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ABSTRACT

Video is becoming an important carrier of information in this digital era un-
der the development of communication technology and widespread availability,
where surveillance video is one of the most important types. Due to the widely
deployed surveillance system, large-scale videos are captured everyday, making

the computer-aided surveillance analysis system necessary.

Gait is a very important subject in surveillance video due to its noncontact,
noninvasive and can be perceivable at a long distance. Psychological experiments
have shown that gait includes not only identity information, but is also discrimina-
tive in a variety of human attributes such as age and gender. Among all the human
attributes, since age is inevitable in person’s life span, it is one of the crucial factors
in gait analysis.

In this thesis, we propose the task of cross-age gait video translation, which
aims to realize a function of age progression/regression on gait. The translated
gait videos attempted to preserve the identity of the original subject while keeping
the realism of the generation quality. Cross-age gait video translation can not only
improve the fundamental understanding of age features in a subject, but also sup-
port a range of applications such as criminal investigation and fugitive research.
Moreover, cross-age gait translation can be a promising solution for age-invariant
gait recognition.

In Chapter 1, we first review the background and motivation of the proposed
cross-age gait video translation task. we then summarize two aspects in realizing
this: gait video translator with spatio-temporally augmented network design, and

the spatio-temporally augmented high fidelity input.

In Chapter 2, to learn an effective gait video translator across ages, we pro-
posed spatio-temporally augmented multi-age group gait video translation frame-
work, which aims to ensure three aspects: aging effect, individuality preservation,
and gait realism. Specifically, we build our framework on a multi-domain image
translation model. Because the existing multi-domain image translation model

was originally designed for a still image, we extend it to gait video by introduc-



ing a motion-augmented network architecture with three streams, where gait pe-
riod, period-normalized phase-synchronized gait video, and its frame difference
sequence are each input to one stream. We also designed a discriminator with a
slow-fast path to learn spatio-temporally augmented gait representation for cross-
age gait video translation. Our framework quantitatively and qualitatively out-
performs state-of-the-art age progression/regression methods on the largest gait
database with age, OULP-Age, with respect to both age group classification and

identity recognition.

In Chapter 3, since appearance-based gait analysis approaches usually use sil-
houette or silhouette-based template as input, silhouette quality plays an important
role in gait analysis. To learn a spatio-temporally augmented high fidelity input for
the proposed cross-age gait video translation task, we studied natural image mat-
ting task and achieved competitive results on widely acknowledged matting bench-
marks. To capture global contextual information from a whole image without de-
grading the image quality, an end-to-end three-branch image matting framework
is proposed, which can exploit unknown-relevant global contextual information
condensed from the high-resolution image. We then proposed a matting-oriented
contextual aggregation can cope with such a situation by making use of all the pix-
els in the deformed foreground/background where foreground/background pixels
are dominant. The proposed method can estimate alpha matte and background
simultaneously while keeping the matting equation, which can improve the fore-

ground extraction performance qualitatively.

In Chapter 4, We further provided a discussion on how the high fidelity input
may influence the gait video translator across ages. We first designed a scheme
to automatically estimate the trimap for the proposed matting method, so that the
matting can be adopted without user interaction. Specifically, we adopted a in-
painting method to predict the background and finetuned the proposed matting
method on OULP-Age. We then provided thorough experiments on the largest
gait database with age information, OULP-Age, to reveal how the input quality of
silhouette affect the performance of age progression/regression task on age group

classification and cross-age gait recognition.
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Finally, conclusions are drawn and future work is discussed in Chapter 5.

Key words: spatio-temporal, video, gait, age progression and regression, matting
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Chapter I

Introduction

1.1 Background and Motivation

In this digital era, video has become an important source under the develop-
ment of communication technology and widespread availability of mobile devices.
One of the main factor that makes a video different from image is the tempo-
ral information [1]. Analyzing spatio-temporal representation of video offer the
promise of understanding low-level motion [2, 3], multi-frame dependencies [4]
and temporal structure [5] that go beyond what can be discerned from a single im-
age and achieved remarkable success in video-oriented tasks such as action recog-
nition [ |, 6], video question answering [ 7], etc.

Surveillance video is an important type of video. In the past twenty years,
more surveillance cameras have been deployed to keep up with the growing de-
mand to monitor public and private areas for security reasons [¢]. Nowadays,
the surveillance system is becoming an essential component of the smart city to
be deployed in a wide range of scenarios, such as shopping malls for customer
behavior analysis, highways for monitoring traffic load, and streets for crime re-
duction. However, the analysis of large-scale captured videos manually can be
tedious work. Hence, an automatic surveillance system that can analyze the cap-
tured videos is necessary.

Computer vision is the core technique that aims to equip the automated
surveillance system with human-like vision system that can understand images and

videos as humans do. Thanks to the rapidly growing computing power, publicly



available large-scale dataset (i.e., ImageNet [9], MSCOCO [10]) and the effective
architecture such as convolutional neural network, automated surveillance system
nowadays succeed in a wide range of tasks, such as object detection [11,12], object

tracking [ 13, 14], anomaly detection [15], etc.

Among the above mentioned tasks, computer vision target on human is one
the most promising topics which can be beneficial to individuals and the society as
a whole. For example, pedestrian detection is crucial for autonomous vehicles to
eliminate crashes. Face detection is one of the fundamental techniques used in dig-
ital cameras for auto-focus. Temperature measurement has been widely adopted
for automatic access control during COVID-19 situation so as to reduce the infec-

tion risk.

Person identification and human attribute estimation are two fundamental
technique in computer-aided human analysis. Biometric sources such as DNA,
fingerprint, face and gait are linked to distinct individuals. They are believed to

contain a considerable amount of personal information for person identification,

which has been widely addressed in the literature [ 16—19]. Human attribute (e.g.,
age, gender, and ethnicity) can also be estimated from biometric data [20—24],
which is believed to improve the person identification accuracy [25,26].

Unlike other biometric sources such as DNA, fingerprint and face, gait is a
unique biometric feature that is noncontact, noninvasive, and can be perceivable
even at a long distance from a camera. With the increasing demand of visual
surveillance and the rising concern of data collection privacy, gait recognition
with no concern of data privacy is extremely useful in the contexts of surveillance
systems. Gait-based features can be divided into appearance-based and model-
based, where appearance-based is dominant. Meanwhile, gait silhouette (i.e., a
temporal sequence of gait) is a spatio-temporal source, and hence a variety of
spatio-temporal gait representations have been proposed in gait analysis commu-
nity [27-36].

In addition, psychological experiments showed that gait is also discriminative
in a variety of attributes such as age and gender [37—-39] through the composite of

appearance and motion. Among them, since age change is inevitable during a
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person’s life span, it is one of the crucial factors in gait analysis.

Gait-based age estimation can not only improve the fundamental understand-
ing of age features in a subject, but can also support a range of applications such
as age-based person retrieval and people counting in a wide area (e.g., a shop-
ping mall), fugitive research, time-lapsed identity verification in criminal investi-
gation, and transfer onto digital avatars to help generalize cross-age virtual char-
acters in virtual reality. However, gait analysis is sensitive to appearance changes
due to covariants, where age is one of them. The aging process of the subject is
likely to affect the gait pattern, which makes gait-based person identification dif-
ficult. Thereafter, gait video translation across ages (Fig. 1.1-1), i.e., age progres-
sion/regression on gait while preserving the identity and realism of the generated
videos is a promising solution for age-invariant gait recognition.

Although the property (i.e., age group classification and cross-age recogni-
tion performance) of the generated cross-age gait silhouette sequences is the main
concern in the age-invariant gait recognition, the generation quality will also be
emphasized under some scenarios. For example, in healthcare field application
to remind a person to pay more effort to keep youthfulness in gait by watching
his/her age-progressed gait video with function, the poor generation quality of the

generated gait video might not be convincing to persuade the user.

cnidProse m cnidFrove mm

Gait Video Translatcr Across Ages

L i i

Matching is easier

Adult Gallery Adult Gallery
- ] « - ] L)

(a) (b)

Fig. 1.1-1. (a). Traditional way of age-invariant gait recognition. (b). Overview of the
proposed cross-age gait video translation for age-invarant gait recognition.

To realize the cross-age gait video translation, we investigate two necessary
aspects: (1) an effective gait video translator across ages, which is studied in Chap-

ter 2. (2) since appearance-based gait analysis approaches usually use silhouette



or silhouette-based template as input, hence silhouette quality plays an important
role in gait analysis. We therefore studied a high fidelity input which enables the

translator to learn spatio-temporal gait representation in Chapter 3

1.2 Cross-age Gait Video Analysis

While the face image translate across ages can exploit more spatial infor-
mation such as wrinkles, muscles, hence it has been widely addressed in the lit-
erature [40-51], gait video does not contain such color and texture information.
Cross-age gait video analysis need to focus on both the spatial and temporal as-
pects of the aging pattern, where geometric transformation of the body shape is
the main concern.

To model the spatial aspect of gait, a widely acknowledged strategy is to con-
vert the gait silhouette into a single template [52—57]. Static template-based gait
representation has been proved feasible to preserve the discriminative age pattern
with appearance [58]. For example, we can conclude from static gait template chil-
dren has larger head-to-body ratio, senior has smaller stride. Static template-based
gait recognition methods have the advantage of low requirement of the captured
quality, robustness toward noise, and attractive small storage and calculation cost,
making it suitable for real-world surveillance systems.

Some commonly used template-based gait representation include: Gait En-
ergy Image (GEI) [54], which is calculated by averaging each frame of a nor-
malized gait cycle. The higher intensity of the pixel in GEI stands for the higher
frequency human walking occurs in this position. Gait Entropy Image (GEnl) [55]
describes the uncertainty of each pixel in the gait silhouette with Shannon entropy.
Gait flow image (GFI) [53] refers to the average n — 1 binary flow images in one
gait cycle with n frames. Chrono-gait image (CGI) [56] tend to compress the gait
silhouette sequences into one multichannel image, which is expected to ensure a
higher variance than intensity in grayscale image so as to preserve temporal infor-
mation.

Although template-based gait representation encode information as abundant

4



as possible, temporal information are likely to be omitted in the compression pro-

CCSS.

To address this issue, researchers model the temporal aspect of gait directly
from gait silhouette sequences with 3D convolution [3] and LSTM network [59].
For example, Feng ef al. [60] proposed a CNN-based pose estimation method
to transform the gait feature from one view to another. Gait sequence is mod-
eled with LSTM recurrent neural network, where each frame is transformed to a
joint heapmap as input. Liao ef al. [61] proposed a framework to extract spatio-
temporal features from pose instead of image, which can effectively improve the
gait recognition performance. Battistone et al. [62] introduced a model to learn
long short-term dependencies of structured data and temporal information with
graph structure. Zhang et al. [63] introduced a gait feature with disentangled
pose and appearance information obtained in RGB sequence. The disentangled
pose and appearance information in each frame is integrated with a LSTM-based

framework to model the critical temporal change.

Modeling the temporal information in gait is feasible to alleviate the influence
of covariates such as appearance change, clothing, and carrier. However, when
the gait silhouette sequence contains discontinuous frames (i.e., occlusion in the
captured video) or a video with a different frame rate, the performance of gait

recognition models with temporal information will largely degrade.

Recently, gait representation learned from unordered sets does not rely on the
specific order of the gait silhouette sequence has aroused increasing interest. Com-
pared to phase-synchronised gait silhouette sequence, methods that leverage gait
representation from an unordered set have a simpler preprocessing step. There-

fore, being efficient in real-time prediction.

Set-based approaches have been successfully in fields such as point
cloud [64—66], content recommendation [67], and image caption [6&]. To the best
of our knowledge, GaitSet [69] introduced by Chao et al. is the only work to
exploit set-based representation with gait silhouette sequence. Gait is a periodic
motion with a unique pose in each gait cycle phase. Given an unordered set of

frames, they can be easily rearranged to a correct order by observation, making



the given order unnecessary. GaitSet therefore leveraged all silhouettes in one or
more sequences of a person as a set of unordered frames, and introduced a global-
local fused deep network with set pooling operation to fuse features in different
scales.

The aforementioned approaches can be summarized according to the spatial
and temporal aspect in Fig. 1.2-2. GEINet [70] takes in the input of GEI, where
both the temporal and spatial aspect of the representation learned is low due to
the compression of input. Optical flow map [71] make use of the optical flow
therefore is the highest in temporal aspect. However, spatial information such as
body shape is not considered in this architecture. GaitPart [72] takes in a silhouette
sequence and exploits the micro-motion in different parts. GaitSet [69] learn from
unordered sequence with a novel set pooling. Therefore, it obtains less temporal
but better spatial gait representation. Our model make use of gait period, motion
augmented block and slow-fast discriminator to exploit both spatial and temporal

aspect of gait representation.

r
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Optical Flow Map 0 " - T
[Castro+ 2016] l" % g_ a—l AN
- 2 Ours
=R R *
GaitPart

£5
[Fan+ 2020] ‘

Wi o
LA

GaitSet
[Chao+ 2019]
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[Shiragat+ 2016]
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Fig. 1.2-2. Summary of Existing Gait Representation in Network Architecture. Our pro-
posed gait representation preserves the most information in both spatial and temporal as-
pect.

In the first study, we proposed the task of cross-age gait video translation

for the first time, where the realistic generation quality and identity preservation
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are of equal importance. To realize this, a novel spatio-temporal augmented gait
representation is necessary. Specifically, we introduced a framework with motion
augmented block in the generator to obtain temporal information from gait video.
Meanwhile, a novel discriminator with a slow path and a fast path is proposed to

capture spatial-related information and temporal-related information respectively.

