcoats 24 - 20.83 
Knitted 6 - - 
Total 5316 75.09 93.92 
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Figure 7-18 Confusion matrix of upper clothing attribute predictions on validation 

set  

 

Figure 7-19 Example results of upper-clothing fine-grained attribute recognition: 

predicted attributes (red) and ground-truths (blue) 

 

To evaluate the performance of our category-based refinement module, we 

also compare the accuracy before and after refinement. The comparison results are 

shown in Table 7-19. The total accuracy is increased by 4.23% after category-based 
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refinement. As is shown in confusion matrix of Figure 7-20, some confusion labels 

are corrected, like the short-sleeved blouse and camisoles.    

 

Table 7-19 Comparison of top-1 accuracy (%) before and after category-based 

refinement on test set for upper-clothing 

Upper-clothing attributes Accuracy without  
refinement 

Accuracy with 
refinement 

Cropped Tops 49.02 71.37 
Shirts 66.67 78.19 
Short-sleeved Blouses 2.38 11.90 
Long-sleeved Blouses 3.23 6.45 
Tanks 89.28 91.14 
Singlets - 12.50 
Camisoles 63.03 65.45 
Short-Sleeved T-shirts 95.78 98.00 
Long-sleeved T-shirts 52.97 73.73 
Polo T-shirts 44.00 48.00 
Formal Shirts 91.16 93.37 
Short-sleeved Shirts 89.61 88.99 
Denim Shirts 55.36 58.04 
Bombers & Blousons 63.69 67.86 
Trench Coats & Pea Coats 24.49 28.57 
Jackets 26.61 29.97 
Sweaters & Jumpers 53.85 62.13 
Hoodies & Sweatshirts 60.25 63.04 
Cardigans 51.83 57.07 
Denim Jackets 71.67 80.00 
Coats 50.31 50.63 
Parkas 40.00 40.00 
Gilets 30.63 45.95 
Blazers & Suits 53.94 54.55 
Down Jackets 63.51 63.51 
Capes & Ponchos 25.45 34.55 
Leathered Jackets & Coats 8.33 8.33 
Overcoats 9.38 6.25 
Knitted 76.79 80.99 
Total  69.02   71.37  
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Figure 7-20 C
onfusion m

atrix of upper clothing attributes on test dataset (a) before 

category-based refinem
ent and (b) after category-based refinem

ent 
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7.6.4.3 Evaluation bottom clothing dataset 

Similar to upper-clothing attribute classification model, the same evaluation 

method is used to evaluate the performance of bottom-clothing attribute prediction. 

The accuracy and confusion matrix on the validation data set is shown in Table 7-20 

and Figure 7-21. From the results, we find that although the number of images is 

not very huge, the accuracy of some attributes, such as skinny jeans & jeggings, 

denim shorts, casual shorts, is relatively high. Besides, attributes with similar 

features are easily confused, like casual shorts and running shorts. Figure 7-21 

shows some examples of our model. 

Table 7-20 Accuracy (%) of bottom-clothing attribution recognition on validation set 

Bottom-clothing attributes No of 
images 

Top-1 
Accuracy 

Top-3 
Accuracy 

Denim Shorts 110 78.18 94.55 
Casual Shorts 286 77.27 93.71 
Running Shorts 58 25.86 55.17 
Tailored Shorts 71 21.13 64.79 
Cargo Shorts 16 43.75 100.00 
Beach Shorts 6 33.33 83.33 
Culottes 50 28.00 56.00 
Sweat Pants 83 44.58 78.31 
Slim - Fit Pants 226 62.39 92.48 
Chino Pants 80 70.00 100.00 
Cropped Pants 133 39.10 64.66 
Skinny Pants 57 10.53 45.61 
Wide - Leg Trousers 74 44.59 85.14 
Leggings 90 68.89 88.89 
Flared Trousers 22 77.27 81.82 
Peg Trousers 53 32.08 73.58 
Slit skirts 34 26.47 41.18 
Pencil skirts 101 53.47 73.27 
Mini Skirts 172 44.19 78.49 
Maxi Skirts 23 - 4.35 
Wrap skirts 71 39.44 66.20 
Layered skirts 102 47.06 76.47 
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Pleated skirts 80 53.75 75.00 
Midi Skirts 74 18.92 37.84 
Panel skirts 28 17.86 46.43 
A - line Skirts 56 17.86 57.14 
Slim - Fit Jeans 121 48.76 83.47 
Boyfriend Jeans & Causal Jeans 14 7.14 50.00 
Skinny Jeans & Jeggings 242 83.47 95.45 
Cropped Jeans 13 - 23.08 
Trumpet Jeans 24 12.50 45.83 
Total 2570 51.87 77.82 

 

Figure 7-21 Confusion matrix of bottom clothing attribute predictions on validation 

set 
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Figure 7-22 Some examples of bottom-clothing attribute recognition: Predicted 

attributes (red) and ground-truths (blue) 

 

The comparison of accuracy and confusion matrix is shown in Table 7-20 

and Figure 7-23. After refinement, the total accuracy is increased by 3.5% and some 

confusion labels are corrected. For example, as shown in Figure 7-23, the labels 

within the red box are corrected using category-based refinement. 
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Table 7-21 Comparison of top-1 accuracy (%) before and after category-based 

refinement on test set for bottom-clothing 

Bottom-clothing attributes Accuracy without  
refinement 

Accuracy with 
refinement 

Denim Shorts 79.14  80.75  
Casual Shorts 67.88  75.00  
Running Shorts 50.00  50.00  
Tailored Shorts 12.23  12.23  
Cargo Shorts 45.00  45.00  
Beach Shorts 5.56  5.56  
Culottes 8.70  13.04  
Sweat Pants 47.06  49.02  
Slim - Fit Pants 61.47  64.94  
Chino Pants 64.43  63.76  
Cropped Pants 50.21  51.50  
Skinny Pants 15.79  21.05  
Wide - Leg Trousers 48.59  50.70  
Leggings 62.84  68.24  
Flared Trousers 69.23  69.23  
Peg Trousers 23.26  24.42  
Slit skirts 8.33  11.11  
Pencil skirts 53.61  56.19  
Mini Skirts 61.40  65.96  
Maxi Skirts 27.27  27.27  
Wrap skirts 19.42  23.02  
Layered skirts 44.86  46.26  
Pleated skirts 77.44  76.83  
Midi Skirts 24.39  29.88  
Panel skirts 26.92  28.85  
A - line Skirts 11.46  16.67  
Slim - Fit Jeans 55.96  60.55  
Boyfriend Jeans & Causal Jeans 2.94  5.88  
Skinny Jeans & Jeggings 73.23  79.31  
Cropped Jeans -    -    
Trumpet Jeans 50.00 50.00 
Total 52.62 56.12 
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(a) Prediction

