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Abstract

Deep learning-based algorithms have remarkably improved the performance in many
computer vision tasks. However, deep networks often demand a large-scale and
carefully annotated dataset and sufficient sample coverage of every training categories.
However, it is not practical in many real-world applications where only a few examples
may be available or the data annotation is costly and require expert knowledge.
To mitigate this issue, learning with limited data has gained considerable attention
and is investigated thorough different learning methods, including few-shot learning,
weakly /semi supervised learning, open-set learning, etc.

In this work, the classification problem is investigated under an open-world
assumption to handle unpredictable categories in a long-tail distribution dataset.
For the open-set recognition, a representative-discriminative multi-task learning
framework is presented which is able to characterize the categories more effectively
for known vs. unknown category recognition. Experiments on multiple satellite
benchmarks and RGB image datasets demonstrate significant improvement over state-
of-the-art open-set recognition algorithms.

In addition, the generalization capability of a recognition system is studied where
the goal is to build a model which has a reasonable performance across diverse datasets
for a certain task. To bridge the gap between different but related datasets, an
unmixing-based domain adaptation approach is proposed which projects the datasets
to a domain-invariant space to align the domains. The experimental results show

stable deployment performance across multiple satellite datasets.



To extend this work to higher dimensional data, we also study semi-supervised
learning for video segmentation task as only certain frames are often annotated in
a pixel level. To take advantage of labeled frames more efficiently, a bidirectional
framework is proposed to segment the unlabeled frames with the help of segmented
ones. Besides, an occlusion estimation approach is introduced to improve the
segmentation performance by effectively fusing the bidirectional propagated semantic
labels. Extensive experiments on driving video benchmarks demonstrate superiority
of the proposed method on segmentation accuracy, temporal consistency, and

computation cost compared to the state-of-the-art methods.
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Chapter 1

Introduction

1.1 Problem Statement

Deep learning has demonstrated remarkable success in a variety of computer vision
tasks such as image classification [8; 9; 10], object detection [11; 12], semantic
segmentation [13; 14], video scene understanding [15; 16], etc. However, these
methods heavily rely on large quantities of labeled datasets with sufficient examples
of every training categories (different illumination conditions, viewing angles, etc.)
to achieve high performance. Data collection and annotation for such datasets is
time-consuming, costly, and labor intensive. This issue becomes more sever when
annotation requires expert knowledge (e.g. medical imaging), processing wide range
of data (e.g. satellite imagery), or is based on classes that rarely occur.

To tackle the issue of availability of large-scale datasets, researchers have explored
approaches that learn from limited labeled data. These methods include few-shot
learning [17; 18; 19], weakly-supervised learning [20; 21; 22], semi supervised learning

[23; 24], open-set learning [25; 26; 27|, domain adaptation [28; 29; 30], etc.



1.1.1 Open-set Recognition

A vast majority of supervised learning algorithms are based on the close-set
assumption, that is, the training dataset is assumed to contain all the classes that
might appear in the testing phase. However, this assumption can be violated when the
algorithm is deployed in real-world applications where there are many more categories
compared to the number of categories present in any available dataset [25; 26]. As a
result, the algorithm trained on the closed-set assumption is forced to classify a given
unknown class sample as one of the known classes, and this affects the performance
and the usability of the system. However, a desirable classifier /recognizer should be
able to know when it does not know. This behavior is critical for safety applications
such as autonomous driving and medical diagnosis system. Having such a wise system
avoids malfunctions by triggering additional sensors or asking a human operator or
doctor for intervention and further analysis.

To tackle this issue, open-set recognition (OSR) was introduced to extend the
closed-set classification problem into a more realistic scenario. For this purpose,
instead of assuming that the dataset is comprehensive, the data is assumed to be
incomplete during training to be able to detect samples belonging to none of the
training classes [25]. The goal of an open-set recognition system is to correctly
identify test samples as either known or unknown while maintaining the classification

performance on known classes as shown in Fig. 1.1.

1.1.2 Domain Adaptation

Machine learning algorithms assume that the training and test data come from the
same distributions and aim to learn a model which is generically useful across diverse
datasets for a certain application. However, this assumption may not hold true in
real-world applications since test data can originate from a different distribution due
to various reasons, e.g. different acquisition conditions or changes in the statistical

properties of a domain over time. Hence, existence of domain-shift between training
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Figure 1.1: Comparison between closed set classification and open set recognition.
Green symbols and orange question marks indicate known and unknown class samples,
respectively. Dashed lines show the decision boundaries [1].



and test data will likely degrade the performance of a well-trained model when
applying on the test data [31; 32; 2].