1.3 Inputs for Gait Video Analysis

Silhouette extraction from the captured gait video is a necessary preprocess-
ing step in appearance-based gait analysis framework. We summerize the existing
gait representation in the input stage in Fig. 1.3-3. In existing works, gait sil-
houettes are extracted by segmentation supported by straightforward background
subtraction technique [73]. Although recently many excellent segmentation net-
works have been proposed [74—76], we argue that binary segmentation masks are
not suitable for silhouette extraction in video-based gait recognition methods due

to limitations in spatial and temporal resolution.

Temporal

[T 111

Silhouette sequence

LB

Unordered set
[Chao+ 2021]

AN I

GEl GEnl GFlI CGl Alpha-GEI

[Han+ 2006] [Bashir+ 2009] [Lam+ 2011] [Wang+ 2010] [Hofmann+ 2012]

A

o

Spatial

Fig. 1.3-3. Summary of Existing Gait Representation in Input. Our method learn directly
from alpha matte gait silhouette sequence, which preserves the most information in both
spatial and temporal information in input.
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Fig. 1.3-4. Comparison between segmentation and matting silhouette extraction results.
(a),(d) Original image. (b),(e) Silhouette by segmentation. (c),(f) Silhouette by matting.
We also zoom in some details (red box) for comparison.

For limitation in spatial aspect, captured gait silhouette is in low resolution,
hence each pixel in the captured silhouette represents a group of pixels in a higher
resolution with an average value. The detailed information in the higher resolution
get washed out since the binary segmentation mask classifies each pixel into fore-
ground or background. To address this problem, alpha matte indicates the opacity
of the foreground, which tends to preserve the informative identity characteris-
tics in the gait silhouette of higher resolution. For example, details of shoes and
hairstyle can be clearly captured by matting in Fig. 1.3-4.

For limitation in temporal aspect, captured gait silhouette is usually processed
into a different frame rate for analysis (i.e., period normalize [58] to obtain the
same number of frames for each gait silhouette sequence). Thus, the pixel value
describe the motion pattern of several frames of this specific area, not likely to
be accurately represented by a binary segmentation mask due to the presence of
motion (i.e., binary segmentation mask will probably lead to discontinuity such as
leg area in Fig. 1.3-4). Alternatively, the continuous value in alpha matte tend to
provide a better representation of the motion pattern.

In the second study, we therefore investigate the spatio-temporally aug-
mented fidelity input for cross-age gait video translation. To obtain such gait rep-
resentation, we train with a novel network architecture. To make the most use
of foreground/background information in an alpha matte estimation network un-

der the limitation of memory usage, we introduced a network that can learn fine-



grained contextual information from the whole input and estimate alpha matte and
background simultaneously while keeping the definition of matting equation. In
the discussion chapter, we provide a scheme that trimap can be automatically es-
timated in the matting method introduced in the second study. We further provide
thorough experiments on the largest gait database with age to reveal how accuracy
of silhouette affect the performance of age progression/regression on age group

classification and cross-age gait recognition.

1.4 Organization of the Thesis

The thesis is organized as follows: Chapter 1 is the overall introduction of
age aspect in gait analysis. Chapter 2 to 4 are studies conducted during doctoral
program.

In Chapter 2, we proposed multi-age group gait video translation for the first
time, which aims to preserve the identity while realize the function of age progres-
sion/regression on gait. Specifically, we build our framework on a multi-domain
image translation model. Because the existing multi-domain image translation
model was originally designed for a still image, we extend it to gait video by in-
troducing a motion-augmented network architecture with three streams, where gait
period, period-normalized phase-synchronized gait video, and its frame difference
sequence are each input to one stream. We then train the network to ensure three
aspects: aging effect (using an age group classification loss), individuality preser-
vation (using a reconstruction loss), and gait realism (using an adversarial loss).
Our framework quantitatively and qualitatively outperforms state-of-the-art age
progression/regression methods on the largest gait database, OULP-Age, with re-
spect to both age group classification and identity recognition.

In Chapter 3, we studied natural image matting task and achieved compet-
itive results on widely acknowledged matting benchmarks. To capture global
contextual information from a whole image without degrading the image qual-
ity, an end-to-end three-branch image matting framework is proposed, which can

exploit unknown-relevant global contextual information condensed from the high-

9



resolution image. We then proposed a matting-oriented contextual aggregation
can cope with such a situation by making use of all the pixels in the deformed
foreground/background where foreground/background pixels are dominant. The
proposed method can estimate alpha matte and background simultaneously while
keeping the matting equation, which can improve the foreground extraction per-
formance qualitatively.

In Chapter 4, We further provided a discussion on how the high fidelity input
may influence the gait video translator across ages. We first designed a scheme to
automatically estimate the trimap for the proposed matting method, so that the mat-
ting can be adopted without user interaction. Specifically, we adopted a inpainting
method to predict the background and finetune the proposed matting method on
OULP-Age. We then provided thorough experiments on the largest gait database
with age information, OULP-Age, to reveal how the input quality of silhouette af-
fect the performance of age progression/regression task on age group classification
and cross-age gait recognition.

Finally, conclusions are drawn and future work is discussed in Chapter 5.
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Chapter 11
Multi-age Group Gait Video Translation

2.1 Introduction

Gait refers to a person’s walking style and is considered as one of behav-
ioral biometrics, which contains a variety of attributes of the person such as age,
gender, health status, and identity. Among the attributes, since age changes in
gait is inevitable during a person’s life span, it is considered as one of covariates
for gait-based person identification a.k.a. gait recognition. Viewed from another
perspective, the gait provides a cue to estimate an age or age group and hence
gait-based age estimation also enjoy a rich body of literature [39,77-81].

Taking the above-mentioned fact into consideration, if we realize a function
of age progression/regression on gait, i.e., translation of the gait from one age to
another by preserving the identity (see Fig. 2.1-1), we may be able to employ it
for many applications. For example, assuming that a criminal investigator tries to
find a perpetrator by gait recognition after a long time (e.g., 10 years), he/she can
mitigate intra-subject variations between a matching pair of an enrollment and a
query by progressing the age of the enrolled gait by 10 years with the function.
As another application in the healthcare field, a person may pay more efforts to
keep youthfulness in gait by watching his/her age-progressed gait video with the
function.

Although age progression/regression has been extensively studied in the face
analysis community [47, 48], the study [5&] is the only one on gait age progres-

sion/regression, to the best of our knowledge. In their work, the authors progress a
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Fig. 2.1-1. Given one’s current gait video, we attempt to translate into his/her gait video
in different age groups of life.

gait energy image (GEI) [82] (also called an averaged silhouette [53]), which is the
most widely used gait template in the gait recognition community, using a subject-
independent geometric warping field. Taking into account a variety of potential
applications, it is naturally preferable to translate not a static gait template such
as a GEI but a gait video (e.g., recent gait recognition no longer relies on a static
gait template but employs a gait video as input instead). In addition, since one
process of gait age progression/regression may differ from the process in another
individual, it is preferable to translate a gait video in a subject-dependent way, un-
like [58], which adopts a subject-independent method of translation. Moreover,
most gait analysis studies overlook an important component in gait, i.e., the gait
period (or gait cycle), or they regard it just as a normalization factor. In fact, static
gait templates such as GEI [82], frequency-domain feature [57], chrono-gait im-
age [50], are all period-normalized templates (e.g., in case of GEI, gait silhouettes
are aggregated over a gait period and then divided by the gait period to obtain an
average), and hence the gait period is “washed out”in those gait templates. In ad-
dition, the gait period has not yet been explicitly exploited, even in recent deep
learning-based gait analysis [09, 72, 84]. This is partly because the gait period is
unstable due to intra-subject variations (e.g., changes in walking speed) in the con-
text of gait-based person identification. The gait period is, however, naturally quite
important information in the context of age. For example, a child’s gait period is
usually shorter than that of an adult or elderly person, in other words, children’s
gaits have higher cadence (or frequency). The gait period is therefore considered

to be one of key components for representing the characteristics of each age group.

In this work, we therefore propose a method of gait video translation among
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multiple age groups. For better representation of the age groups’ characteristics,
we convert a gait video into the gait period and a period-normalized (or rate-
normalized) gait video with a fixed number of frames, and then translate both of
them in an original age group to those in a target age group. As such, we can reflect
aging effect not only in gait sequence of one gait period but also in the gait period
(see the supplementary videos to recognize the difference in gait periods among
age groups). In addition, we make the gait video translation subject-dependent by
introducing StarGAN, a kind of conditional GAN framework, which was origi-
nally designed for generic static image translation. The main contributions of this

work include the followings.
1. Gait video translation among multiple age groups

We propose a method of gait video translation from one age group to another
for the first time, unlike the existing work [58] translates just a static gait template.
This is beneficial for potential applications such as cross-age gait recognition using

not a static gait template but a gait video as an input.
2. Gait-oriented motion-augmented video translation

In order to better translate all contents in a cyclic gait video, we design a
video translation framework with three streams: a period-normalized gait silhou-
ette sequence, a period-normalized frame difference sequence, and a gait period.
While the first one mainly encodes body shape aspects in a gait video, the lat-
ter two encode motion aspects in it. This technically differentiates the proposed
method from other work on still image-based face age regression/progression and

general image/video translation.
3. State-of-the-art performance

Our method outperforms modified versions of state-of-the-art of facial age
progression/regression qualitatively and quantitatively in both person identifica-
tion and age group classification tasks with the OULP-Age, the largest publicly

available gait database with age information.
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2.2 Related Work

2.2.1 Face Age Progression/regression

Extensive studies on face aging can be mainly divided into three
groups: physical model-based approaches, prototype-based approaches, and deep

learning-based approaches [40].

The physical model-based approaches correlate biological and physical
mechanism (i.e., craniofacial growth, skin, and winkles) with human age using
models such as an and-or graph, a concatenational graph evolution aging, a cran-
iofacial growth. Although those models are carefully designed, they rely heavily
on the imperfect human knowledge [48] and require sufficient training samples
with aging sequence over a long age span for each individual, which are almost

impossible to be collected for gait.

In the prototype-based approaches, averaged faces are created as the pro-
totype for each group, the difference between each prototype is regarded as the
transition pattern. To offset the missing personal characteristic in the transition
pattern due to the averaged faces, Shu et al. proposed novel aging dictionary
learning methods to better preserve personality [44,45]. However, it still relies
on dataset (i.e. CACD [85]) with short period paired data, which is unlikely to be
acquired for gait. Meanwhile, to obtain progressed and regressed facial image, the

prototype-based approaches need to be trained twice [46].

Recently, the deep learning-based approaches to facial age progres-
sion/regression have achieved the state-of-the-art performance in age group clas-
sification and identity preservation with no paired data. Particularly, Zhang et al.
[46] proposed a conditional adversarial autoencoder where each facial image cor-
responds to a point on the manifold. Translated aging facial images are obtained
through stepping along the aging axis on the manifold. Other GAN-based ap-
proaches [47—49] adopt a pretrained classifier and a conditional GAN architecture
to generate faces conditioned on age during progression and regression to preserve

the identity. Although deep learning-based approaches to face aging can generate
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good simulation results, a gait is not a static image but a video (image sequence),
and hence we consider to directly handle the gait video as an input/output and to

better handle motion and appearance aspect.

2.2.2 Gait-based Age Analysis

Prior studies in gait-based age group classification have demonstrated the
fact that gait contains discriminative aging patterns in a long-elapsed time period.
For example, Mannami have adopted a frequency domain feature [86] to clas-
sify four age groups: children (under 15 years old), adult males, adult females,
and the elderly (over 65 years old). Chuen et al. have investigated correlation of
image-based gait features (i.e. stride length, body length, head-to-body ratio) to
distinguish between children and adults [87]. These internally contained discrimi-
native aging pattern in gait video make the task of multi-age group gait translation
practical. Actually, Xu ef al. have conducted the first gait age translation among
multi-age groups [58]. However, similar to most of the current analysis in gait that
utilize image-based features such as frequency domain feature [57], chrono-gait
image [56], gait flow image [53], Gabor GEIs [52], their work rely on the GEI,

which also falls into the category of image-based gait features.

Although the static image-based gait feature including the GEI had been con-
sidered simple yet effective representations for gait analysis, they have several
problems such as highly compressed motion information and entanglement of ap-
pearance (body shape) and motion information. They have been therefore gradu-
ally replaced with spatio-temporal or more disentangled representations. For ex-
ample, Chao et al. have introduced GaitSet [69], a framework that make use of gait
sequences to achieve the state-of-the-art performance in gait recognition, outper-
forming methods that utilize image-based features by a large margin. In this paper,
we also leverage gait videos to obtain gait aging pattern from both appearance and

motion.
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2.2.3 Video-to-video Translation

Video-to-video translation addressed in [88—91] has aroused attention from
researchers recently. Given a video to drive a motion, these methods transfer the
driving motion to an input static image with a different content, and generate a
video with the different content and the same driving motion. Unlike the previous
work tries transferring the same motion, our task aim to learn the aging pattern

automatically across ages without the driving motion.

As an extension of image-to-image translation, prior works in video-to-video
translation [£8,89] require paired data. Bansal et al. proposed RecycleGAN [90] to
first facilitate unpaired video-to-video translation. Meanwhile, these approaches
have limitations: they rely on the variants of CycleGAN [92], and hence they are
only capable of learning the relations between two different domains at a time,

which lack scalability in handling multiple domains.