(b) Prediction  

Figure 7-23 Confusion matrix of bottom clothing attributes on test dataset (a) before 

category-based refinement and (b) after category-based refinement 
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7.6.4.4 Evaluation on full-body clothing dataset 

The accuracy values of attribute prediction for full-body clothing are shown 

in Table 7-22. As shown, the accuracy of predicting Maxi dresses, A-line dresses, 

jumpsuits and playsuits are quite high. However, the accuracy of predicting some 

other attributes can be very low and some of them are even zero, such as T-shirts 

dresses, slit dresses and mid-length dresses, because the training images of these 

attribute is very limited which can not enable the network to learn feature 

representation of these attributes and the number of validation and test data set is 

also very limited. Moreover, some attributes with similar features, like bodycon 

dresses and bodysuits, are often confused. 

Table 7-22 Accuracy (%) of full-body clothing attribution recognition on validation 

set 

Full-body clothing attributes No of 
images 

Top-1 
Accuracy 

Top-3 
Accuracy 

Layered Dresses 158 10.76 56.25 
A-line Dresses 694 71.33 95.68 
Mini Dresses 718 58.50 93.07 
Midi Dresses 587 39.01 88.81 
Maxi Dresses 478 82.22 91.25 
Evening Dresses 124 29.03 60.94 
Bodycon Dresses 438 68.49 92.27 
T-shirt Dresses 5 - - 
Wrap Dresses 166 37.95 71.43 
Slit Dresses 15 - - 
Shirt Dresses 143 41.26 71.23 
Oversized Dresses 82 7.32 59.52 
Mid-length Dresses 7 - - 
Dungarees 24 25.00 83.33 
Jumpsuits 115 76.52 89.83 
Playsuits 120 60.83 83.33 
Bodysuits 22 31.82 66.67 
Total 3896 56.26 86.21 
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Figure 7-24 Confusion matrix of full-body clothing attribute predictions on validation 

set 

 

We also use the accuracy and confusion matrix on the test data to evaluate 

the performance on category-based refinement, as shown in Table 7-23 and Figure 

7-25 . Table 7-23 shows the total accuracy is improved slightly by 0.27% and 

the accuracy of bodysuits substantially is also increased, 18.18% vs 31.82%. Figure 

7-25  shows many bodycon dresses are mistaken as bodysuits, and the 

probability of mistaken reduces after category-based refinement. It demonstrates 

the proposed category refinement can effectively improve the attribute prediction 

accuracy. 
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Table 7-23 Comparison of top-1 accuracy (%) before and after category-based 

refinement on test set for full-body clothing 

Full-body clothing 
attributes 

Accuracy without  
refinement 

Accuracy with 
refinement 

Layered Dresses 10.13 10.76 
A-line Dresses 71.47 71.33 
Mini Dresses 58.08 58.50 
Midi Dresses 39.01 39.01 
Maxi Dresses 80.75 82.22 
Evening Dresses 29.03 29.03 
Bodycon Dresses 68.49 68.49 
T-shirt Dresses - - 
Wrap Dresses 38.55 37.95 
Slit Dresses - - 
Shirt Dresses 39.86 41.26 
Oversized Dresses 7.32 7.32 
Mid-length Dresses - - 
Dungarees 20.83 25.00 
Jumpsuits 79.13 76.52 
Playsuits 61.67 60.83 
Bodysuits 18.18 31.82 
Total 55.98 56.26 
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(a)

(b)  

Figure 7-25 Confusion matrix of full-body clothing attributes on test dataset (a) 

before category-based refinement and (b) after category-based 

refinement 
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7.6.4.5 Evaluation on shoes and other accessory datasets 

To predict fine-grained attributes for shoes and other accessories, we trained 

a ResNet-18 network as attribute classifier using corresponding dataset. Figure 7-26 

shows the number of images for each accessory category. 

 

Figure 7-26 Statistics on the number of images for each accessory  

 

To evaluate the performance, we compute top-1 accuracy values, which are 

79.81%, 81.47%, 96.15% and 22.12% on bags dataset, shoes dataset, belts dataset 

and sunglasses dataset, respectively. The reason why the accuracy on sunglasses 

dataset is extremely low is that the number of images in each category is very small. 

As is shown in Figure 7-26, among most of the categories in the sunglasses dataset, 

the number of images is less than 200. Other than sunglasses dataset, the 
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exceed 80%. Table 7-24 shows the per-class accuracy of each dataset. As shown, 

the accuracy of backpacks is very high, but the accuracy of bag accessories and 

waist/chest bags is very low. This may be caused by the different number of images, 

where the number of backpacks is 2050, that of bag accessories is 30 and waist/chest 

bags is 170. For shoes classification, the accuracy of most categories is higher than 

70% and particularly, the accuracy of sandals and boots is higher than 90%. For 

sunglass classification, per-class accuracy is very unbalanced and that of most fine-

grained attributes is zero, because the number of images of these attributes are so 

small, as shown in Figure 7-26, for training that the network can not learn the 

features about these attributes.  