To address the above problem, a new research area called domain adaptation is
developed in the machine learning community. Given the training and test data as
the source and the target domains, respectively, the goal is to learn a model from a
source labeled data that is able to generalized well to the target domain, as shown in
Fig. 1.2 [31]. Note that the typical solution of fine-tuning the model on the target
data is unacceptable since it is often prohibitively expensive and time-consuming to

collect enough labeled samples in the target domain.

1.1.3 Semi-supervised Learning

Semi-supervised learning is a type of machine learning that lies somewhere between
supervised learning and unsupervised learning. It is used in the scenario where
relatively small amount of labeled data is available, but a large amount of unlabeled
data is provided [23; 24]. One of such scenarios occurs for video segmentation where
labeling every frame in the video requires more effort and cost. Hence, certain number
of frames are annotated [33] and the task is performed under the semi-supervised
learning strategy:.

Semi-supervised video segmentation takes advantage of temporal information
existed in the video and propagates the labels in key-frames to the rest of the
video frames [34; 35; 23; 36]. These methods often utilize optical flow [37] for
label propagation and in some extent track the objects throughout the video. The
label propagation is illustrated in Fig. 1.3. Recent works has employed different
approaches, including flow-based random field propagation model [38], segmentation

on bilateral space [3], patch-stem based propagation strategy [39], etc.
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the effect of domain adaptation strategy [2].

Figure 1.3: Video segmentation utilizes temporal information to propagate the
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1.2 Motivation and Contribution

This work focuses on learning with limited labeled data for image recognition
and video segmentation tasks. Three approaches to handle the availability of
limited annotated data, including open-set recognition, domain adaptation, and semi-
supervised video segmentation are studied.

Land cover classification of satellite imagery is one of the active research
topics that plays an important role in many remote sensing applications, including
ecology management, urban development, etc [40]. Although deep learning-based
approaches have achieved very promising results, they suffer from two challenges: 1) a
considerable amount of labeled data is required to prevent the model from over-fitting
or misclassification issues, 2) the model tend to perform poorly when the training and
test images are from different domains [41]. The former comes from the fact that the
vast area covered by the satellite imagery makes the task of generating representative
training samples almost impossible, as there are a large variety of materials existed
on the Earth’s surface, especially those not well-exploited regions. The latter is an
inevitable issue in remote sensing area where spectral variability is prevalent due to
different acquisition conditions, i.e. illumination and atmospheric conditions.

One of the most essential capabilities of land cover classification is to be able
to automatically identify which test image and which area or pixel location of
the image, has a higher probability of hosting new classes of materials. We
propose a representative-discriminative framework where both the representative
and discriminative aspects of data are exploited in order to best characterize the
differences between known and unknown classes. The proposed representative and
discriminative learning framework operates among three spaces, including 1) the
transformation from the raw image space to the embedding feature space, and
2) the transformation from the embedding feature space to a so-called abundance

space. The first transformation creates a more discernible input to be fed into the



subsequent open-set learning network. The second transformation provides a finer-
scale representation which is useful for the unknown detection part.

To bridge the gap between source and target domains, we present an unmixing-
based domain adaptation framework that performs classification in a domain-
invariant embedding space. It decreases the domain discrepancy by projecting both
the source and target data to a so-called abundance space which is regularized by
some physical characteristics. In addition, the two domains are further aligned in the
abundance space to minimize the remaining domain-shift between the distributions.
In this way, the model trained on the source domain would be able to perform well
on the target dataset without extra data annotation efforts.

Video semantic segmentation has received significant attention due to the rise
of applications in autonomous vehicles and video analysis. A naive frame-by-frame
approach applying an image semantic segmentation method on each frame has raised
concern about the unaffordable computational cost and less temporal consistency.
Many works exploit the temporal information in the video to balance the trade-off
between quality and speed. They utilize the content continuity between frames and
propagate the high-level features extracted at the key frame to other time steps. The
propagation process is challenging and causes distortions due to the misalignment
caused by the motion between frames.