2.3 The Proposed Method

2.3.1 Overview

Our goal is to translate a gait video among multiple age groups. In order
to efficiently handle multi-age group translation, we build our method upon Star-
GAN [93] because it can translate images among multiple domains just by a single
unified model (i.e., with less network parameters compared with pairwise trans-
lation models). The StarGAN is a kind of a conditional GAN, and hence it has a
generator and a discriminator as shown in the overview in Fig. 2.3-2. In addition,
for better treatment of all the components appeared in the gait video, we take a
triplet of period-normalized gait silhouette sequence, frame difference sequence,
and a gait period as an input for the generator/discriminator. We will describe
preprocessing, the generator/discriminator, and loss functions, in the following

subsections.
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Fig. 2.3-2. Overview of the proposed framework, consisting of a three-stream genera-
tor/discriminator. We assign positive and negative values in frame difference to red and
blue just for visualization purpose. Given an original triplet of period-normalized gait sil-
houette sequence, frame difference sequence, and a gait period, as well as an original and
target age groups’ labels, the generator translates the triplet to the target age group. The
translated triplet of the target age group is further translated back to that of the original age
group to preserve individuality by a reconstruction loss, while the triplet is also fed into
the discriminator to ensure reality and characteristics of the target age group by adversarial

and age group classification losses, respectively.
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2.3.2 Preprocessing

We briefly describe preprocessing to prepare input data, i.e., a triplet of
period-normalized gait silhouette sequence, frame difference sequence, and a gait
period, for our generator/discriminator.

Given a gait video, gait silhouettes were first extracted by graph-cut seg-
mentation supported by background subtraction [73], since color and texture in-
formation are relevant with neither gait nor body shape. We then obtained size-
normalized and registered silhouette sequences in size 88 by 128 pixels. One gait
period (or cycle) was detected by maximizing auto-correlation along the tempo-
ral axis [57]. We morphed the sequence to produce a period-normalized phase-
synchronized gait silhouette sequence per subject with Njy,, frames [58], where
Nimg 1s experimentally to 25. Examples of the resultant sequence is shown in Fig.
2.3-3. We also extract frame difference sequence, which is also used in a motion-

oriented gait recognition method [94].

AXANIILRRRAAL

IEERRRNENNNS

Fig. 2.3-3. Period-normalized phase-synchronized silhouette sequences (top: an adult,
bottom: a child). Thirteen frames from a half gait period are shown due to space limitation.

The image size of each frame in the gait silhouette sequence and the frame
difference sequence was finally converted to 128 by 128 pixels by adding zero-
padded columns at left and right sides, and then frames in each sequence are
stacked over channel dimensions, for the convenience of treatment in a network
architecture.

As for the gait period [frame], we represent it an indicator vector rather than
an integer scalar for more flexible non-linear translation. We therefore first exper-
imentally set minimum and maximum gait periods as Ppi, = 20 and Ppax = 41,

respectively, and then set Nperiod(: Prax — Pin + 1)-dimensional one-hot vector
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Xperiod € RMNperiod whose i-th component represent the gait period (Ppi, +i— 1).
Specifically, given an input gait period P, the (P — Py, + 1)-th component of the

VECtOr Xperiod 18 1 and the others are zero-padded.

2.3.3 Generator with Motion Augmented Block

We feed the generator the triplet described in Section 2.3.1 to augment the
generator with more motion information.

At the beginning, since we build our framework upon StarGAN [93], i.e.,
image translation framework among multiple domains, we also prepare indicators
for multiple domains, (i.e., age groups).

As for the gait period, we prepare N,g.-dimensional one-hot vector, where
Nyge 1s the number of age groups. In this vector, the element for the target age group
is set to one and the others are set to zero. In addition, we prepare an indicator
vector for an original (or source) age group with the same dimension. We then
concatenate the two indicator vectors to the gait period indicator vector Xperiod in
channel dimension, which results in (Nperiod + 2Nage) channels in total (see Fig.
2.3-2).

As for the gait silhouette sequence, we prepare an indicator set of Nage matri-
ces with 128 x 128 pixels, where a matrix for a target age is set to all ones and the
other matrices are all zero-padded. We also prepare the indicator set of matrices for
an original age group. We then concatenate both of them for each frame of the gait
silhouette sequence in channel dimension, which results in (2N,ge + 1) channels
in total. The input structure of the silhouette sequence is consequently a 4th-order
tensor of 128 x 128 x (2Nyge + 1) X Nimg (see Fig. 2.3-2). Similarly, we concate-
nate the indicator set of matrices for each frame of the frame difference sequence
with (Njmg — 1) frames, which results in a 128 x 128 x (2Nage + 1) X (Nimg — 1)
structure.

Once the generator takes an input triplet of period-normalized gait silhouette
sequence, frame difference sequence, and a gait period at the original age group, it
translates them to a triplet at the specified target age group. As for the gait period,

we simply employ 3 full connection layers to output the Nperioq-dimensional gait
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period indicator vector.

As for the period-normalized silhouette sequence and frame difference se-
quence, we extend network structure used in CycleGAN [92] by using 3D convo-
lution to handle not a still image but a video (i.e., sequence).

Moreover, we introduce a motion augmented block (MAB) so that the model
can share and exchange information about the body shape-dominant silhouette se-
quence and motion-dominant frame difference sequence in the intermediate layers.
This is because the body shape and motion have some correlation, for example, a
certain body shape (e.g., a fat body shape) may limit the gait motion (e.g., range
of joint motion).

More specifically, let the feature maps of the gait sequence and the frame
difference sequence at the i-th stage be C; and M;, respectively. We first apply
three-dimensional convolution filters f$, ., (resp., fi2.,) for C; (resp., M;) to obtain

intermediate feature maps C! (resp., intermediate difference map M/) as

Cll = fcconv<ci) (2.3.1)
M] = fin (M)). (23.2)
We further apply three-dimensional convolution filters f5 7" (resp., fltC
to the intermediate feature maps C; (resp., intermediate difference map M/), and
obtain the feature maps at the second stage by exchanging the appearance and

motion information as

Ciy1 = Ci+ flom (M]) (2.3.3)
Miy1 =M+ fiont (faite(C))- (2.3.4)

Note that the three-dimensional convolution filters have the same structure (i.e.,
kernel size 1, stride 1, dilation 1) yet have different weights. After passing two
MABs, we apply some more convolution and deconvolution layers to generate a

silhouette sequence and a frame difference sequence of the target age group.
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2.3.4 Discriminator with SlowFast Path

We adopted a discriminator with a SlowFast path inspired by [95] as a prim-
itive analogy to human visual system to better discriminate the generated pro-
gressed/regressed sequences. While sparsely sampled translated silhouette se-
quence (i.e., every five frames) are fed into the slow path to capture more body
shape-relevant features with high channel capacity, the translated frame difference
sequence with full frames are fed into the fast path to capture more motion-relevant

features with low channel capacity.

Moreover, we fuse features from the fast path to the slow path by using lat-
eral connection, which has demonstrated its effectiveness in optical flow-based
two-stream network [96, 97]. Finally, output from the both paths as well as the
translated gait period indicator vector are fed into an adversarial loss and age group

classification loss through several layers, as described in the following subsection.

2.3.5 Loss Functions

As for the generator, we compute reconstruction losses with L1-norm be-
tween original and reconstructed silhouette sequences/frame differences and with
a cross entropy between original and reconstructed gait period to preserve individ-
uality as demonstrated in [47,48]. Specifically, similar to [92, 93, 98], we apply
the generator twice: original age group to target one; target age group to original
one, to get reconstruction. Let X, Xgifr, and Xperioq are the silhouette sequence,
the frame difference sequence, and the gait period of the original age group cory,
respectively, and G,(X;cyg) is a generator to the target age group cye for a com-

ponent s € {sil, diff, period}. The reconstruction loss is then computed as

Liec = Z ;LsEfs,corg,ctrg [ds (zs »Corg 7Ctrg)] (2-3 5)
se{sil,diff,period }
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ds(fbcorgactrg> =
||% — Gs(Gs(¥s; cire )i corg) |1, if s € {sil, diff} (2.3.6)
fee(Xs, Gs(Gs (X3 Curg )i Corg),  if s € {period},

where f. stands for cross entropy loss, weights A1, Adgifr, and Aperioq are set

to 1, 0.01, and 1, respectively.

As for the discriminator, we apply two loss functions: an adversarial loss and

a age group classification loss.

The adversarial loss is introduced to make translated gait videos realistic.
More specifically, we choose Wasserstein GAN [99] to make generated sequences

indistinguishable from real sequences and stabilize training as

Ladv = ladVEIc'[D()_C’)] - 2'aldVIEv?,c[D(G()_C)v C))]

. ) (237)
— AgpE[([[VzD(X)[]2 — 1)7],

where X denotes a concatenated vector of X, Xaifr, and Xperiods % denotes a uni-
formly sample straight line of the concatenated vector between real and fake ones,

and c is an age group label.

The age group classification loss is introduced to preserve a age group-
specific property in gait. Unlike previous studies [47, 48] use a pre-trained age
group classifier, we train the age group classifier through optimization of both
generator and discriminator in an end-to-end manner similarly to [93]. Specifi-
cally, the age group classification loss poses constraints on real videos to optimize
discriminator, and pose constraints on fake videos to optimize generator as follows

preal _ Ef7corg[_ logD(Corg‘)_m

cls

Lfake _ E)ﬁctrg [_ logD(ctrg |G(f, Ctrg))] .

cls

(2.3.8)

Finally, the full loss function composed of the losses introduced above are

22



defined for each of the discriminator and the generator as

LD = _Ladv + ;Lclereal
LG = Ladv + }Lclstake + ;lqechec-

(2.3.9)

2.4 Experiments

2.4.1 Datasets

We trained and evaluated our model on OULP-Age dataset [100], which is
the largest gait database with age information in the world. We used a subset of
26,159 subjects with ages ranging from 2 to 90 years old. We randomly chose
2,616 subjects (roughly 10% of the entire dataset for quantitative and qualitative
evaluation, and used the remaining for training.

We then set the age groups. Gait reflects human’s physical growing pro-
cess, where the difference between neighboring age group is not necessarily the
same [101,102]. Generally, young children and teenagers (i.e., under 20 years old)
grow more rapidly than adults, since the body of adults have grown into a mature
physical state [103]. Therefore, instead of dividing ages with a uniform interval,
we defined five age groups: [0, 5], [6, 10], [11, 15], [16, 60], and over 60 simi-
larly to [104]. Examples of the dataset are shown in Fig. 2.3-3, and its statistics

are shown in Table 2.4.1.

Table 2.4.1 Statistics of subset of OULP-Age.

Age group | [0,5] [6,10] [11,15] [16,60] Over 60 | Total
#Training 639 4,148 2,961 15,108 687 | 23,543
#Test 71 462 329 1,678 76 | 2,616

2.4.2 Experimental Setup

We use Adam optimizer [105] with B; = 0.5 and B, = 0.999 for optimiza-
tion. The learning rate starts from 0.0001 and fix for 100 epochs, then decays by
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0.1 every 100 epochs, and stays at 0.000001 finally. The batch size is set to 8.
Similar to [99], we perform one generator update after five discriminator updates.
We compared the proposed method with the state-of-the-arts on deep generative
adversarial facial aging including CAAE [46], IPCGAN [47], and S2GAN [4&]
qualitatively and quantitatively. For qualitative evaluation, we visualize the gen-
erated gait sequence in subsection 2.4.3. For quantitative evaluation, we conducted
experiment on age group classification and cross-age gait recognition (i.e., identity

recognition) in subsections 2.4.4 and 2.4.5, respectively.

2.4.3 Qualitative Visualization

I checked the generation results of 2616 subjects in the test set and the ran-
domly sampled generation results for visualization in the training phase for ev-
ery 1000 epoch, and visualized typical examples of generated gait videos from
different methods given target age group for comparison in Figures 2.4-4, 2.4-5
and 2.4-12. CAAE [46] projects the encoded vector to a latent manifold which
is constrained by a simple uniform distribution, and does not well preserve indi-
viduality (e.g., hairstyle in Fig. 2.4-12 and woman’s skirt in Fig. 2.4-13 cannot be
reflected in translated target age group gait video by CAAE. Even the gender of
the translated subject is hard to distinguish in CAAE results). While IPCGAN [47]
adopts a pre-trained classifier to better preserve individuality, it produces artifacts
in arm in some cases. S2GAN [48] is a state-of-the-art facial aging method and in-
troduced a well-designed S2 module which well captures age group-specific char-
acteristics (e.g., senior people tend to be fatter). However, it fails to preserve
individuality (e.g., the woman in Fig. 2.4-5 is slimmer than general one, but the
generated video by S2GAN ignores this characteristic). On the other hand, our
method well captures both age-specific characteristics and individuality, yielding
the best qualitative result.

We also visualize the age progressed and regressed gait video for multiple age
groups with our method in Figures 2.4-7 to 2.4-11. We can see that our method
successfully realizes realistic body shapes such as body-length, head-to-body ratio,
leg length for kid (0-5 years old), child (6-10 years old), and teenager (11-15
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Fig. 2.4-5. Input: Original gait video (1st row, age group [16-60]). Output: translated ones to age group [6-10] by CAAE, [IPCGAN,
S2GAN, and our method (from the 2nd to 5th row).
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years old), respectively. Meanwhile, our method generates smaller stride length
in the gait video of senior age group (over 60 years old), which corresponds to the
physical phenomenon that people tend to walk slower when aged.

Since such self-check may not be convincing enough, we’ll conduct subjec-
tive tests in the future to provide the qualitative evaluation of whether the generated

videos keep age group/identity characteristic from human perspective.

2.4.4 Age Group Classification

Age group classification on real gait sequences can be widely deployed in
real-world applications such as market research to find the potential consumer
of the product, automatic age-dependent crowd counting, etc. However, the age
group classification experiment conducted in this thesis is based on simulated data,
which is regarded as a measure to evaluate the generation quality of aging patterns.
In other words, such experiment is to evaluate to what extent do the generated
cross-age gait silhouette sequence simulate the real characteristics of the intended
age group.