Table 7-24 Per-class top-1 accuracy of each dataset 

Fine-grained attributes of Bags & Wallets Top 1 Accuracy (%) 
Wallets & Card Holders 85.40 
Messengers & Laptop Bags 86.21 
Clutches 74.58 
Purses & Small Item Bags 64.18 
Backpacks 97.07 
Duffle Bags 73.33 
Handbags & Shoulder Bags & Tote Bags 87.06 
Waist/Chest Bags 41.18 
Bag Accessories 33.33 
Satchels & Sling Bags 68.02 
Luggage & Storage Bags 75.86 
Total – Bags 79.81 
  
Fine-grained attributes of Shoes Top 1 Accuracy (%) 
Slip-ons 76.34 
Sandals 91.32 
Flip-flops & Slippers 60.00 
Boots 90.89 
Brogues 76.11 
Boat Shoes & Loafers 71.04 
Trainers & Sneakers 85.78 
Heels & Platforms & Wedges 74.91 
Flats 60.67 
Total- shoes 81.47 
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Fine-grained attributes of Belts Top 1 Accuracy (%) 
Leather belts  100.00 
Non-Leather belts  60.00 
Total-belts  96.15 
  
Fine-grained attributes of Sunglasses & Glasses Top 1 Accuracy (%) 
Glasses  - 
Squared Sunglasses 73.08 
Round Sunglasses 31.58 
Retro Sunglasses - 
Aviator Sunglasses - 
Oversized Sunglasses - 
Wayfarer - 
Cat Eye Sunglasses - 
Total- Sunglasses & Glasses 22.12 
  

 

7.7 Fashion Feature Extraction 

As discussed in Section 7.3, we can use human parsing model to mask 

clothing items on input images. The masked regions are isolated regions of different 

types of clothing. Using parsed mask to isolate clothing regions can even cause the 

inference of background being removed. From the isolated regions of interests, we 

hope to extract as many detailed information of fashion items as possible. 

In the fashion industry, colours and textile textures are likely the most 

important features in describing a textile product. We will report the extraction of 

colours and texture features below. In addition, through the design and training of 

the attribute classifiers (deep convolutional neural networks), we can have high 

level features learned automatically. We describe the fine-grained attributes of 

fashion products in such deep features.  

We retrieve products with similar features by computing and sorting the 

feature similarity. In our study, we use cosine similarity to evaluate the similarity 

between two vector spaces. Let 𝑓𝑓1  and 𝑓𝑓2  be two feature vectors, the cosine 
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similarity of 𝑓𝑓1 and 𝑓𝑓2 is computed by: 

 cosine similarity =  𝑓𝑓1∙𝑓𝑓2
||𝑓𝑓1|×|𝑓𝑓2||

 (7-19) 

 

7.7.1 Colour feature extraction 

Colour is one of the most important features of fashion products. Colour 

histogram is a common feature used in computer vision area to describe colour. The 

colour histogram is computed by counting the number of pixels that have colour in 

HSV colour space. Using cosine similarity defined in Equation (7-19), we can 

calculate the colour similarity of two images. We can then sort and retrieve from 

database products similar colours to the target products. Figure 7-27 shows some 

clothing images with similar colour feature. 

 

Figure 7-27 Example of clothing images with similar colour feature (target image: 1st 

in each row, images on the right are with similar colour feature) 

• • •• 
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7.7.2 Textile feature extraction 

Local Binary Pattern (LBP) by Ojala et al. (1994) is a common feature that 

describes the texture of the input images. However, we found that LBP did not 

describe textile textures well. To classify textile texture well, we then construct a 

textile dataset with example images in 11 textile categories, including check, check 

with DB, DB Twill, DB Weave, fancy, Patterned, plain, printed, stripe, strip with 

DB and Twill. We train a CNN textile classifier using this dataset. Again, we use 

trained classifier to inference input images and record the feature scores of the last 

fully connected layer as high dimensional textile feature. In addition, if input images 

are classified as non-plain textiles, we then further extract textile feature vector 

based on the work of Cimpoi et al. (2014). In general, these two kinds of textile 

features are calculated by sampling a few random small zones from the isolated 

clothing region. Figure 7-28 and Figure 7-29 show examples of similar textile 

feature. 
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Figure 7-28 Examples of textile images with similar texture feature (target: 1st in each 

row, images on the right are with similar texture features) 
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Figure 7-29 Examples of clothing images with similar deep feature (target: 1st in each 

row, images on the right are with similar texture features) 

 

7.7.3 Fine-grained attribute feature extraction 

We inference all product images with the trained fine-grained attribute 

classifiers (developed in Section 7.6), instead of obtaining attribute prediction, we 
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features. Given an image, we can find the other product images with similar fine-
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grained fashion attributes by computing the cosine similarity. Figure 7-30 shows 

some examples with similar fine-grained attribute feature.  

 

Figure 7-30 Examples of clothing images with similar fine-grained attribute features 

(target: 1st in each row, images on the right are with similar texture 

features) 

 

 

7.7.4 Experimental evaluation 

/ 
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In this section, the effectiveness of feature extraction and the importance of 

different features are assessed by a planned experiment. The different features 

described above can be used to retrieve products with similar features, and this can 

be applied on online shopping when people select something, they will likely be 

recommended with other items based on their previous selection as an indication of 

his/her preferences. Similarly, in product recommendation, colour and texture are 

the most critical criteria to assess product similarity. We therefore conduct an 

experiment in this study to assess the effectiveness of extracted features as well as 

the importance of traditional features (colours and textiles) or deep features on fine-

grained fashion information. 

7.7.4.1 Preparation of experimental data 

We have randomly selected from the test and validation set 6142 fashion 

products, each product is represented by a representative image among the multiple 

product images. For each product in testing set, we calculate similar products by 

two methods: Firstly, based on the colour and textile texture features defined in 

Sections 7.7.1-2, we calculate and sort out 5 products with the highest feature 

similarity, assuming colour and texture have equal weighting; this is named as set 

A. Secondly, we also calculate and sort out 5 products with highest deep feature 

similarity on fine-grained fashion attributes defined in Section 7.7.3; and this is 

named as set B. Therefore, we prepare a recommendation list of 10 ‘similar’ 

products for each product in the testing set, see examples in Figure 7-32. 