We introduce an occlusion-aware bidirectional framework consisting of two main
components: bidirectional feature propagation and occlusion-based feature correction.
Unlike the previous works, it propagates the features of the key frames toward the
non-key frames in forward and backward directions and estimates the distorted regions
based on the flows predicted between the current frame and the previous and next
frames. The proposed method is able to highlight the occluded regions corresponding
to the forward and backward directions in the video and compensate the features in
the occluded areas with the intact propagated features from the opposite direction

and the current frame.



1.3 Dissertation Outline

The first chapter serves as an introduction and describes the problem to be solved, as
well as the major contributions of this dissertation. Chapter 2 provides a survey of the
approaches for the two prevalent perception tasks such as classification problem and
segmentation problem, and reviews various open-set recognition and domain adapta-
tion methods in the literature. The next three chapters (Chapter 3-5) are the core
parts of the dissertation, which describes the developed open-set learning framework,
domain adaptation method, and novel video semantic segmentation approach. In each
chapter, the methodology is described, comprehensive experimental evaluations are
conducted, and comparative analysis with the state-of-the-art methods are illustrated.
The last chapter summarizes the contributions of this dissertation and discusses

several future directions.



Chapter 2

Literature Survey

The advent of deep learning has accelerated the progress in many computer vision
tasks. The classification and segmentation problems are the two fundamental
perception algorithms which are utilized in various real-world applications such as
satellite imagery processing, self-driving cars, etc. In this chapter, a review of
the classification and segmentation approaches are provided. Then, the extended
versions of the classification problem which are called open-set recognition and domain

adaptation are described and a survey of the approaches are presented.

2.1 Classification Problem

2.1.1 Image Classification

The classification problem plays an important role in many applications. In
computer vision area, image classification require two steps: features extraction and
classification. Conventional classification methods including Nearest neighbor or SVM
[42] reach promising results. Recently, the advent of the deep learning networks
alongside large-scale datasets such as ImageNet [8] has remarkably improved the
performance. To name a few, ResNet [9], VGGNet [10], and InceptionNet [43] have

demonstrated promising results on different images datasets.



2.1.2 Land Cover Classification

Land cover classification or material classification is one of the building blocks of
satellite image analysis, providing essential inputs to a series of subsequent tasks
including object segmentation, 3D reconstruction and modeling, as well as texture
mapping. Supervised land cover classification involves categorization of multispectral
or hyperspectral image pixels into predefined material classes, e.g., asphalt, tree,
concrete, water, metal, soil, etc. Note that both multispectral and hyperspectral
satellite images (MSI and HSI) try to provide additional spectral information, beyond
the visible spectra, to reveal extra details and compensate for the coarse spatial
resolution of these images.

The land cover classification methods mainly employ a traditional classifier on
spectral information, including support vector machine (SVM) [44; 45], k-nearest-
neighbor [46], logistic regression [47], maximum likelihood criterion [48], where its
discriminative power is further enhanced through feature engineering algorithms such
as minimum noise fraction (MNF) [49], principal component analysis (PCA) [50],
linear discriminative analysis (LDA) [51], independent component analysis (ICA) [52],
morphological profiles [53], and spectral unmixing [54; 55; 56].

The advent of deep learning has enabled the extraction of hierarchical features
automatically and achieved unprecedented performance. Spectral-based methods
[57; 58] are developed based on 1D convolutional neural network (CNN) architecture
to take into account the correlation between adjacent spectral bands. Spatial-
based approaches use a patch surrounding the desired pixels by adopting a 2D-
CNN structure [59; 60] to incorporate the spatial correlation as well. More recently,
integration of both spectral and spatial domains using 3D-CNN structures have been
employed to further improve the classification accuracy, including 3D-CNN-based
[61], Spec-Spat [62], HSI-CNN [63], SSRN [64], HybridSN [65], HT-CNN [66].

Although each approach has its own merit, all the existing land cover classification

approaches work under the closed-set assumption where the training and testing sets

10



share the same label set. In addition, the state-of-the-art methods assume that the
training and the test data are drawn from the same domain which may be feasible in

a real-world scenario.