Specifically, we first designed an age group classifier using a modified
ResNet-18 architecture [106] by following [93], and then trained it with real gait
silhouette sequence of OULP-Age (the same training and test set split). The in-
put dimension of first convolution layer of ResNet-18 is modified to Njye = 25
in order to handle not a single still image but a gait silhouette sequence. By clas-
sifying the generated gait silhouette sequences from different methods using the
same pre-trained ResNet-18 classifier for an unseen test set, we can check to which
extent each method generates age progressed/regressed video that can present the
characteristics of the intended age group.

Experimental results on age group classification accuracies among bench-
marks are shown in Table 2.4.2. We also report two more properties: whether
the multi-age group gait sequence generation model is trainable in an end-to-end
manner, and the number of network parameters.

As aresult, we can see that the proposed method outperforms the other bench-

marks and that it yielded the best accuracies for all of the age groups. Besides, un-
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[0, 5]

[6,10]

[11,15]

[16, 60]

Over 60

4

Fig. 2.4-8. Input: Original gait video (1st row, age group [6,10]). Output: translated ones to age groups [0, 5], [6, 10], [11, 15], [16, 60],
over 60 by our method (from the 2nd to 6th row).
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Fig. 2.4-10. Input: Original gait video (1st row, age group [16,60]). Output: translated ones to age groups [0, 5], [6, 10], [11, 15], [16,
60], over 60 by our method (from the 2nd to 6th row).
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‘ 4 ‘ ‘r //

(a) Subject A. Female in age group [11-15]

Input » »

(b) m:Emo_“ B. Male in age group [11-15]

Fig. 2.4-12. Input: Original gait video in age group [11-15]. Output: translated ones to age group [6-10] by CAAE and our method in
(a) and (b).
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Table 2.4.2 Age group classification accuracy for benchmarks. E2E indicates end-to-end
training. Bold font indicates the best accuracy.

Age group (Ground Truth)
[0.5] [6.10] [11,15] [16,60] Overco | AVv&|E2E | #Param
CAAE | 1053 5875 3509 92.69 1673 | 4276 | +/ | 44.4M

Method

IPCGAN | 12.16  65.63 42.24 81.50 16.17 | 43.54 36.4M
S2GAN | 11.72  62.52 46.73 93.86 19.85 | 46.93 36.7M
Ours 2274 7290 84.17 98.01 49.54 | 65.47 Vv | 39.3M

like IPCGAN [47] and S2GAN [48] requires a pre-trained age group classifier to
train the multi-age group translation model, the proposed method does not require
it, i.e., it can train the model in an end-to-end manner, which can save training
time and efforts for the pre-training. Moreover, we notice that the number of net-
work parameters for the proposed method is comparable to the benchmarks, which

shows a good scalability of the proposed method.

2.4.5 Cross-age Gait Recognition

We conducted cross-age gait recognition experiments to evaluate the preser-
vation of individuality using the age progressed/regressed generated gait sequence
in addition to real ones. The dataset for the cross-age gait recognition experiment
composed of three subsets: a training set, a gallery set, and a probe set. The train-
ing set contains 23,543 subjects, the gallery and probe sets form a test set com-
posed of the other 2,616 subjects that are disjoint from the training set. The real
silhouette sequences are assigned to the gallery, while the generated sequences are
assigned to the probe. The training and test phase is illustrated in Fig. 2.4.5.

We first train the proposed cross-age gait silhouette translation framework to
generate five gait sequences per subject, which correspond to the five age groups.
Since the real cross-age gait database is not available, we designed the follow-
ing simulated experimental setting. In the training phase, we train GaitSet [69],
which is a state-of-the-art network structure in gait recognition for gait silhouette
sequences (as opposed to static gait templates), with multiple real and generated

gait silhouette sequences from training set. Cross entropy loss and triplet loss are
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imposed to keep the identity across ages during training. In the test phase, the
real silhouette sequences of the test set are assigned to the gallery, while the cor-
responding generated sequences are assigned to the probe. The trained GaitSet
model takes in one input from probe, and compare the final representation of the

input subject with subjects in gallery.

(Training Set)

SUbJECt 1 o
i SUbjeCt 2 l'" -
Train Phase 7 - e
SUbjeCt ’ lll‘ o
/

One Generated Trained
Subject D caitset (o LT .[1]
(Probe) [Chao, 2019] A

Match based on Euclidean distance \i,
Test Phase
All Real Subjects
(Gallery) - a

Fig. 2.4-14. Train and test phase of GaitSet [09].
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In an identification scenario, we matched a probe to all the subjects in gallery
and evaluated rank-1 identification rate based on dissimilarities (i.e., euclidean
distance between the final representations in the trained GaitSet network). We

computed the standard deviation (uncertainty) sFRR of false rejection rate (FRR)

pFRR in case of a single attempt per subject according to [107, 108], which is
represented as:
1—
OFRR = \/pFRREQ — 1pFRR) (2.4.1)

where n is the number of subjects and it is 2,616 in our case. The standard devia-

tion of true acceptance rate and rank-1 identification rate can be computed in the
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same manner. Take results for the age group [0,5] as an example, in the form of
rank-1 identification (£the standard deviation), the following results are obtained.
CAAE: 84.9%(+£0.70%), IPCGAN: 99.6%(40.12%), S2GAN: 98.8%(+0.21%),
Proposed: 99.7%(£0.11%). We therefore confirmed that there is still statistical
significant difference between the proposed method and the benchmark method
even though the absolute difference of the rank-1 identification rate is less than
1% (between the proposed method and IPCGAN).

In a verification scenario, an input pair of a probe and a gallery is accepted as
the same subject (i.e., positive sample pair) if the dissimilarity measure between
them is below an acceptance threshold, and is rejected otherwise (i.e., negative
sample pair or different subject pair). We computed the equal error rate (EER) of
the false acceptance rate and false rejection rate as a typical performance measure.
As reference, we also confirmed the statistical significant difference in terms of
EER.

Table 2.4.3 Rank-1 identification rates [%] and EER [%] (4standard deviation [%]) for
each age group in probe. Bold font indicates the best performances.

Age group
Measure | Method 0.5]  [6,10] [1.15] [16,60] Over60| &
CAAE 849 842 843 855 852 | 84.80
(£0.70) (£0.70) (£0.71) (£0.71) (0.69)
9.6 998 999 992 993 | 99.56
Rankl IPCGAN| 10.12) (£0.09) (£0.06) (20.17) (+0.16)
DOAN 988 979 982 988  99.0 | 98.54
(£0.21) (£0.28) (£0.26) (£0.21) (£0.19)
Ours 997 995 993 998  99.7 | 99.60
(£0.11) (£0.14) (£0.16) (£0.09) (+0.11)
CAAE 093 097 096 096 001 | 094
(£0.19) (£0.19) (£0.19) (£0.19) (£0.19)
073 070 096 093 084 | 083
ER IPCGAN| 10.17) (£0.16) (£0.19) (£0.19) (£0.18)
DOAN 078 088 096 070  0.64| 0.79
(£0.17) (£0.18) (£0.19) (£0.16) (£0.16)
Ours 024 020 031 032 034 028
(£0.10) (£0.09) (£0.11) (£0.11) (£0.11)

Experimental results of the cross-age gait recognition are summarized in Ta-

ble 2.4.3. As a result, we can see that the proposed method yielded the best accu-
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racy for all age groups, which indicates the superiority of the proposed method in
terms of individuality preservation.

Under the real-world application such as time-lapsed identity verification in
criminal investigation, the proposed method achieves an EER of 0.28%, which in-
dicate the criminal investigator can narrow down the search scope of 1000 people
to 2.8. Since the manual check of large-scale surveillance videos can be a tedious
work, the proposed cross-age gait video translation method can be leveraged as a
way of screening to largely reduce the human labor of the criminal investigator.
Although such simulated cross-age gait recognition experiment may not be ideal
for evaluation of identity preserve across ages and might not guarantee the perfor-
mance on real data, the GaitSet model learns well during training provide evidence

that identity is discriminative in the generated cross-age gait silhouette sequences.

2.4.6 Ablation Study

We made ablation studies on individual modules and report the accuracies of
age group classification in Table 2.4.4.

First, in order to validate the effectiveness of the gait period, we removed the
period stream in both generator and discriminator. As a result, it turns out that the
accuracy decreases by approx. 15% without the gait period, which indicates that
the gait period is essential for age analysis in gait.

Second, in order to validate the effectiveness of the SlowFast path, we
replaced it with two extended one-stream discriminators derived from Star-
GAN [93], i.e., we used the one-stream discriminator for both gait silhouette se-
quence stream and frame difference sequence stream. As a result, it turns out that
the accuracy decreases by approx. 2% without the SlowFast path. Moreover, the
SlowFast path is more efficient than the one-stream discriminator [93] w.r.t. the
number of network parameters (i.e., the number of parameters with the one-stream
discriminator is more than twice). This is because the SlowFast path can save the
number of parameters by limiting the temporal resolution in the slow path (i.e.,
sampling by every five frames) as well as by limiting the channel capacity in the
fast path.
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Finally, we removed the MAB to validate the effectiveness of interaction be-
tween the gait silhouette sequence and the frame difference sequence. As a result,
it turns out that the accuracy decreases by approx. 7% without the MAB. This
indicates that interaction between motion and body shape by the MAB is essential

to age group classification.

This ablation study consequently demonstrates the benefits of the MAB, the
SlowFast path, and the gait period.

Table 2.4.4 Ablation study of different modules in our network on average age-group clas-
sification accuracy [%]. We show the results for the final proposed method (top row) and
compare them with the results obtained when individual modules are removed to validate
their effectiveness (second to bottom rows). #Params: number of network parameters in
millions.

Modules Accuracy #Params in million
MAB SlowFast Period Generator | Discriminator
v V Va 65.47 20.01 19.35
vV V 50.34 20.00 19.30
vV vV 63.21 20.01 44.83
vV V 58.05 16.60 19.35

2.4.7 Failure Mode Analysis

We list a typical false example in Fig. 2.4-15, where the first row is the input
of'age group [0, 5] years old, the second row is the output of translated ones to age
group [16, 60] years old. Young children usually have larger head-to-body ratio
compare to adults. When translating from age group [0,5] to [16, 60], our method
can successfully generate smaller head-to-body ratio (small head for adult), but
will sometimes lead to artifacts in head (red circle). Meanwhile, since our method
is image-based one, generated arm and legs might not be consistent across frames
(green circle). We will solve it by introducing a model-based method, which en-

ables us to prevent from such artifacts and inconsistent body shape, in future work.
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Fig. 2.4-15. False example. Input: 1st row, original gait video of age group [0, 5] years
old. Output: 2nd row, translated gait video of age group [16, 60] years old.

2.5 Summary

In this chapter, we introduced an end-to-end motion augmented multi-age
group gait video translation framework, which exploits both motion and body
shape information from gait sequences. Specifically, we proposed three-stream
generator/discriminator with the gait period, period-normalized gait silhouette se-
quence, and the frame difference sequences in conjunction with motion augmented
block and the SlowFast path. Experiments on OULP-Age demonstrated the supe-
riority of the proposed method quantitatively and qualitatively among other state-

of-the-art methods.
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Chapter I11

General Image Matting with
simultaneous Alpha and Background
Output

3.1 Introduction

Image matting, which refers to the problem that accurately extracts the fore-
ground opacity from an image, also known as alpha matte, is a fundamental oper-
ation for various tasks during the post-production stage of feature films, such as

background replacement, layer separation and color correction.

Mathematically, the color mixtures in soft transitions between foreground and

background are typically represented with the composition equation
i = oiFi + (1 — o) B;, (3.1.1)

where @; € [0, 1] stands for the weight or the opacity of the foreground color at pixel
i, I; is the original image at pixel i, F; and B; denote the foreground and background
at pixel i respectively. Since neither the foreground and background colors nor
the alpha mattes are known, estimating the value of alpha matte is a highly ill-
posed problem. To alleviate the difficulty of this problem, typically an image
is accompanied with a user input trimap, which is a rough segmentation of the

input image into foreground, background, and unknown region with undetermined
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opacity.

Existing image matting methods can be categorized into traditional meth-
ods and learning-based methods. Traditional methods can be further divided into
propagation-based methods [109—112], sampling-based methods [113—115], and
a hybrid of both [116—118]. In propagation-based methods, the unknown alpha
values are propagated from the known region according to the matting equa-
tion (3.1.1). Nevertheless, propagation-based methods rely heavily on the continu-
ity of image. In sampling-based methods, for each pixel in the unknown region, the
best foreground and background color pair is sampled to compute the alpha matte.
However, due to the absence of high-level semantic information, sampling-based
methods perform badly when the foreground and background color distributions
have a large overlap. In addition, the above traditional matting methods are very

inefficient, which usually cost minutes to process a single image.

Recently, learning-based matting methods [119-129] have achieved rapid
progress by estimating the alpha values directly through a convolutional encoder-
decoder neural network. Different from traditional methods that might take several
minutes to process a single image even with GPUs, learning-based methods can
output results in real-time, and avoid “smearing” or “chunky” artifacts by utilizing
high-level semantic information. Nevertheless, existing learning-based methods
suffer from deficiency of global contextual information which has been proved es-
sential in matting performance [ 1 27]. This is because a matting image may be up to
several megapixels, which is too big for learning-based network to capture global
contextual information from the original matting image due to the limit size of
the receptive field for convolution layers. Other existing methods [129, 130] crop
the unknown regions during training so as to reduce the input size and preserve
the quality of input. However, cropping the unknown regions will ignore global

contextual information in the regions which are not cropped.