7.7.4.2 Experiment protocol 

We also set up a website to conduct the experiment online, as shown in 

Figure 7-31. The experiment simulates online shopping that customers are 

recommended with other products based on what they have selected. In the 

experiment, each subject is randomly shown with 30 products from the testing set 

of 6142 products, and subjects are asked to assess the recommendations, and select 
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3 out of 10 recommended products, which they think are most similar to the given 

product. Since the 10 recommendations are evenly selected from set A and set B, 

then likely the percentage of products being selected from set A and set B is similar, 

i.e. 50% and 50%, if both sets have equal performance. If more products are selected 

from set A, then it shows people believe set A better capture product similarity than 

set B, and vice versa. 

(b) Selection interface(a) Login interface  

Figure 7-31 Experiment website and product selection interface 

 

Let 𝑀𝑀 be the total number of products by selected by subjects, 𝑆𝑆𝐴𝐴 and 𝑆𝑆𝐵𝐵 

be the number of products being selected from set A and set B, respectively. We 

compute the performance ratios  

 𝑝𝑝𝐴𝐴 = 𝑆𝑆𝐴𝐴
𝑀𝑀

, 𝑝𝑝𝐵𝐵 = 𝑆𝑆𝐵𝐵
𝑀𝑀

 

 (7-20) 

as metrics to evaluate the performance of similar recommendation. The larger the 

value of 𝑝𝑝, the better performance of the similar recommendation. 

 

7.7.4.3 Experimental results 

A total of 142 undergraduate and postgraduate college students participated 

in the experiment online from 6 to 18 February 2018, including 101 females and 41 

males. A total of 3008 products with recommendations (or 2350 products if repeats 

are being removed) were randomly shown to these 142 subjects. Each subject was 
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asked to select 3 most similar products from the recommendation list, in which the 

10 products were displayed in random orders. A total of 9008 similar 

recommendations were selected by subjects, among which 175 products were 

removed for evaluation because these products were both recommended in Set A 

and Set B. We calculate the metrics by Equation (7-20) based on the remaining 8833 

records. 

Among the 8833 products, 5341 products are from set B and 3492 products 

are from set A, meaning 𝑝𝑝𝐴𝐴=39.53% and 𝑝𝑝𝐵𝐵=63.46%. As the performance ratio of 

set B is higher than 50%, so fine-grained attribute features better capture the product 

similarity than considering only colour and texture features. Per-category 

performance ratios are compared in Table 7-25. As shown, method B outperform 

method A in almost all categories. In particular, male subjects prefer more on 

product recommendations based on deep fine-grained attribute features. It 

demonstrates that the fine-grained deep feature is effective in describing a fashion 

product. Figure 7-32 shows some examples of similar recommendations suggested 

by methods A and B. 
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Table 7-25 Comparison of performance ratios by product categories 

Category Set A (𝑝𝑝𝐴𝐴) -% Set B (𝑝𝑝𝐵𝐵) - % 
Dresses-females 45.39 54.61 
Jeans-females 33.73 66.27 
Jeans-males 40.00 60.00 
Outerwear-females 38.25 61.75 
Outerwear-males 26.44 73.56 
Pants & Trousers-females 37.50 62.50 
Pants & Trousers-males 37.33 62.67 
Shirts-males 28.80 71.20 
Shorts-females 50.00 50.00 
Shorts-males 33.06 66.94 
Skirts-females 41.89 58.11 
Tanks & Camisoles-females 41.33 58.67 
Tanks & Camisoles-males 29.41 70.59 
Tops-females 36.25 63.75 
T-Shirts-females 41.65 58.35 
T-Shirts-males 31.49 68.51 
Total 39.53 60.46 
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Figure 7-32 Examples of similar recommendation results: for each product image, the 

first row are similar recommendation from Set B, and the second row are 

the results from Set A. 
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7.8 Comparative Study of Non-localised Attribute 

Recognition 

In this chapter, we have proposed a complete framework (Figure 7-1) to 

understand fashion contents of all products presented on human photos, including 

product category information, fine-grained attributes and other colour and texture 

information, using human parsing and/or pose estimation based localisation strategy. 

In this framework, human parsing and pose estimation are vitally important, which 

localize the clothing regions on the images.  

In this section, we are going to investigate whether we can understand the 

correct fashion information from images, if without these localisation strategy. In 

other words, assuming we are given total-look images, we hope to develop deep 

neural networks for the understanding of fine-grained product attributes of all 

presented fashion items in the images. As discussed in Section 7.6 and Figure 7-15, 

we can train classifiers to directly learn from input images the upper clothing 

attributes, bottom clothing attributes, full-body clothing attributes, as well as other 

fashion item attributes. This is shown as baseline model in Figure 7-33, and the 

difference between this baseline model and the model in Figure 7-15 is that 

category-based refinement is absent in our baseline mode. Moreover, the inputs to 

classifiers in Figure 7-15 are localised images for upper clothing or bottom clothing 

images, while for baseline model in Figure 7-33, total-look images are used even 

for the prediction of upper or bottom clothing attributes. 

However, without localization of clothing, other clothing items on total-look 

images may affect the attribute prediction of the target products. We propose here a 

coarse attention based model for attribute recognition, as also shown in Figure 7-33. 

The rationale is that we predict on the same network clothing category as well as 

fine-grained attributes, while the category classification helps estimate the coarse 

location of the clothing item and thus supports the corresponding attribute 
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classification.  

 

Figure 7-33 Concept illustration of coarse attention based model for attribute 

recognition from total-look images 

 

7.8.1 Coarse attention based neural network 

We have described the baseline model in Section 7.6, which is a ResNet-18 

with structure detailed in Figure 7-17. The structure of the proposed coarse attention 

based model is depicted in Figure 7-34. This neural network is based on ResNet-18. 