2.2 Segmentation Problem

2.2.1 Image Semantic Segmentation

The success of deep learning for object classification [10; 9; 67] has been motivating
researchers to exploit it for semantic segmentation. As a seminal work, the fully
convolutional network (FCN) [13] replaces fully-connected layers with convolutional
layers to achieve dense prediction. Follow-up models [68; 69] have extended the FCN
network with explicit encoder-decoder architectures to get high-resolution output.
Methods of [70; 71] utilize the dilated convolution to enlarge the receptive fields with
minimal computational cost. Different from these works, the spatial pyramid pooling
module [72] presented in PSPNet [73] aggregates multi-scale contextual information
obtained with different filters and pooling operations. DeeplabV3+ [6] combines the
advantages from both encoder-decoder structure and atrous spatial pyramid pooling
[14; 74]. Recently, HRNet [75] fuses various resolution representations in parallel to

enhance the final prediction.

2.2.2 Video Semantic Segmentation

Unlike static images, videos contain useful temporal information that can be exploited
for video semantic segmentation. A number of works leverage cross-frame relations
by applying the same image semantic segmentation network to each video frame
and aggregating the features over time. NetWarp [76] combines the intermediate
features warped from the previous time-step with the ones extracted from the current
frame. STFCN [77] and GRFP [78] incorporate a spatial-temporal LSTM and a

gated recurrent unit, respectively, to temporally aggregate semantic labels. TDNet

11



[79] combines features extracted from several shallower sub-networks by an attention-
based propagation module. Although these methods boost the segmentation accuracy,
they suffer from high computation burden as all features are recalculated at each
frame.

Another group of works aiming at efficient video semantic segmentation take
advantage of temporal continuity to reuse the deep features extracted at only sparse
key frames. Clockwork Net [80] directly reuses the features of preceding key frame
and updates them at the current frame according to their semantic stability. DFF [81]
adopts optical flow to propagate high-level features to non-key frames. Further, Accel
[82] updates the propagated features with shallow features obtained from the current
frame. DAVSS [7] proposes to correct the propagated features only on the distorted
regions which is estimated by a light-weight network. As indicated in [81; 82; 7],
although the overall computational cost is decreased compared to the single-frame
approaches, there is a drop in the segmentation accuracy due to potential error in

optical flows, large motions, and occlusions-disocclusion.

2.3 Open-set Recognition

Open-set recognition has gained considerable attention due to its handling of unknown
class samples based on incomplete knowledge of the data during model training.
Researchers have explored the modeling of open-set recognition from two perspec-
tive, the discriminative and generative perspectives [27]. From the discriminative
model perspective, early efforts were made to adapt traditional machine learning
algorithms, including Support Vector Machine (SVM) [42], Nearest Neighbor, and
Sparse representation [83], etc., to the open-set recognition scenario. The open-
set version of Nearest Neighbor was developed based on the distance of the testing
samples to the known samples [84]. The SVM-based approaches employed different

regularization terms or kernels to detect unknown samples [85; 86]. In [87], the
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residuals from the Sparse Representation-based Classification (SRC) algorithm were
used as the score for unknown class detection.

Recently, a great number of works dealt with open-set recognition by improving
the feature space of deep neural networks (DNNs) through calibrated layers [26],
enhanced objective function [88], activation function of each layer [89], etc. [26]
employed a statistical model to calibrate the SoftMax scores and produced an
alternative layer, called OpenMax. [88] improved upon the OpenMax layer approach
by maximizing the inter-class distance and minimizing the intra-class distance on
the penultimate layer. The work of [89] proposed a k-sigmoid activation-based loss
function for training a neural network to be able to find an operating threshold on the
final activation layer. [90] incorporated the latent representation for reconstruction
along with the discriminative features obtained from a classification model to enhance
the feature vector used for open-set detection.

In recent years, the generative models has gained considerable attention, which
are capable of learning the probabilistic distribution over the data from its samples
and making up new instances similar to real seen data. A myriad of works have taken
advantage of the adversarial learning (AL) [91] to generate artificial unknown samples
from the known class training data to fine-tune the model [92; 93; 94]. However, the
likelihood-based generative models learn the density using the tractable likelihood
approximation and researchers, as an intuitive approach, utilize likelihood as a metric
to identify open-set samples [95; 96; 97].

[98] utilized reconstruction error obtained from a multi-task learning framework
as a detection score. Recently, [99] proposed using self-supervision and augmented
the input image to learn richer features to improve separation between classes.