In this work, we introduce an end-to-end image matting network, which can
seek for unknown-relevant global contextual information from the whole image.
Our network consists of two stages as shown in Fig. 3.1-1. In the first stage, we

use a deformable sampling layer to downsize the original large image into two de-
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formed compact images, magnifying the foreground and background separately.
In this way, we still obtain desired small input for the network while maintain-
ing the foreground and background information maximally. In the second stage,
we adopt a contextual attention (CA) layer [131] to extract foreground and back-
ground information which is related to the unknown region in the crop. However,
contextual aggregation for image inpainting cannot be applied in a straightforward
way. Key differences from the inpainting-oriented CA layer are as follows: (1)
We need to aggregate both foreground and background cues in the unknown areas
which is vital for alpha matte estimation. More specifically, a composite color
in the input image and foreground/background information gives a strong cue for
alpha matte by taking account of the matting equation. (2) The existence of the
definite foreground/background is not guaranteed, e.g., no definite foreground in
case of a semi-transparent foreground object, and hence no patches may be avail-
able either for foreground or background. To cope with this, we employ deformed
sampling technique and use all the pixels in the deformed foreground/background,
where foreground/background pixels are dominant. Moreover, we would claim a
framework of simultaneous alpha matte, background and foreground estimation
as a contribution. Unlike most of the existing matting studies that do not esti-
mate background or foreground, and hence a foreground image directly extracted
from an input image is always contaminated with a background color, our method
can estimate purified foreground as well as purified background, which should
be preferable for matting applications (superimposition of foreground objects on
another background image). Even though a few studies try estimating foreground
and background as well as an alpha matte, the outputs are estimated independently.
Hence matting equation is not guaranteed to be held in those methods. Therefore,
the proposed method, which satisfies the matting equation in the estimation pro-

cess, could generate a more reasonable foreground/background.

Our contributions can be summarized as follows: (1) To capture global con-
textual information from a large input image without degrading the image qual-
ity, we propose an end-to-end three-branch image matting framework, which

can exploit unknown-relevant global contextual information condensed from the
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whole large image. (2) We propose a matting-oriented contextual aggregation
supported by deformed sampling. Unlike the original contextual aggregation de-
signed for image inpainting, which cannot consider a situation of no definite fore-
ground/background region in image matting, our matting-oriented contextual ag-
gregation can cope with such a situation by making use of all the pixels in the
deformed foreground/background where foreground/background pixels are dom-
inant. (3) Our method can estimate alpha matte and background simultaneously
while keeping the matting equation, which can improve the foreground extraction
performance qualitatively. (4) Our method achieves competitive results on both

Composition-1k and the alphamatting.com benchmark.

3.2 Related Work

Both traditional methods and learning-based methods for image matting have
been widely investigated in computer graphics and vision community. Traditional
methods can be further categorized into sampling-based methods and propagation-
based methods. In this section, we provide a brief review of some representative

examples.

46



Sampling-based Methods: Sampling-based methods [111, 116—118&] first
gather a set of samples from known foreground and background color regions,
and then choose the best foreground-background color pair from them for each
pixel in the unknown region. The sampling-based methods differ in building the
sample set and selecting good samples within the set. Bayesian Matting [111]
models foreground and background colors as mixtures of Gaussians and samples
from the foreground and background pair with the maximum likelihood. Instead
of constraining the sampling set to the boundaries of trimap, comprehensive sam-
pling [118] models sampling distance as a function of the proximity of the un-
known pixel to the known region. Shared Matting [ | 17] recognizes that true sam-
ples may be located farther away from an unknown region, and therefore collects
samples by shooting rays in different directions. However, the ray-based sampling
strategy can find spatially distant samples, but most of them are nearby. Thus the
true samples can still be missing. To decrease the probability of missing a true
sample, He et al. propose the global matting method [116] to search in a global
sample set that contains all available samples, which can decrease the probability
of missing a true sample. However, the increasing number of samples makes the

subsequent sample selection more expensive.

In summary, the methods in this category take advantage of natural image
statistics to solve the ill-posed matting problem. These methods can perform well
when a strong correlation between the unknown pixels and known ones exists, i.e.,
the input image contains smooth regions and the trimap is well-defined. How-
ever, local smoothness assumption might not hold especially in a complex scene
(e.g., a highly textured and cluttered scene), leading to the fundamental limitation
for sampling-based methods. In this paper, we propose a learning-based matting
method with attended global contextual information to improve efficiency, which
shares a similar idea with sampling-based methods when gathering global infor-

mation from the whole image.

Propagation-based Methods: Propagation-based methods [109, 110, 112,
, 1 33] formulate the estimation of alpha matte as optimization problem to prop-

agate alpha matte values from known foreground and background region to un-
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known region based on appearance similarity. The propagation-based methods
differ in the way to construct the correlation between pixels and to propagate the al-
pha matte values. Poisson matting [ 1 09] formulates the matting problem as solving
Poisson equations with the matte gradient field under the assumption that intensity
changes in the foreground and background are locally smooth. Closed form mat-
ting [ 1 1 0] proposes a closed-form solution by minimizing a quadratic cost function
based on alpha matte under the constraint of local smoothness. Non-local mat-
ting [ 132] is the first work to apply the non-local principle in the matting problem
to obtain the sparsity in matte representation and produce good graph clusters. To
be faster and more accurate with sparse user label, KNN matting [133] employs
the non-local principle by using K nearest neighbors to match non-local neighbor-
hoods. Authors in Information flow matting [112] propose a color-mixture flow

that utilizes the local and non-local affinities of colors and spatial smoothness.

In summary, the propagation-based methods are likely to be more robust than
sampling-based methods when dealing with complex images. However, as alpha
matte is estimated in a propagation fashion, from known pixels to unknown ones,
small errors could be propagated and accumulated to produce more significant er-
rors. Besides, since affinities are defined only in local windows, they cannot con-
sider the global context at a far distance and hence may result in poor performance
when the global context plays an important role. Instead of defining affinities
between neighboring pixels to employ local image statistics, the matting-oriented
contextual aggregation layer we introduce in this paper can enhance features in the
unknown region with relevant foreground/background features in a differentiable

way.

Learning-based Methods: Modern deep learning-based methods directly
learn an alpha matte from an image and its trimap. Early methods in this cat-
egory [119, 134] rely on traditional matting methods to approximate the actual
matting with the goal of improving overall matte quality. With the invention of
the encoder-decoder learning framework, learning-based methods have demon-
strated their capability in learning high-level semantics that can avoid “smearing”

or high-frequency “chunky”artifacts [123]. Lutz et al. [120] improve the decoder
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structure by adding atrous spatial pyramid pooling [ | 35] to the decoder to resample
the features at several scales. Zhang et al. [125] leverage two decoder branches for
foreground and background respectively, followed by a fusion module to integrate
the raw alpha result. Lu ef al. [128] introduce an index-guided encoder-decoder
framework, where indices are self-learned and used to guide the pooling and up-
sampling operators. Usually, images are cropped for input during training due to
speed and memory concerns in learning-based methods, meanwhile, the architec-
ture of deep convolutional neural network can be ineffective to learn spatial distant
information [ 136, 137], leading to the lack of global contextual information.

In summary, learning-based methods have the most impressive performance
among the three categories since the availability of large-scale datasets. How-
ever, they might be unable to capture spatial distant information in large images
due to the limited size of the receptive field for convolution layers. To tackle
this problem, we introduce an end-to-end matting system that collects global con-
textual information related to unknown regions, which is consistent with global

sampling-based methods.

3.3 Natural Image Matting with Attended Global

Context

3.3.1 Overview

Our goal is to predict an alpha matte as well as a pure background given an
input composite image and a trimap. Note that a foreground is computed based
on the basic matting equation (3.1.1) given the input image /, the predicted back-
ground B, and the predicted alpha matte ¢&. The reason why we estimate the back-
ground instead of the foreground is that the ground-truth background is usually
available for an entire image while the ground-truth foreground is valid only in a
region where the alpha matte value is non-zero in the training phase.

Moreover, we utilize condensed global context information from foreground

and background for better prediction, because (1) contextual information in spa-
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tially distant area is essential to alpha matte estimation performance [127]; (2) the
matting image of the original size is too large for the receptive field of learning-

based network.

For this purpose, we design an end-to-end natural image matting with con-
densed global context with three encoder branches and two decoder branches
shown in Fig. 3.1-1. Among the three encoder branches, the middle encoder
branch processes the image crop while the top (resp., bottom) encoder branch pro-

cesses the condensed foreground (resp., background).

In the first stage, inspired by [13&], we use a deformable sampling layer to
condense the original large image into two smaller images that reflect the fore-
ground and the background respectively. By taking the background as an example,
we use the background mask as the attention map to generate a distorted coordinate
system (visualized in the grid map in Fig. 3.1-1), and then condense the original
large image according to the distorted coordinate system. As shown in Fig. 3.1-1,
background pixels are more densely sampled than other pixels, producing a de-

formed condensed background.

In the second stage, we use the contextual attention layer [131] to seek fore-
ground and background information that is related to spatially distant unknown
region in the cropped area. In this way, we can preserve the context information
of foreground and background to the utmost separately. Again, by taking back-
ground as an example, we extract patches from a background feature map, compare
features of the unknown region with background patches all over the whole image,
and reconstruct features of the unknown region with relevant background patches,

generating background-aware features of the unknown region.

Finally, we aggregate the original crop feature map, foreground-aware feature
map, and background-aware feature map by element-wise summation, then feed
the aggregated feature map into the remaining network to produce the alpha matte.
In the following, we will fully describe the first stage in Subsection 3.3.2 and the

second stage in Subsection 3.3.3.
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3.3.2 Foreground and Background Deformable Sampling

Most convolutional neural networks only allow constrained input size con-
sidering computational and memory efficiency as well as the benefit of effective
batch training. However, matting images are usually as large as megabytes in the
natural image matting task. Previous methods generally use uniform downsam-
pling and cropping to satisfy the desired input size, but this will cause significant
information loss. To preserve the global foreground and background information
to the utmost separately, we adopt a deformable sampling layer inspired by [13£],
and append it to the start of our network to improve downsampling when obtain-
ing information from foreground and background. Different from using saliency
estimator to get a saliency map, we simply use foreground and background bi-
nary masks as two saliency maps, because we want to maintain foreground and
background information in two downsized images separately.

Given the trimap of the original large image I, we denote the foreground
(resp., background) binary mask as M' (resp., M). In practice, as the foreground
region of many images is very small, we also include unknown region in the fore-
ground mask M".

Specifically, the deformable sampling layer f takes in the foreground mask
M (resp., the background mask MP) and image I to get a deformed compact fore-

ground i (resp., ib) as follows,

=M, 1 =#1M). (3.3.1)

Next, we choose background as an example to introduce deformable sam-
pling layer and foreground can be processed similarly. To fill in the pixel (x,y)
in deformed compact background ib, we sample a pixel from original large im-
age I with the sampling position x (resp., y) determined by function u®(-,-) (resp.,

v°(+,+)). This process can be written as

P(x,y) = IuP(x,y), v (x,y)). (3.3.2)

Note that all coordinates are normalized within the range [0, 1]. Similar to [138],
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the functions u®(+,-) and v®(-,-) can be formulated as

L mP (3 )k((x,y), (¢',y)x

b B Xy
S WU CAUR(CONCAS G
Xy
L m>(x,y)k((x,y), (¥,5")y
b _
S T U (CONCAYI .
XLy

in which m°(x',y’) is the (x,y')-th element in MP° and distance kernel
k((x,y),(x',y)) = 5= exp { - M} with o set as one third of the width

 2mo? 202
of the background mask. Intuitively, for a target pixel (x,y) in deformed com-

pact background 7 b, we sample a “near-target” and “near-background” pixel from
original image I. “Near-target” is realized by the distance kernel k((x,y), (x',y')),
which expects the sampled pixel to be spatially close to the target pixel to avoid the
convergence of all sampled pixels. “Near-background” is realized by background
mask mP®(x’,y"), which encourages the sampled pixel to be from the background
region. In this way, deformed compact background 1" is more densely sampled
from the background region in I, which can zoom and exaggerate the background

region in the downsized image.

Another interpretation is that deformable sampling layer distorts the coor-
dinate system with m®(x’,y’) and k[(x,y), (+',’)]. The foreground or background
would be magnified when sampling based on the distorted coordinate system. Sev-
eral examples are provided in Fig. 3.3-2 together with the distorted coordinate
system. In the deformed grid, expanded cells correspond to the regions to mag-
nify. By virtue of the deformable sampling layer, we can obtain deformed compact
background and foreground, which can maintain the background and foreground
information to the utmost while elastically preserving the image structure. As the
CA layer, which will be mentioned in the next subsection, can automatically align
the features with learned global information without spatial constrains, features do

not need to be aligned.
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(a)

Fig. 3.3-2. Distorted coordinate system. (a) Original image. (b) Foreground and back-
ground binary mask based on trimap. (c) Visualization of distorted coordinate system. (d)
Deformed condensed foreground and background image.
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3.3.3 Unknown-related Contextual Information Aggregation

A convolutional neural network processes image features with local convo-
lutional kernel layers, but such local operators are not effective to obtain features
from distant spatial locations. Meanwhile, it has been proved in [ 1 1 6] that spatially
distant pixels from global image can also contribute to the alpha matte estimation
in a local region. To solve this problem, we enhance features in the unknown re-
gion of the crop by exploiting global contextual information with the CA layer.
The core idea of the CA layer is to use foreground/background patches as convo-
lutional filters to represent unknown region with relevant foreground/background

features.

The CA layer is differentiable and thus can be integrated into an end-to-end
network. Besides, the CA layer is fully-convolutional, and thus supports input
crops of arbitrary shape. After passing the crop, deformed compact foreground,
deformed compact background through the encoder, we can obtain the crop fea-
ture map, the foreground feature map, and the background feature map, respec-
tively. In spirit to the sampling-based matting methods, we consider the problem
as matching crop features in the unknown region with foreground and background
patches, which can be achieved by the CA layer elegantly. In the following, we
use background as an example to describe the CA layer and foreground can be

handled in a similar way.