We will explain the structure in detail below. To illustrate the network idea of coarse 

attention based network, we only experiment on training a classifier for recognition 

upper-clothing attributes, as highlighted in blue in Figure 7-33. The same design 

applies for bottom-clothing or others attribute learning. 
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Figure 7-34 Coarse attention based neural network 

As shown in Figure 7-34, Given an image I, feature extractor can obtain 

low-level features 

 𝑥𝑥𝑙𝑙 = Extractor(𝐼𝐼,𝑊𝑊extractor) (7-21) 

where 𝑊𝑊extractor represents the feature extractor’s parameters. Secondly, based on 

the low-level feature 𝑥𝑥𝑙𝑙 , we design the coarse and fine-grained classifiers 

respectively. We formulate the coarse classification process as follows: 

 𝑦𝑦�coarse = Predictorcoarse(𝑥𝑥𝑙𝑙,𝑊𝑊coarse) (7-22) 

where 𝑊𝑊coarse  indicates the parameters of the coarse classifier, 𝑦𝑦�coarse  indicates 

the category score of coarse category. To make full of the hierarchical relationship 

between the coarse and fine-grained labels, we also design a coarse information 

injection module, which enables the coarse information to provide prior knowledge 

for the fine-grained attribute classification.  

 

7.8.2 Coarse information injection module 

We realise the coarse information injection from low-level feature to the 

fine-grained classifier by designing a coarse information injection module (Figure 

7-34(c)). As the high-level features have semantic information, the coarse 

information injection module injects the high-level features from the coarse 

category classifier into the low-level features to provide prior knowledge for the 

fine-grained attribute classifier. Let 𝑥𝑥𝑠𝑠  be the high-level features with semantic 
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meaning, 𝑥𝑥𝑙𝑙  be the low-level features, we pass 𝑥𝑥𝑠𝑠  and 𝑥𝑥𝑙𝑙  through the coarse 

information injection module (Figure 7-34(c)) to obtain the features with semantic 

information as: 

 𝑥𝑥fusion = Injector(𝑥𝑥𝑙𝑙, 𝑥𝑥𝑠𝑠) (7-23) 

The injection module merge the low-level features and the high-level features with 

semantic meaning by an element-wise addition operation. To match the spatial size 

of the 𝑥𝑥𝑙𝑙, we perform a bi-linear up-sampling on the high-level features and then 

add an 1x1 convolutional layer on the up-sampled features. As such, the output of 

coarse information injection module represents the fused feature maps characterised 

by high-level semantic knowledge embedding as the learning guidance of the coarse 

classifier. As shown in Figure 7-35, in shirt images, semantic prior knowledge of 

coarse predictor highlights the shirt part features. Finally, we put the fused feature 

maps into the fine-grained classifier (Figure 7-34(d), with the same structure a (b)) 

and obtain the fine-grained score as follows: 

 𝑦𝑦�fine = Predictorfine(𝑥𝑥fusion,𝑊𝑊fine) (7-24) 

where 𝑊𝑊fine indicates the parameters of fine label predictor. 

 

Figure 7-35 Examples of feature maps before fusion and after fusion 

7.8.3 Loss function 
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For network training, we adopt the Cross-Entropy Loss (7-1) for both the 

coarse and the fine-grained classifiers. We deploy a separate loss function at the 

output of coarse and fine classifier. The loss function for our proposed coarse 

attention based model is formulated as: 

 𝐿𝐿 = 𝐿𝐿(𝑦𝑦coarse,𝑦𝑦�coarse,𝑚𝑚coarse) + 𝐿𝐿(𝑦𝑦fine, 𝑦𝑦�fine,𝑚𝑚fine) (7-25) 

where 𝑚𝑚coarse and 𝑚𝑚fine denote the number of coarse labels and the number of 

fine-grained labels respectively. As comparison, for training baseline model, the 

loss function is as follows 

 𝐿𝐿 = 𝐿𝐿(𝑦𝑦fine, 𝑦𝑦�fine,𝑚𝑚fine) (7-26) 

7.8.4 Experiment and result discussions 

We train both baseline model and the proposed coarse attention based neural 

network with total-look images from the upper clothing group dataset without 

localisation. The data augmentation and training setting is the same with what we 

did in the above mentioned upper-clothing attribute classification.  

Table 7-26 shows the comparison of top-1 and top-3 accuracy achieved by 

the baseline model (ResNet18), the proposed coarse attention based model (Figure 

7-34), and our framework (Figure 7-1 and Figure 7-15) on the test data of total-look 

images. The total accuracy of coarse attention based model is improved by 0.68% 

in top-1 accuracy. We compute the per-class accuracy in Table 7-26. Improvement 

on accuracy are observed in coarse attention based network for some categories, for 

example, the accuracy of coats is increased by 9.68%, and the accuracy of Hoodies 

& Sweatshirts increased by 7.14%. As shown in confusion matrix comparison in 

Figure 7-36, our model reduces the classification error of some attributes, like the 

attributes within the two red boxes. The overall framework obviously outperforms 

the attention based and baseline model in top-1 and top-3 accuracy, which also 

demonstrates the importance of localisation in our framework. 
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Table 7-26 Comparison of accuracy (%) of baseline model, the proposed coarse attention-based model, and framework on total-look test dataset 

  Baseline Model Coarse-attention based Framework 

  Figure 7-33 top Figure 7-33 bottom Figure 7-15 

Upper-clothing attributes Num of images Top-1 acc Top 3 acc Top-1 acc Top 3 acc Top-1 acc Top 3 acc 

Cropped Tops 88 34.09 75.00 36.36 75.00 64.77 79.55 

Shirts 69 72.46 86.96 63.77 86.96 86.96 94.20 

Short-sleeved Blouses 9 - 33.33 - 33.33 11.11 88.89 

Long-sleeved Blouses 6 - - - - - 100.00 

Tanks 237 80.17 96.62 86.92 96.62 92.83 96.62 

Singlets 1 - - - - - 100.00 

Camisoles 52 51.92 96.15 51.92 96.15 65.38 100.00 

Short-Sleeved T-shirts 588 95.07 97.62 95.24 97.62 97.79 98.81 

Long-sleeved T-shirts 38 47.37 78.95 28.95 78.95 81.58 89.47 

Polo T-shirts 3 - 100.00 - 100.00 66.67 100.00 

Formal Shirts 97 88.66 96.91 82.47 96.91 94.85 97.94 

Short-sleeved Shirts 104 90.38 98.08 90.38 98.08 88.46 96.15 

Denim Shirts 18 44.44 77.78 44.44 77.78 50.00 94.44 
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Bombers & Blousons 33 36.36 69.70 36.36 69.70 60.61 87.88 