Ge et al. [92] extended OpenMax [26] by synthesizing the unknown samples using
a Generative Adversarial Network (GAN) based framework. Along the same line, [93]
proposed the counterfactual image generation (OSRCI) framework which employs a
GAN to generate samples placing between decision boundaries that can be treated as

unknown examples. [100] proposed class-conditioned auto-encoder (C2AE) algorithm
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where conditional reconstruction helps learning of both known and unknown score
distributions.

It should be noted that there are related problems in the literature including
outlier detection [101; 102] and anomaly detection [103; 104] that have some overlap
with open-set recognition and can be treated as a relaxed version of open-set
recognition. These problems assume the availability of one abnormal class during
training. However, general open-set recognition problems usually do not provide

information about the type or the number of the unknown classes in advance.

2.4 Domain Adaptation

Domain Adaptation is a sub-discipline of transfer learning [105], where the former
refers to the situation that only data domains change for a certain task while the
latter indicates a scenario which either the tasks and/or domains may differ. Domain
Adaptation aims to align the disparity between domain distributions such that the
trained model in the source domain can be generalized well into the target domain.
Existing domain adaptation methods can be broadly categorized into three mains
categories: 1) discrepancy-based methods, 2) reconstruction-based methods, and 3)
adversarial-based methods.

Discrepancy-based approaches tend to minimize the domain shift between domain
distributions by means of some distance metrics. The popular distance measures
in domain adaptations are maximum mean discrepancy (MMD) [106], Kullback-
Leibler (KL) divergence [107], correlation alignment (CORAL) [108], and contrastive
domain discrepancy (CDD) [109]. The transfer component analysis [110] decreases
the marginal distributions with the help of MMD criterion. The advent of deep
learning has motivated researchers to utilize deep neural networks (DNNs) for learning
transferable features across domains. Deep adaptation network (DAN) [111] align the
marginal distributions using multiple adaptation layers in the DNN through multiple
kernel variant of MMD (MK-MMD). Deep transfer network (DTN) [112] matches
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conditional distributions in addition to the marginal distributions by minimizing both
the marginal and conditional MMD based objective function.

Another category of domain adaptation methods aligns the data distributions by
learning an invariant representation across domains. They mostly utilize autoencoder
network and train parameters of the encoder using the data from the source domain
and learn the decoder to reconstruct samples of the target domain. For instance,
[113] employs stacked autoencoders (SDA) [114] to extract high-level representation
from both the source and the target domains by minimizing the reconstruction error.
Marginalized SDAs [115] addresses the limitations of SDAs by the use of linear
denoisers to learn parameters without the need for stochastic gradient descent (SGD)
[116]. To tackle domain adaptation in object recognition, an encoder-decoder network,
called deep reconstruction-classification network (DRCN) [117] was proposed where
the encoder is trained to predict the source labels while the decoder generate the
samples in the target domain.

Adversarial domain adaptation methods learns domain-invariant features and
minimizes the cross-domain discrepancy through an adversarial learning objective
function. [118] incorporated an effective Gradient Reversal Layer (GRL) to the
model to align the domain distributions. Adversarial domain adaptation using
one discriminator matches only marginal distributions and leads to discrepancy in
the classes across domains. Multi-adversarial domain adaptation (MADA) [119]
employed multiple class-wise domain discriminators to reduces the shift between class-
conditional distributions. From another perspective, [120; 121] proposed minimax
optimization based adversarial domain adaptation to align marginal and conditional
distributions by combining several objective functions.

Domain adaptation is crucially necessary in remote sensing areas since domain
shift is inevitable in satellite imagery acquisition due to equipment differences and
environment changes [122]. Many approaches have been proposed to tackle the
challenging domain shift existed in hyperspectral image classification. A group of

works rely on labeled samples in the target domain to transfer knowledge across data
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sets [123; 124; 125; 126]. For instance, [127] used multiple geodesic flows obtained
from source and target domain as features to perform classification with an SVM.
[128] and [129] presented a tensor alignment technique and a heterogeneous method
for adapting the domains with a few labeled samples, respectively. HT-CNN [66]
transferred features learned from low-level and mid-level layers of VGG [10] network
through an attention mechanism to the target dataset.