First, follow [131], we extract 3 x 3 patches from background feature map
and apply them as convolutional filters to the crop features in the unknown region.
With proper normalization, this convolutional operation is equivalent to computing
the cosine similarity between the unknown patch and background patch:

b
Sx7y7'x/ 7y/

= cos(F2/7y/,F;y), (3.3.5)

where F | is the 3 x 3 patch centered around pixel (x,y) in unknown region
and F E, y is the 3 x 3 patch centered around pixel (x’,y") in the background. After
applying the convolutional operation, we can obtain the similarity score map with

the number of channels being the number of background patches. Then, we apply
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channel-wise softmax to normalize the similarity scores for each pixel, leading to

the attention score map $°, in which each pixel-wise attention vector sﬁ’y

sents the attention scores over all background patches w.z.¢. the unknown patch

repre-

centered around pixel (x,y). We visualize attention score map based on a color
codebook, as illustrated in Fig. 3.1-1. Specifically, we use color to indicate the
relative location (e.g., green on top-right, pink on bottom-left) of the most rele-
vant background patch (the largest attention score in s;y) for each pixel (x,y) in
the unknown region (e.g., green on top-right, pink on bottom-left). For example,
top right area of dog ear in the background attention map is green, which means
that it obtains information from top-right of the deformed background (i.e., the
sky).

Then, we apply deconvolutional operation with background patches as de-
convolutional filters to attention score map S°, to reconstruct unknown region.
This is equivalent to representing each pixel in the unknown region with relevant
background patches. We refer to such reconstructed features of unknown region as
background-aware features. Similarly, we can obtain foreground-aware features
by representing each pixel in unknown region with relevant foreground patches.
Please refer to [ 13 1] for more details of the CA layer.

For the unknown region in the crop, we aggregate original crop features,
foreground-aware features, and background-aware features by element-wise sum-
mation. For known region in the crop, we keep using the original crop features.
Then, we input the aggregated crop feature map into the remaining network and
obtain the alpha matte. To be specific, the above procedure of contextual aggre-

gation is described in Algorithm 1

3.3.4 Training Losses

In this paper, we leverage three losses: alpha matte prediction loss, back-
ground reconstruction loss, and foreground reconstruction loss. Alpha matte pre-
diction loss is the most commonly used loss in deep image matting task [123, 128—

, 139]. We only apply alpha matte prediction loss among other losses proposed

in the deep image matting task according to [130]. We apply background recon-
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Algorithm 1: Procedure of Contextual Aggregation.

—

w

N S B A

10

11

12
13
14
15
16

17

18
19

Input : Original image I, deformed foreground/background image I,

a set of pixels in unknown area U, a hyper parameter for
softmax A

Output: Generated foreground/background image by contextual

aggregation Ioy

for each pixel (x,y) in U do

=g

counter(x,y) <0

| Iout(x,y) % O
or each pixel (x,y) in U do

// Seta 3 x 3 patch around (x,y)
Pi(x,y)  {(x+iy+j)|-1<i<1,-1<j<1}
for each pixel (x',y) in the deformed foreground/background image
do
// Seta 3 x 3 patch around (x',y’) as
Py y) e {(+iy' +j)|-1<i<1,-1<j<1}
// Compute cosine similarity between the patches P,(x,y) and
Py (xlvyl)
L s(yx,y) cos[Py(x',y), Pu(x,y); 1y, Iy
// Compute softmax over (x',y’)
prob(x',y';x,y) < softmaxy y[As(x,y;x,y)]
// Update an image and counter
for each pixel (x+i,y+ j) in patch Py(x,y) do
Iout(x+i7y+j) —
Lou(x+i,y+j)+ ¥ prob(X,y'sx,»)la(x+i,y+ )
Xy

counter(x+i,y+ j) « counter(x+1i,y+ j)+1

for each pixel (x,y) in U do
L Iout(x7Y) — Iout(x7y)/counter(x+i,y+j)
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struction loss and foreground reconstruction loss to obtain better background as
well as more purified foreground, which contributes to better qualitative perfor-

mance in composition.

The alpha matte prediction loss is summation of an absolute difference be-
tween the ground-truth alpha matte value ¢; and the predicted alpha matte value

&; over all pixels, which is defined as

Lo=Y |6;— ol (3.3.6)

1

The background reconstruction loss is summation of a weighted L; norm be-
tween predicted background B; and ground-truth background B; over all pixels,

which is defined as
Log =) wogi|Bi — Bil, (3.3.7)
i

where wy, ; 1s a weight at the i-th pixel. As one of the simplest ways, one may
set the weight to a contribution ratio of a background in a composite image, i.c.,
(1 — &) as evident from the basic matting equation (3.1.1). The weight gets, how-
ever, small in a foreground/background blending region, and hence we may fail in
accurately estimating a purified background/foreground in that region. We there-
fore aim at increasing the weight near the foreground/background blending region.

Specifically, we dilate the weight by using the eroded alpha of™% and set the re-

1

sultant weight as wpg ; = 1 — ™%

F19¢€, which enables us to consequently extract more

purified foreground as shown in Fig. 3.4-3. The erosion kernel size k is randomly
chosen from a set {k|1 < k < 30}.

The foreground reconstruction loss is also summation of a weighted L; norm
between an estimated foreground F; and ground-truth foreground F; over all pixels

as
Lig =Y wig il Fi — Fi, (3.3.8)
7

where wgg ; is a weight at the i-th pixel. We simply set w, ; = & unlike the back-
ground weight wy, ; uses the eroded alpha. This is because the ground-truth back-

ground is defined over an entire image, while the ground-truth foreground is valid
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only for region where the alpha value is positive. The estimated foreground ; is
computed from an input image /;, ground-truth alpha ¢;, and predicted background

B; based on the matting composition equation in (3.1.1) as

Il' — (1 — (X,’)éi

fi=
l max(a;, €)

, (3.3.9)
where € is a small positive value to avoid zero division. We set € as 0.003 in the
experiment since the minimum non-zero value of the ground-truth alpha matte is
larger than 0.003.

The overall loss of our method is finally defined as
L= Lo+ A;(Ltg+ Lig), (3.3.10)

in which A; is set to 0.1 in our experiments.

3.4 Experiments

3.4.1 Datasets

We train and evaluate our model on the Composition-1k dataset [123], the
largest public natural image matting dataset, and the alphamatting.com bench-
mark [140]. The Composition-1k dataset contains a training set of 431 unique
foregrounds. The test set contains 1,000 images, generated by 50 unique fore-
ground objects, each composite onto 20 background images. The alphamat-
ting.com benchmark contains 8 test images, each of which has 3 trimaps: small,

large and user.

3.4.2 Implementation Details

Following [129, 130], we randomly composite two foregrounds with prob-
ability of 0.5 respectively to generate a new foreground as well as its alpha

matte. During training, we randomly use crops of different sizes 480 x 480, 512 x
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512, 640 x 640 from the original images to learn more scale-robust model. The
size of deformable downsampled foreground and background is fixed as 512 x
512.

Similar to [126, 128—130], we randomly select background images at each
iteration and composite the training image on the fly, which enables the network
to see completely new input image throughout the training process. Random flip-
ping and rotation are applied to all the cropped and resized training images for
variation. Also, we create a batch with a single foreground composited on 8 ran-
domly selected backgrounds to enhance the robustness of alpha matte estimation
to diverse background images. We train the model with 100,000 iterations. We
warmup the learning rate to 10~* in 6,000 iterations, and then apply cosine decay
to the learning rate. We use Adam optimizer [105] with B; = 0.5 and 8, = 0.999

for optimization.

3.4.3 Evaluation Metrics

In this paper, four widely acknowledged metrics are used for evaluation: SAD
(sum of absolution difference), MSE (mean square error), gradient, and connec-
tivity. They are proposed in [140] to reflect the visual quality of the alpha matte.
For all the four metrics, the lower value of the metrics indicate the better predicted

alpha mattes. We report the average over all images in the test set.

3.4.4 Comparison with the State-of-the-art

We compare our method with the state-of-the-art baselines on both
Composition-1k dataset and alphamatting.com benchmark. We report the compar-
ison result with traditional matting methods [110,116—119,133,141] and learning-
based matting methods [123, —-130, s , ] in Table 3.4.1. Note that
we did not report the comparison result with [144], since it leverages class infor-
mation as foreground semantics, which is unavailable in public datasets. From
Table 3.4.1, we can observe that learning-based methods are significantly better

than traditional methods. Among learning-based methods, our method achieves
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Table 3.4.1 Quantitative Results of Composition-1k against the State-Of-The-Art Methods

Methods SAD | MSE | Gradient] Connectivity |
Shared Matting 1289  0.091 126.5 135.3
Learning-based Matting ~ 113.9  0.048 91.6 122.2
Comprehensive Sampling 143.8  0.071 102.2 142.7
Global Matting 133.6  0.068 97.6 133.3
Closed-form Matting 168.1  0.091 126.9 167.9
KNN Matting 175.4  0.103 124.1 176.4
DCNN Matting 161.4  0.087 115.1 161.9
Deep Image Matting 54.6 0.017 36.7 553
Fusion Matting 49.0  0.020 343 50.6
IndexNet Matting 45.8 0.013 259 43.7
Ada Matting 41.7  0.010 16.8 -
Samplenet 40.35 0.0099 - -
ATNet 40.5 0.013 21.5 394
GCA Matting 35.28 0.0091 16.92 32.53
Context-aware Matting 35.8  0.0082 17.3 33.2
HDMatt 33,5  0.0073 14.5 29.9
A2U Matting 32.15 0.0082 16.39 29.25
Ours 30.72  0.0070 13.59 29.73

Note: | means the lower is the better.

the best results on Composition-1k dataset, which demonstrates the effectiveness
of seeking for unknown-related global contextual information from the whole im-
age.

We report SAD, MSE, gradient and connectivity of different methods on the
alphamatting.com benchmark in Tables 3.4.2 to 3.4.5. We compare the proposed
method with top six deep learning-based methods including our baseline method,
1.e., Natural Image Matting via Guided Contextual Attention (GCA Matting). As
a result, we observe that our method achieves competitive results among the state-

of-the-art matting methods, especially in SAD and MSE metric.

3.4.5 Foreground Extraction

Extracting a purified foreground from an input composite image is one of the

main applications of matting (e.g. video production, graphics, and consumer ap-
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Table 3.4.4 Gradient Comparison with Top 6 State-Of-The-Art Baselines on the Alphamatting.com Online.

Gradient overall AVG Troll Doll Donkey Elephant Plant Pineapple Plastic bag Net
s L U|sS L U|S L U|lS L U|S L U|S L U|[S L U|S L U|S L U
HDMatt [139] 9 98 74 99 02 02 0201 01 0301 01 02|02 02 03|11 12 16|06 06 09|05 05 06|03 04 04
Ours 11.9 143 106 10802 01 02|02 01 03]01 02 02|02 02 03|13 14 15(07 08 09|06 08 0.6|04 04 05
A2U Matting [143] | 123 | 114 85 169[02 02 02|01 01 02|01 02 02|02 02 04|11 13 19]/06 07 17|06 06 06|03 03 04
AdaMatting [126] | 13.7 | 9.6 114 20 |02 02 02[01 01 04[02 02 02[01 01 03|11 14 23|04 06 09|09 1 09]03 04 04
GCA Matting [130] 14.1 141 126 15601 01 0201 01 0302 02 02(02 02 03|13 16 1907 08 14,06 07 06|04 04 04
SampleNet [129] 155 (109 134 223 /01 01 0201 01 02|02 03 03]01 02 05|11 1.5 27|06 09 1 |08 09 09|04 04 04

Note: S, L, U stand for small, large, user trimap respectively. The lowest errors are in bold.
Table 3.4.5 Connectivity Comparison with Top 6 State-Of-The-Art Baselines on the Alphamatting.com Online.

Connectivity overall AVG Troll Doll Donkey Elephant Plant Pineapple Plastic bag Net
S L U S L U S L U S L U|S L U| S L U S L U S L U S L U
GCA Matting [130] | 23.1 |264 209 22 (11 11 1 (02 02 02(02 02 02|0 0 0|01 01 0101 01 01|11 13 1319 15 1.6
AdaMatting [126] 23.6 21 261 238 (|11 1.1 11(01 02 02(02 02 020 0 0|01 01 01| O 0 01|68 133 14|13 13 13
SampleNet [129] 27.1 287 243 285709 09 0801 01 0102 02 020 0 0|01 01 02| 0 O01 02]15 15 18|38 39 38
A2U Matting [143] 28 30.7 287 249,08 08 08,02 02 01,02 02 02|0 0 0|01 02 03]01 0.1 01| 1 09 1.1 |48 46 45
HDMatt [139] 317 |367 28 30315 13 1303 03 0303 03 03[0 0 0|01 01 01| O 0 009 09 12|24 22 23
Ours 35.2 40 295 36917 17 1602 02 02,03 03 03/0 0 001 02 02|01 01 O01]16 17 18|32 29 27

Note: S, L, U stand for small, large, user trimap respectively. The lowest errors are in bold.
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plication). Therefore, we conduct foreground extraction application to compare
purified foreground with traditional foreground in Fig. 3.4-3 to evaluate the ef-
fectiveness of background prediction. In the traditional foreground, we extract
foreground by multiplying predicted alpha matte with the input composite im-
age. In the purified foreground, we first compute foreground from matting equa-
tion (3.1.1) by the image, predicted alpha matte and predicted background as com-
puted foreground, then multiply alpha matte with the computed foreground as the
purified foreground (i.e., more purified foreground than the input composite image
itself). We can tell from the result that background prediction can successfully fil-
ter background scene to achieve better visualization performance, i.e., the blue-ish
sky near the of dog’s fur in the first example will not be included with background
prediction in purified foreground.