Trench Coats & Pea Coats 13 - 84.62 7.69 84.62 30.77 61.54 

Jackets 54 18.52 66.67 18.52 66.67 20.37 64.81 

Sweaters & Jumpers 57 45.61 82.46 45.61 82.46 57.89 91.23 

Hoodies & Sweatshirts 70 40.00 77.14 47.14 77.14 61.43 80.00 

Cardigans 42 28.57 59.52 28.57 59.52 69.05 83.33 

Denim Jackets 10 40.00 40.00 20.00 40.00 80.00 80.00 

Coats 62 46.77 80.65 56.45 80.65 46.77 80.65 

Parkas 4 25.00 25.00 50.00 25.00 50.00 75.00 

Gilets 24 12.50 37.50 12.50 37.50 45.83 66.67 

Blazers & Suits 33 51.52 69.70 54.55 69.70 45.45 66.67 

Down Jackets 14 42.86 57.14 35.71 57.14 57.14 71.43 

Capes & Ponchos 10 - 50.00 10.00 50.00 60.00 90.00 

Leathered Jackets & Coats 6 - 33.33 - 33.33 16.67 50.00 

Overcoats 10 - 30.00 - 30.00 - 50.00 

Total 1752 69.06 87.10 69.75 87.10 79.51 91.44 
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(b)

(a)

 

Figure 7-36 Confusion matrix of (a) baseline model and (b) coarse attention based 

model on total-look test data 
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7.9 Chapter Summary 

In this chapter, based on human parsing and pose estimation, we proposed a 

framework to understand fashion information from human images, including the 

image type, category and attribute information of all fashion items presented on the 

image, as well as the visual image feature for similar retrieval.  

As one product may have several images, we first built a big image type data 

and used VGG-16 net to train an image type classifier to classify the image type. 

The experimental results have shown that our image type classifier has very high 

accuracy. If the image type is full-body image, both human parsing and pose 

estimation are then used to localize the clothing regions.  

Secondly, to recognize the clothing category, a big clothing category dataset 

is built to train a category classifier using ResNet-50, whose classification accuracy 

is relatively high shown by the experiments. This classifier then can be used to 

recognize the category of local-view images, product-only images and the detected 

clothing item images using human parsing and pose estimation.  

Thirdly, a big clothing attribute dataset is also built and used to train attribute 

classifiers. To reduce the computation expenses, we do not train for each category 

a separate classifier, but depend on the clothing group, such as bottom clothing, 

upper clothing and full-body clothing, combine the attributes belonging to the same 

clothing group. For each group of clothing, we train a clothing attribute classifier to 

recognize the clothing attributes. In the meantime, the category classifier is used to 

refine the prediction results. Experiments have shown the effectiveness of the 

category regiment. For the shoes and other accessories, we train a classifier for each 

category. As our attribute classifier is related to the category, the clothing images 

should be input to the category classifier first and then input to the corresponding 

attribute classifier according to the clothing category. As the experiments have 

demonstrated the effectiveness of our category classifier, we can believe that the 

category prediction is possibly right.  
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Finally, we extract the attribute feature from the classifier for clothing 

similar retrieval. In addition, based on the human parsing result, we extract the 

colour feature and textile feature, which are accumulated together to form the image 

feature of the clothing item. An image similar recommendation experiment has 

shown that our feature extraction performs much better than traditional feature 

extraction.  

To improve the efficiency of the fashion information understanding method, 

we proposed a coarse attention based neural network to replace the localization 

module. The experiment has shown that our proposed network performs better than 

basic network. But compared to the accuracy of the Parsed-pose based method, 

there is still a big gap, which demonstrate the significance of localization. However, 

as the dataset is very unbalanced on the fine-grained attributes, the accuracy of some 

fine-grained attributes is very low and we will collect more data to solve the 

problem in the future. 
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Chapter 8. CONCLUSIONS AND 

RECOMMENDATIONS FOR FUTURE WORK 
 

8.1 Conclusions 

With the popularity of social media platform in the information era, people 

are sharing a large volume of digital contents online, including photos or other 

media data. The availability of media data over the Internet makes it very attractive 

to mine useful information from these media data. Besides, deep learning 

technology has revolutionized researches in image classification, object detection 

and semantic segmentation, and thus have removed obstacles for large scale of 

automatic image understanding. In this research, we put our focus on understanding 

fashion photos, namely understating the information of the human and that of 

fashion items from human images.  

Image understanding focusing on fashion photos have to address some 

unique challenges in addition to standard challenges of understanding images, such 

as illumination, scale, background and clutter and intra-class variations. The 

difficulty of understanding fashion images multiples because fashion items do not 

have a fixed form, and often undergo a large scale of deformation. 

In this research, a human parsing and pose estimation based fashion image 

understanding architecture has been proposed that includes three components: 

localization of areas of interest by human parsing and pose estimation, 

understanding of human size and shape information from fashion photos, and 

understanding fashion contents including clothing category and fine-grained 

attribute for all fashion items presented on images. Figure 8-1 shows the platform 

proposed in this research for understanding fashion images. Human parsing is the 

basic block of the platform, where pose estimation is used to optimize human 

parsing. Both human shape customization and clothing category and attribute 
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classification work on top of human parsing results. Human model customization 

uses human parsing and pose estimation results to extract critical features for model 

customization. Clothing classification makes use of human parsing and pose 

estimation to localize the clothing regions for classification and feature extraction. 

This framework has fulfilled the research objectives defined in Section 1.3 of 

Chapter 1. The results of this research study are summarised as follows: 

 

Figure 8-1 Overall framework for human photo understanding 

 

8.1.1 Human parsing and pose estimation 

In Chapter 3, a part-detection based human parsing cascade (PDHPC) of 

networks have been proposed. This architecture consists of image-level parsing 

network, part based sub-networks and super-pixel based CRF refinement. The 

image-level parsing network parses the entire image for all parsing labels, while the 

part-based sub-networks only parse partial image detected based on image-level 

network parsing results. The partial images are scaled up to extract more detail 

features. Experiments have shown that the proposed PDHPC can decrease the 

impact of background and improve the parsing accuracy of small items. However, 

the proposed PDHPC also shows its limitations in the experiment. Firstly, image-

level parsing network, and part-based sub-networks do not share any parameters, 

which results in the slower running speed in comparison to other end-to-end parsing 

models. Moreover, the proposed CRF refinement based on super-pixel is a post-

Deep Leaming 

Human par~ing 

I I 

Human shape 
segmentation 



239 

processing step to the final results, and the CRF model is not integrated or trained 

end-to-end. The experiment has shown that such refinement cannot improve the 

accuracy on small items.  

To address these drawbacks of PDHPC networks, a part-attention based 

human paring network (PAHPN) has been proposed and developed in Chapter 4. 

Compared with PDHPC networks, PAHPN integrates the sub-networks of the part 

parsing with the image-level parsing network as network branches, which enables 

the network to be trained end-to-end. By so doing, image-level parsing branch and 

part parsing branches share the parameters of the first few layers and a fusion model 

is designed to combine the outputs of image-level parsing branch and part parsing 

branches. The experiment results have demonstrated that our PAHPN has greatly 

improve the running speed and the parsing accuracy. Moreover, PAHPN has flexible 

structure definition of its part division. We have demonstrated that PAHPN can have 

part parsing branches designed not only for head and body parsing, but also for 

attention area, e.g. for sunglasses. In addition, the part parsing branches can be 

introduced to networks other than VGG-16, such as ResNet and PSPNet. The 

experimental results show that our PAHPN model performs better than that of 

PDHPC, not only in terms of accuracy but also in memory and speed. The 

experimental results also show that the definition of part parsing branches will affect 

the overall network performance. However, we have not found the best way to 

define part parsing branches in our network.  

Human parsing performs pixel level classification, but cannot capture well 

global information of the image. In result, human parsing results often have many 

small noise regions. Considering the phenomenal advancement in accuracy and 

efficiency in pose estimation (Cao et al., 2017), we have proposed in Chapter 5 a 

pose-guided optimization for human parsing. The proposed pose-guided refinement 

used pose information to refine human parsing results. Firstly, a pose mask is built 

for each parsing label using pose estimation results. These pose mask are then used 
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to update the parsing results using a defined strategy. Another updated strategy is 

also developed to solve label confusions. Experimental results have demonstrated 

our pose-guided optimization is beneficial in improving human parsing. However, 

as the optimization is only a post-processing step, pose estimation error my also 

lead errors to parsing results. 

 

8.1.2 Human shape and size information extraction from 

human photos   

In Chapter 6, human parsing and pose estimation techniques are used to 

localize human subjects on input images, from which human shape and size 

information are obtained. Firstly, a Parse-Pose based Grabcut human shape 

segmentation method has been proposed to obtain fine-grained segmentation and 

raw contours of human shape. Secondly, the customization model developed by Zhu 

and Mok (2015) are used to compute under-the-clothes profiles using the raw 

contours. Lastly, a 3D shape representation is constructed from the computed under-

the-clothes profiles, and this shape representation drives the deformation of a 

template model into a customised shape. The pipeline of human shape and size 

information extraction from human photos based on Parse-Pose image 

understanding is shown in Figure 8-2. 

Experimental results have demonstrated that the detection of body parts and 

the extraction of human contour based on human parsing and pose estimation 

perform very well even in complex backgrounds. We have also demonstrated that 

many detection errors can be corrected by the integration of pose estimation. A 

systematic experiment has been conducted to show that human parsing and pose 

estimation can provide an efficient and robust solution to customize human models 

from human photos.  
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Figure 8-2 The pipeline for extracting human shape and size information from 

human photos based on Parse-Pose approach 

 

8.1.3 Fashion information understanding from human 

images  

In Chapter 7, human parsing and estimation are applied to understand 

fashion information from human photos. The pipeline of the understanding fashion 

information is shown in Figure 8-3. 

Firstly, we build a big image type dataset and train an image type 

classification model using VGG-16 net to classify the types of image, such as 

product-only image, local view image and total-look image. The experimental 

results have shown that the accuracy of the image type classification is very high. 

According to the result of the image type model, we input the total-look images into 

human parsing and pose estimation to localise the regions of all fashion items 

presented on the input images, while we input the local-view and product only 

image directly into category and fine-grained attributes classifiers for image content 

understanding. The segmented clothing regions by human parsing model can 
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support the extraction of detailed colour and textile features. For region localization 

of total-look images, both human parsing and pose estimation are used to detect the 

regions of fashion items. To recognise fashion product category information, we 

have built a big category dataset and trained a category classification model using 

ResNet-50. Experimental results have shown that our category classification model 

performs very well. As both human parsing and pose estimation are used to detect 

on total-look images clothing items, it may have more than one detected regions for 

a single fashion item. We assess the category classification of all detected regions 

and then select the region with the highest prediction score.  
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Figure 8-3 The pipeline for understanding fashion information from images based 

on human parsing and pose estimation 

 

Moreover, we have also built a fashion attribute dataset for each category 

clothing. In order to reduce the computing resources when applying these models, 

we do not train one attribute classifier for each category of clothing. We combine 

the attributes of the categories into three clothing groups, upper-clothing, bottom 

clothing and full-body clothing, and then we train one attribute classifier for all 
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categories of clothing under the same group. For shoes and other accessories, we 

train attribute classifier for each category. In total, there are 7 attribute classifiers. 