3.4.6 Qualitative Analyses

We visualize the results of different methods on both Composition-1k test
set and alphamatting.com benchmark. Since the official code of Deep Image Mat-
ting [ 123] has not yet been released by the original authors, we choose the most fre-
quently used PyTorch implementation released by the third party®. For the accu-
racy difference, we modify the last convolution layer of the encoder part according
to another third party implementation@ and confirm that we obtain the same accu-
racy as the original paper’s one. For GCA Matting [ 130], IndexNet Matting [ 1 2],
and ContextNet Matting [127], we generate visualized results using their released
official codes and show them in Fig. 3.4-4. Deep image matting [123] is one of
the most significant studies in learning-based image matting methods. GCA Mat-
ting [130], IndexNet Matting [128] ,and ContextNet Matting [127] are recently
proposed state-of-the-art methods. GCA matting and IndexNet matting perform
better than DIM especially in semi-opaque images such as “Jellyfish” in Fig. 3.4-4.
However, due to the local operator in the architecture, it cannot obtain global in-
formation from the whole image, which leads to noisy prediction in tiny area such

as “Hair” in Fig. 3.4-4. ContextNet considers global context information, there-

® https://github.com/foamliu/Deep-Image-Matting-PyTorch, Dec. 2021
® https://github.com/huochaitiantang/pytorch-deep-image-matting, Dec. 2021

63



(@) Ty © %) ©

Fig. 3.4-3. Effectiveness of background prediction. (a) Image and corresponding trimap.
(b) Predicted background. (c) Computed foreground. (d) Purified foreground. (e) Tradi-
tional foreground
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Fig. 3.4-5. The visualization comparison against the state-of-the-art methods on the Composition-1k dataset. (a) Image and correspond-
ing trimap. (b) Deep Image Matting [123]. (c) GCA Matting [130]. (d) IndexNet Matting [ 128]. (e) ContextNet Matting [127]. (f) Our
approach. (g) Ground Truth. We also zoom in some details (green box) for comparison.
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Fig. 3.4-7. The visualization comparison against the state-of-the-art methods on alphamatting.com benchmark. (a) Image and corre-
sponding trimap. (b) SampleNet Matting [129]. (c) GCA Matting [130]. (d) Ada Matting [126]. (¢) A2U Matting [143]. (f) HD-
Matt [139]. (g) Our approach. We also zoom in some details (green box) for comparison.
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fore performs better in fine structures such as “Network” and “Hair”. However,
it cannot separate the boy’s face in the background from semi-opaque jellyfish
in the foreground. Our method considers condensed global context in the whole
image and predicts alpha matte and background simultaneously, which combines
the advantage of both traditional methods and learning-based methods, and sep-
arate background object from foregrounds, yielding the closest qualitative results
compared with the ground-truth.

In Fig. 3.4-8, we demonstrate some qualitative comparisons of our method
and the top-performance deep learning-based matting methods on the alphamat-
ting.com benchmark. We can observe that our model is good at handling the im-
ages with fine structures (e.g., doll), similar foreground and background color (e.g.,
donkey’s hair), and highly transparent object (e.g., plastic bag), which have been

puzzling the image matting community for a long time.

3.4.7 Ablation Study

We conduct ablation studies on each module and show the results in Ta-
ble 3.4.6 and list results of GCA Matting as the baseline. First, to evaluate the
effectiveness of the condensed foreground that is generated by the deformable
sampling layer, we only use deformed foreground as input for foreground encoder
branch without using background encoder branch, which is referred to as “+ con-
densed f’. We also evaluate the effectiveness of condensed background in the
same way as ‘“+ condensed b”. The results show that either condensed foreground
information or condensed background information can boost the matting perfor-
mance.

In addition, considering that uniform downsampling can also preserve the
global contextual information of the whole large image and fit the input image
size of network, we uniformly downsample the foreground (resp., background)
image (the complementary background (resp., foreground) region to 512 x 512 as
the input for foreground (resp., background) encoder branch, which is referred to
as “+ downsampled f, g”. The obtained results are much worse than those of our
full method, which demonstrates that the deformable sampling layer can preserve

more information than uniform downsampling. We also uniformly downsample
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the whole image to 512 x 512 as input for an extra branch other than the crop
branch, which is referred to as “+ downsampled whole”. The obtained results are
worse than “+ downsampled f, g”, which indicates the advantage of using two sep-
arate foreground and background branches. Finally, our full method outperforms

all the above special cases and significantly improves our baseline GCA Matting.

Table 3.4.6 Ablation Study of Different Modules

Methods SAD| MSE | Gradient] Connectivity |
Baseline 35.28 0.0091 16.92 32.53
+ condensed f 33.09 0.0072 15.44 29.41
+ condensed b 32.45 0.0074 14.99 29.45
+ downsampled whole  35.10  0.0082 16.78 30.92
+ downsampled f,g 33.73  0.0079 15.96 30.74
+ masked f, b 31.14  0.0067 14.65 30.27
Ours w/o. CA 37.23  0.0090 17.37 33.05
Ours 30.72 0.0070 13.59 29.73

Note: fand b represent foreground and background respec-
tively. | means the lower is the better.

Moreover, we mask out regions that do not belong to foreground/background
in condensed background/foreground, which is referred to as “+ masked f, b”
in Fig. 3.4-9. The obtained results are comparable to those of our full method,
which indicates masked regions will not invalidate the performance of our pur-
posed method. We also conduct additional ablation study on the proposed method
without the CA module to validate its effectiveness. Specifically, we remove the
CA layer and instead add deformed foreground/background feature map and crop
feature map in an element-wise way, which is referred to as “Ours w/o. CA”. The
obtained results are worse than those of our full method and baseline. This might
because without CA layer, the foreground feature map, background feature map,
and crop feature map are spatially misaligned, thus having negative impact to the

performance.
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Crop image Deformed_fg_masked Deformed_bg_masked

Fig. 3.4-9. Example image of experiment conducted on masked condensed deformed
FG/BG. Regions that do not belong to FG/BG in the deformed image are masked out
as black.

3.4.8 Visualization of Our Method on Natural Images

We evaluate our model on natural images gathered from Internet with user de-
fined trimap in Fig. 3.4-10. We visualize the predicted alpha mattes, composite on
the white background, composite on a different background, distorted coordinate
system in grid, deformed condensed foreground and background obtained in the
deformable sampling stage, and attention score map with the color of each pixel in
unknown region indicating the knowledge learned through unknown-related con-
textual information aggregation stage.

The attention score maps in the last column indicate the relative direc-
tion (e.g., green for top-right, pink for bottom-left) of most interested fore-
ground/background patch for each pixel in unknown area according to the color
codebook at the bottom-right corner. For example, we picked up a certain pixel
in the model’s widespread hair in the unknown area in Fig. 3.4-11, and illustrated
the corresponding displacement vector (purple in pseudo color). As a result, we
can see that the certain pixel selected the lower-left hair pixel in the definite fore-
ground.

Also, as shown in Fig. 3.4-10, the visualized color maps imply that global
contextual information exists in both foreground and background, which can also
be confirmed in Table 3.4.6 that using both condensed foreground and background

can achieve the best matting performance among other special cases.
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Fig. 3.4-10. Qualitative results of natural image from Internet with user defined trimap
input. (a) Image and corresponding trimap. (b) Predicted alpha mattes. (c) Composite
on white background. (d) Composite on a different background. (¢) Distorted coordinate
system. (f) Deformed condensed foreground and background. (g) Visualization of atten-
tion score map based on color codebook at the bottom-right.
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Foreground Attention
Image Score Map

(a) (b)
Fig. 3.4-11. A detailed example of visualization. (a) Image. (b) Foreground Attention
Score Map.

3.4.9 Failure Mode Analysis

We list a typical false example in Fig. 3.4-12, where background is small
and scattered across the image. In such extreme cases, background deformable
sampling cannot generate deformed condensed background. We will solve it by

tackling these special issue separately in future work.

Fig. 3.4-12. False example. (a) Image. (b) Trimap. (c) Foreground. (d) Background.

3.5 Summary

We proposed an end-to-end natural image matting network, which tends to
seek unknown-relevant global contextual information from a large input image
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without degrading the image quality. Specifically, we proposed a matting-oriented
contextual aggregation supported by deformed sampling. As image inpainting-
oriented contextual aggregation cannot consider a situation of no definite fore-
ground/background region in image matting, our method tackles such situation
by making use of all the pixels in the deformed foreground/background where
foreground/background pixels are dominant. Although a small portion of back-
ground/foreground pixels is included in the deformed foreground/background im-
age, we proved that it does not significantly affect the result. Besides, our method
can estimate alpha matte and background simultaneously while keeping the mat-
ting equation, which can improve the foreground extraction performance qualita-
tively. Experiments on the Composition-1k dataset and alphamatting.com bench-

mark demonstrated the effectiveness of our method.
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Chapter IV

Discussion

In the previous chapters, we proposed the task of cross-age gait video transla-
tion for the first time. The task is to generate age-progressed/regressed gait videos
while preserving the input subject’s identity as well, which can be employed in ap-
plications such as time-lapsed gait recognition and might shed light on cognitive
reasoning to disentangle the age pattern from the silhouette.

We then studied two necessary aspects to realize the proposed cross-age gait
video translation task. One is an effective gait video translator across ages, where
the spatio-temporally augmented gait representation is the main concern. The
other one is high fidelity input for the cross-age gait video translation. Since
appearance-based gait analysis approaches usually use silhouette or silhouette-
based template as input, the silhouette quality plays an important role in the pro-
posed cross-age gait video translation task. However, we argue that the exist-
ing silhouette extraction with segmentation masks is not suitable for the proposed
cross-age gait video translation due to the limitations in spatial and temporal res-
olution. We therefore conducted the second study to obtain a spatio-temporally
augmented high fidelity input with matting framework.

In this chapter, we provided a discussion on how the high fidelity input may
influence the gait video translator across ages. We first designed a scheme to auto-
matically estimate the trimap for the proposed matting method, so that the matting
framework introduced in the second study can be adopted without user interac-
tion. Specifically, we adopted a inpainting method to predict the background and
finetuned the proposed matting method on OULP-Age. We then provided thor-

ough experiments on the largest gait database with age information, OULP-Age,
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to reveal how the input quality of silhouette affect the performance of age progres-

sion/regression task on age group classification and cross-age gait recognition.

4.1 Finetune the Matting Model on OULP Dataset

Alpha matte represents the opacity of the foreground, which is expected to
capture fine-grained details in spatial aspect and motion pattern in temporal aspect.
To obtain a more accurate alpha matte, we finetune the natural image matting with
attended global context framework proposed in the second study on the largest gait
database with age information OULP-Age [100].

Since the proposed matting framework requires ground-truth background,
which is not available in OULP-Age, we regard the binary mask area as the miss-
ing area and apply image matting technique to fill in the holes after removing
the subject in RGB sequences. We adopt the state-of-the-art inpainting method
Edge Connect [145] to generate a coarse background in Fig. 4.1-2 (b). Edge con-
nect model first hallucinate edges in the missing regions as a priori with an edge
generator, and an image completion network combines the predicted edges with
color and texture information of the rest of the image to fill in the missing re-
gions. Results in Fig. 4.1-2 (b) shown that areas apart from edge have visually
consistent pixel intensities, however, the transition near the edge area is not very
smooth. Therefore, we refine the coarse inpainting result with edge map generated
by canny operation in Fig. 4.1-2 (c).

To smoothen the boundary area of the coarse matting, we designed a diffusion
process of weight attenuation by edge (see Fig. 4.1-1). Specifically, to update the
weight of pixel of interest (POI)-centered patch, we first define a neighbor patch
of size k for the POI. The diffusion weight of neighbor patch is initialized as edge
map in Fig. 4.1-2 (c) (i.e., edge pixels in the corresponding edge map has high
initial weight of 1, whereas non-edge area has low initial weight of 0). POI is
regarded as the start node of the diffusion process. In each diffusion step, the
diffusion algorithm calculates a new weight to the pixels that are one step to the

current node by equation 4.1.1. The diffusion weight of the pixels will be updated
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Fig. 4.1-1. (a) Sliding Neighbor Patch in Edge Weight Attenuation. (b) Edge Weight
Attenuation Process in a Single Neighbor Patch.

if the new diffusion weight exceeds the previous value.

Vie1,j max(vi_u,exp( )), 4.1.1)
Vit1,j < max(viyp,j,exp(— 7y 62)), (4.1.2)
Vi j1 4= max(vi jy1,exp(— 2‘:(];2)), (4.1.3)
Vi, j—1 4 max(vi j1,exp(— 2:lé2)), (4.1.4)

where v; ; stands for the diffusion weight value of pixel position (i, j) in the last
step. Similarly, v;_1 j,vit1,j, Vi j—1, Vi j+1 represent the weight value of pixel posi-
tion (i—1,j),(i+1,)), (i, j—1),(i,j+1) inthe last step. o issetto 0.15xk+0.35,
where k stands for the window size of the neighbor patch. The refined background
in Fig. 4.1-2 (d)-(f) is obtained by multiplying the updated diffusion weight with

coarse inpainting result.
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Fig. 4.1-2. Background prediction for OULP-Age database. (a) Image. (b) Coarse in-
painting result. (c) Edge map. (d) Refined result with neighbor patch size 7. (e) Refined
result with neighbor patch size 21. (f) Refined result with neighbor patch size 31.
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4.2 Age Group Classification with Matting

Follow the first study, we conducted age group classification experiment in
order to evaluate the generation quality of aging patterns. This experiment to check
whether the age progressed/regressed image truly presented the characteristics of
the intended age group. In other words, to what extent do the cross-age group
classification performance of the generated gait silhouette video simulate the real
ones, and whether the matting input can narrow down the gap.