In addition, a category-based refinement scheme has been proposed to refine the 

attribute classification results by cross reference to the category classification. The 

effectiveness of such refinement scheme has been verified by experiment. Finally, 

according to the category prediction, clothing regions localised based on human 

parsing and pose estimation are input together with local-view and product-only 

images to train the attribute classifiers. Experimental results have shown that our 

attribute classification models perform well on recognising fine-grained attributes 

from images. We have found that some clothing images actually have more than 

one attributes, and our models can recognize attributes other than that defined in the 

ground-truths.  

Human parsing helps isolate pixels belonging to different clothing regions. 

This facilities the extraction of colour and textile features from isolated clothing 

regions. In addition, we have also extracted fine-grained attribute features from 

image, and we have demonstrated that such features can be used to search similar 

products. An experiment has been conducted to evaluate the ability to describe 

product features using these features. Results show that image features can be very 

useful for searching similar products if the images are taken in similar domains, i.e. 

background and scenes. When images are taken in total different scenes, the similar 

feature comparison do not perform well. For example, when one image is an online 

product image with clean background, and another image is a street snapshot with 

complex background, the computed similarity using the extracted feature is low 

although they present the same clothing item. 

The processes of human parsing and pose estimation occupy much 

computing resources in the proposed platform. In view of this, a coarse attention 

based neural network has been developed to directly classify the clothing attributes 

without using localisation strategy. The coarse attention based neural network 
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designs a coarse information injection module to localize the coarse region of 

fashion items and inject the coarse location to the attribute classification network. 

Experiments have shown that the coarse attention based neural network performs 

slightly better than the basic neural network. However, compared to the Parse-Pose 

based attribute classification, the classification accuracy still has a big gap, which 

demonstrate the importance of clothing localization.       

8.2 Recommendations for further work 

The current study has proposed a platform using human parsing and pose 

estimation to extract the human shape and size information from human photos, as 

well as understanding fashion information form fashion images, but there are still 

some limitations. 

For the work in human parsing and pose estimation, we have developed 2 

human parsing models and proposed a human pose-guided refinement method for 

human parsing. Compared to the state-of-the-art semantic segmentation based on 

VGG-16 net, such as FCN-8s, CRFasRNN, Deeplab-LargeFOV, Deeplab-ASPP, 

the accuracy of both PAHPC and PDHPC models are much higher. We have not 

adopted some powerful basic network, such as ResNet (He et al., 2015), DenseNet 

(Huang et al., 2016), and Xception (Chollet et al., 2017) as our basic network. 

Because PAHPN is an end-to-end network and performs more efficiently. However, 

we have not found the best way to define part parsing branches in our PAHPN 

network. Moreover, both PDHPC and PAHPN have not addressed the drawbacks of 

human parsing that label prediction is on pixel-level with limited global information 

of the image. The pose-guided refinement method uses the pose estimation to refine 

the human parsing results. Experiments have shown that pose estimation is 

beneficial to the refinement of human parsing results. However, this method is only 

post-processing step, and pose estimation may also lead errors to human parsing.    

For human shape and size information extraction from human photos, 
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human parsing and pose estimation based Grabcut human body segmentation has 

been proposed and applied for 3D model customization based on the method of Zhu 

and Mok (2017). The experiments have shown that our method can effectively and 

robustly distinguish the human shape from cluttered image backgrounds and 

generate detailed raw contours of human to compute the under-the-clothes body 

profiles. However, experiments have shown that the accuracy of the modelling is 

not high for images in which subjects are dressed in loose-fitting clothes. Although 

our method can accurately extract the raw contours with clothing (when people 

dress a loose-fitting clothes), the extracted raw contours is very different from the 

actual human shape, which may cause failure when computing the under-the-

clothes profile. 

For understanding fashion information from human photos, an image type 

classifier, one clothing category classifier, and seven clothing attribute classifiers 

have been developed. A parse-pose based fashion image understanding architecture 

has been proposed. Based on human parsing and pose estimation, fashion images 

are input to models step-by-step according to our proposed architecture. 

Experiments have demonstrated the effectiveness of our classicization models and 

the proposed image understanding architecture. However, experiments have shown 

that our attribute classifiers perform not well on the attributes with small training 

samples. Moreover, we have also found that one fashion product might have several 

attributes. Experiments have demonstrated the importance of human parsing and 

pose estimation for clothing item localization. However, the processes of human 

parsing and pose estimation will require large memory resources and longer 

computing time. Therefore, a coarse attention based neural network has been 

developed. The experiment has shown that our coarse attention based neural 

network performs slightly better than basic neural network. However, compared to 

parse-pose based attribute classification, the classification accuracy still has a big 

gap. In addition, the extracted feature performs not well between fashion images 
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that are taken in total different scenes. 

Therefore, the current project can be extended in the following directions: 

1) For human parsing, exploring more powerful basic network, like Xception 

(Chollet, 2017), to be the basic network for human parsing. Xception is small 

and performs well on object classification. For the definition of specific parts, 

more experiments should be conducted to explore ways to find the best 

definition. The pose estimation should be fused into the human parsing 

network for end-to-end training, which is not only beneficial to improve the 

efficiency, but also make the two tasks optimized mutually. 

2) For the extraction of human shape and size information from human photos, 

design a deep neural network to learn the under-the-clothes profile from 

human photos directly. Because the profile is learned from human photos 

directly, the network can automatically adjust the parameters according to the 

image content.    

3) For understanding fashion information from images, more images should be 

collected. Based on our proposed PAHPN, integrating human parsing and 

attribute classification for end-to-end training, it not only can improve the 

efficiency of attribute classification, but also enable these two tasks support 

each other. The reason is that attribute classification can provide global 

clothing information and human parsing can provide the localised regions for 

attribute classification. Regarding feature extraction for similar 

recommendation, we will integrate visual similarity constraints between 

images with the attribute classification network to make the network robust 

to cross-domain clothing images. Classification of online product images with 

clean background is relatively easier to classify. We will integrate visual 

similarity to improve the performance of classifying street snapshot with 

complex backgrounds. 
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