Specifically, we first designed an age group classifier using a modified
ResNet-18 architecture [ 106], and then trained two classifiers with binary and al-
pha matte of real gait silhouette sequence of OULP-Age dataset repectively. The
input dimension of first convolution layer of ResNet-18 is modified to Njpe = 25
in order to handle not a single still image but a gait silhouette sequence. By clas-
sifying the generated gait silhouette sequences from different methods using the
same pre-trained ResNet-18 classifier for an unseen test set, we can check to which
extent each method generates age progressed/regressed video that can present the
characteristics of the intended age group.

Experimental results on age group classification accuracies among bench-
marks are shown in Table 4.2.1. We also report the confusion matrix of the pro-
posed method with and without matting input, respectively in Tables Tables 4.2.2
and 4.2.3.

Table 4.2.1 Age group classification accuracy[%)] for benchmarks. E2E indicates end-to-
end training. Bold font indicates the best accuracy.

Silhouette Age group (Ground Truth)
Method Type [0.5] [6.10] [I1,15] [16,60] Over60 | V&
Pretrained CIf | binary 7324 7857 5562 9613 2632 | 85.28
Ours binary | 2274 7290  84.17  98.01  49.54 | 6547
Pretrained CIf | alpha 8143 77.16  67.18 9376  36.49 | 85.51
Ours(Matting) | alpha 5113 7414 7177 9416 51.05 | 68.45

As aresult, we can tell from the result that the proposed method with matting
input outperforms the proposed method without matting. We further compare the

confusion matrix between with and without matting, which shows the predicted
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Table 4.2.2 Confusion matrix of ours method with matting.

Confusion Predicted Class
Matrix [0,5] [6,10] [11,15] [16,60] Over 60
[0, 5] 51.13 4042 4.13 4.05 0.27
[6,10] 1.32  74.14 19.04 4.98 0.51
[11,15] | 0.31 10.55 71.77 17.37 0.00
[16,60] | 0.62  2.26 2.69 94.16 0.27
Over60 | 0.14 0.35 3.82 44.64 51.05

Actual Class

Table 4.2.3 Confusion matrix of ours method without matting.

Confusion Predicted Class
Matrix [0,5] [6,10] [11,15] [16,60] Over 60
[0, 5] 22.74 34.01 2.92 38.79 1.54
6, 10] 0.84 7290 12.87 12.59 0.81
[11,15] | 0.00 3.20 84.17 12.08 0.55
[16,60] | 0.30 0.43 0.80 98.01 0.46
Over60 | 0.84 2.64 3.09 43.89 49.54

Actual Class

misclassified class will be closer to the actual class with matting input. Take re-
sults for age group [0,5] as an example, generated subjects with target age group
[0, 5] are unlikely to be misclassified as age group [16, 60] with matting (possi-
bility of 4.05%) compared to those without matting (possibility of 38.79%). Such
improvement can benefit real-world applications, such as person search by age

query and people counting by age group.

4.3 Cross-age Gait Recognition with Matting

We conducted cross-age gait recognition experiments to evaluate the preser-
vation of individuality using the age progressed/regressed generated gait sequence
in addition to real ones. Since the real cross-age gait database is not available, we
designed the following simulated experimental setting. The dataset for the cross-
age gait recognition experiment composed of three subsets: a training set, a gallery

set, and a probe set. The training set contains 23,543 subjects, while the gallery
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and probe sets form a set set composed of the other 2,616 subjects that are dis-
joint from the training set. Since each subject in OULP-Age has a single gait
sequence, we generated five gait sequences per subject, which correspond to the
five age groups, i.e., each subject has 6 gait sequences in total (one real and five
generated).

To keep the same experimental setting with the first study, we employed Gait-
set [69], which is a state-of-the-art network structure in gait recognition for gait
silhouette sequences (as opposed to static gait templates) and adopted the code
from the official implementation@ .In both training and testing phases, the input
sequences are prepossessed into size of 64 x 64 for GaitSet requirement. In the
training phase, a batch with size of p X k is sampled from training set, where p
stands for the number of persons and & stands for the number of training samples
each person has in the batch. In the thesis, p is set to 8, whereas k is set to 16.
Cross entropy loss and triplet loss are imposed to keep the identity across ages
during training. In the test phase, the real silhouette sequences are assigned to the
gallery, while the generated sequences are assigned to the probe.

In an identification scenario, we matched a probe to all the subjects in gallery
and evaluated rank-1 identification rate based on dissimilarities (i.e., L2 norm be-
tween the final representations in the trained GaitSet network). We computed the

standard deviation (uncertainty) sFRR of false rejection rate (FRR) pFRR in case

of a single attempt per subject according to [107, 108], which is represented as:
1—
OFRR = \/pFRR<n — 1pFRR) (4.3.1)

where 7 is the number of subjects and it is 2,616 in our case. The standard de-
viation of true acceptance rate and rank-1 identification rate can be computed
in the same manner. The average rank-1 identification (+the standard devia-
tion)increases from 99.6% without matting input to 99.86% with matting input.
In a verification scenario, an input pair of a probe and a gallery is accepted as
the same subject (i.e., positive sample pair) if the dissimilarity measure between
them is below an acceptance threshold, and is rejected otherwise (i.e., negative
sample pair or different subject pair). We computed the equal error rate (EER)

® https://github.com/AbnerHqC/GaitSet, April 2022
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of the false acceptance rate and false rejection rate as a typical performance mea-
sure. As reference, we also confirmed the statistical significant difference in terms
of EER. The average EER decreases from 0.28% without matting to 0.21% with
matting. We therefore confirmed that there is still statistical significant difference
between matting and without matting input, even though the absolute difference
of the rank-1 identification rate is less than 1%.

Table 4.3.1 Rank-1 identification rates [%] and EER [%] (£standard deviation [%]) for
each age group in probe. Bold font indicates the best performances.

Age group

Measure | Method 0.5]  [6,10] [11,15] [16,60] Over60| &
Ours 997 995 993 998  99.7 | 99.60

— (£0.11) (£0.14) (£0.16) (£0.09) (£0.11)
OusMatting) || %7 999 999 999 9999986

(£0.11) (£0.06) (£0.06) (£0.06) (+0.06)
Ours 024 020 031 032 034 028

ER (£0.10) (£0.09) (£0.11) (£0.11) (£0.11)
Ours(Matting) || 020 010022020 032] 021

(£0.09) (£0.06) (£0.09) (£0.09) (+0.11)

Experimental results of the cross-age gait recognition are summarized in Ta-
ble 4.3.1. As a result, we can see that the proposed method with matting yielded
the best accuracy for all age groups, which indicates the superiority of the matting

input in terms of individuality preservation.

4.4 Qualitative Visualization

We visualize the generated gait videos of our proposed method with binary
and alpha matte from matting as input for comparison in Figures 4.4-4 and 4.4-5.
While the result of binary input can reflect the identity and detail of the subject
(i.e., we can easily infer the generated sequence of subject A is female, subject B
is male), the proposed method with matting input can further reflect the subject
A’s hairstyle and subject B’s belongings such as hat. For better comparison, we
also animate the generated gait videos in the target age group with the proposed

method given with or without matting input in Fig. 4.4-3.
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Subject A

Subject B

() (d)

Fig. 4.4-3. Animated generated gait videos of our proposed method. Subject A, original
gait video of age group [6, 10] years old, translated to target age group [0, 5] years old.
Subject B, original gait video of age group Over 60 years old, translated to target age group
[6, 10] years old.(a) Input: original gait video in binary. (b) Output: translated to target
age group by our proposed method with binary input. (c) Input: original gait video in
alpha matte. (d) Output: translated to target age group by our proposed method with alpha
matte input by matting.

(2) (b)

4.5 Correlation Between Generation Quality and

Cross-age Group Classification

Our observation shows that the generation quality is not correlated with the
mis-age group classification. We list typical examples of good quality in success
mode, good quality in failure mode, poor quality in success mode, and poor qual-
ity in failure mode respectively in Fig. 4.5-6. When translating from age group
[16, 60] to age group [0, 5] in the fourth example (Fig. 4.5-6 (g), (h)), artifacts
appear in the arm region and the translated gait silhouette video is misclassified as
an age group different from the target. Meanwhile, another subject also translating
from age group [16, 60] to age group [0,5] in the third example (Fig. 4.5-6 (e), (f))
has artifacts in the head and leg regions. However, the generated gait silhouette
sequence has been correctly classified to the target age group. Moreover, good
generation quality may not guarantee the translated gait video be correctly clas-
sified to the target age group. The translated gait silhouette video of the second
example (Fig. 4.5-6 (¢), (d)) has good generation quality. Still, it is misclassified
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[0, 5]

with matting

Fig. 4.4-4. Input: Binary sequence gait video (1st row, age group [6,10]). Output: Translated to age groups [0, 5] with proposed method
(2nd row). Alpha matte result by matting model (3nd row). Translated to age groups [0, 5] with proposed method given matting input
(4nd row).
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to age group [6,10] instead of the target age group Over 60.

Although the property and the quality of the generated gait silhouette se-
quence are two different aspects, good generation quality can be necessary for
some applications. For example, in healthcare field application to remind a person
to pay more effort to keep youthfulness in gait by watching his/her age-progressed
gait video with function, the poor generation quality of the generated gait video

might not be convincing to persuade the user.
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Good generation quality in success mode. (a) Input of a subject in age group Over
60. (b) Translation to target age group [6, 10] successfully but in poor generation
quality.
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Good generation quality in failure mode. (c) Input of a subject in age group [0,5].
(d) Translation to target age group Over 60 but is misclassified as [6, 10].

A S S AAY ) bA
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Poor generatlon quality in success mode. (e) Input of a subject in age group
[16,60]. (f) Translation to target age group [0, 5] successfully but in poor gen-
eration quality.

- SRS
AAVAEEY AL

Poor generation quality in failure mode. (g) Input of a subject in age group [16,
60]. (h) Translation to target age group [0, 5] but is misclassified as [6, 10].

Fig. 4.5-6. Correlation between generation quality and cross-age group classification.
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Chapter V

Conclusion

This thesis focus on the age aspect of gait, which is yet to be thoroughly ad-
dressed in the literature. More specifically, we studied the gait-based video age
progression and regression task, which is to generate gait videos of the target age
while preserving the input subject’s identity at the same time. Person recognition
based on gait is an important research area in computer vision and pattern recog-
nition due to its unobtrusive, noninvasive and non-perceivable nature. However,
gait recognition can be challenging since gait can be easily affected by covariates
such as age changes, which are inevitable during a person’s life span.

Age progression/regression is an essential task in biometric recognition and
computer vision with a wide range of applications, such as security, entertainment,
etc. Age progression/regression has demonstrated its effectiveness in face analy-
sis. However, it has not yet been extended to the gait community due to no paired
dataset and lack of color and texture in gait sequences.

In the study of multi-age group gait video translation, we proposed the task
of age-controllable gait video translation for the first time to learn the spatio-
temporally augmented gait representation. Unlike the existing work that trans-
lates a static gait template, our work generates the age-progressed/regressed gait
video for each input subject. The proposed framework consists of a motion aug-
mented generator and a discriminator with SlowFast path to exploit both the tem-
poral and spatial aspects of gait representation. The framework ensures the ag-
ing effect, individuality preservation, and gait realism from three inputs: gait pe-
riod, period-normalized phase-synchronized gait video, and its frame difference

sequence. This study is also the first to make use of the gait period, which have
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been overlooked in most gait analysis, for age pattern representation and shown
its effectiveness.

Since binary segmentation masks are not suitable for silhouette extraction
due to the limit on spatial and temporal resolution. To obtain a spatio-temproally
augmented high fidelity input to improve the cross-age recognition performance
as well as the generation quality, we conducted the second study of a general mat-
ting framework that achieved competitive results on widely acknowledged matting
benchmarks.

In the study of general image matting with simultaneous alpha and back-
ground output, we proposed an end-to-end three-branch image matting frame-
work, which tends to seek unknown-relevant global contextual information from
the whole large image and extract better foreground with predicted alpha matte.
Specifically, the proposed framework is composed of a deformable sampling layer,
which can obtain deformed condensed foreground and background, and a contex-
tual attention layer to locate information from condensed foreground and back-
ground that are relevant to the unknown region. The proposed method can estimate
alpha matte and background simultaneously while keeping the matting equation,
which can improve the foreground extraction performance qualitatively. Experi-
ments on two widely acknowledged benchmark datasets on matting have demon-
strated the effectiveness of our proposed method.

In the discussion chapter, we explored how the quality of silhouette affects
the performance of generated age progressed and regressed gait video of the tar-
get age group. Following the previous experiment settings, we conducted the age
group classification and cross-age gait recognition experiments by utilizing mat-
ting results from the second study as input. Quantitative results show that the
improvement from binary to matting input is not marginal. Meanwhile, from the
qualitative result, although some detailed information such as gender can be ob-
served given binary input, the same method with matting input can further reflect
identity information such as hairstyle and belongings.

In future work, despite the progress in the gait-based video age progres-
sion/regression task, spatial inconsistency before and after translation remain chal-
lenging. Although alpha mattes from matting can preserve more fine-grained de-

tail in contour, and describe better transparent areas (i.e., motion) within a frame,
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inconsistency during the translation might largely degrade the qualitative quality
of generated sequences. We will solve it by including a module with spatial trans-
formation capability to enable warping from the original video to the generated
video of the target age group to ensure a smooth transition between frames in fu-
ture work.

In addition, we will conduct cross-dataset analysis to evaluate the general-
ization capability of the proposed method. Since OU series databases are the only
ones to contain the age information of subjects, there is no available dataset for
generalization capability evaluation. In the future, if a new gait database with age
information is released, we’ll conduct such experiments and update our results.

We will also conduct subjective tests to evaluate whether the age group and
identity characteristics have been preserved in the generated gait silhouette videos.
Instead of checking by myself, we’ll hire more annotators for reliable evaluation

from human perspective.
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