Another group of works develop unsupervised domain adaptation methods for
cross domain knowledge transferring. [130] presented a principal component based
approach to align the domain in a tensor feature space. [131] proposed a discriminative
transfer joint matching framework to match the distributions. [132] developed a
framework to adapt both the classifier and the feature extraction to the target domain.
[133] proposed an unsupervised domain adaptation by transforming data into a shared
space. Our method falls into the second category as it does not need any labeled

samples from the target domain.
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Chapter 3

Representative-Discriminative

Learning for Open-set Recognition

Recent advancements in computer vision, especially the advent of Convolutional
Neural Networks (CNN), have significantly improved the performance of image
classification [8; 9; 10], detection [11; 12], and segmentation [13; 14] tasks, enabling
their deployment in many different fields. However, the vast majority of existing
approaches work under the “static closed world” assumption, meaning that the
training and testing sets are drawn from the same label set. As a result, a system
observing any unknown class is forced to misclassify it as one of the known classes,
thus, weakening the recognition performance. Therefore, a more realistic scenario is
to work in a non-stationary and open environment that not all categories are known a
priori and testing samples from unseen classes can emerge unexpectedly. Recognition
of known and unknown samples in a given dataset and correctly classifying known
samples is defined as “open-set Recognition”.

In this chapter, we study the problem of open-set recognition that identifies
the samples belonging to unknown classes during testing phase, while maintaining
performance on known classes. This work [134] is motivated from satellite imagery

processing (described in Sec. 3.1) which is although inherently a classification problem,
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both representative and discriminative aspects of data need to be exploited in
order to better distinguish unknown classes from known ones. We propose a
representative-discriminative open-set recognition (RDOSR) framework (in Sec. 3.2),
which 1) projects data from the raw image space to the embedding feature space
that facilitates differentiating similar classes, and further 2) enhances both the
representative and discriminative capacity through transformation to a so-called
abundance space. Experimental results (Sec. 3.3) on multiple satellite benchmarks
demonstrate effectiveness of the proposed method. We also show the generality of
the proposed approach by achieving promising results on open-set classification tasks

using RGB images.

3.1 Motivation

Land cover classification which aims to assigns a semantic label to each individual
pixel in satellite imagery faces a unique challenge: the vast area covered by the
satellite imagery makes the task of generating representative training samples almost
impossible, as there are a large variety of materials existed on the Earth’s surface,
especially those not well-exploited regions. Therefore, one of the most essential
capabilities of land cover classification is to be able to automatically identify which
test image and which area or pixel location of the image, has a higher probability
of hosting new classes of materials. This would provide essential guideline to human
operators in collecting training samples for the new classes.

Existing land cover classification models assume a closed-set setting where both
the training and testing classes belong to the same label set. However, due to the
unique characteristics of satellite imagery with extremely vast area of versatile cover
materials, the training data are bound to be non-representative. Hence, a more
realistic scenario that is able to work in a dynamic and unpredictable environment
is needed. Recognition of known and unknown pixels in a given satellite image and

correctly classifying known pixels is defined as “open-set land cover classification”.
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Fig. 3.1 explains this process using a real-world satellite image. It illustrates that
there might be some regions in the satellite image with unknown categories that need
to be identified.

Motivated by this real-world problem, we present a multi-tasking representative-
discriminative open-set recognition (RDOSR) framework to address the challenging
land cover classification problem, where both the representative and discriminative
aspects of data are exploited in order to best characterize the differences between
known and unknown classes. We propose the representative and discriminative
learning among three spaces, as shown in Fig. 3.2, including 1) the transformation
from the raw image space to the embedding feature space, and 2) the transformation
from the embedding feature space to a so-called abundance space. See Supplement
A for an illustration of the effect in different spaces.

The benefits of the proposed framework can be summarized from four aspects.
First, unlike other open-set recognition methods applied on the raw image space
directly, we propose to first learn a classification network that would transform from
the raw image space to an embedding feature space such that a more discernible input
is fed into the subsequent open-set learning network. Second, we propose to use the
so-called Dirichlet-net to transform data from the embedding feature space to the
abundance space. Due to the resolution issue, each pixel in a satellite image covers a
large area with more than one constituent material, resulting in “mixed pixel”. The
mixtures are generally assumed to be a linear combination of a few spectral bases, with
the corresponding mixing coefficients (or abundances). This way, instead of looking
at the mixed pixel, we study the mixing coefficients of each spectral basis in making
up the mixture. Thus the abundance space provides a finer-scale representation.

Third, to the best of our knowledge, this work is the first attempt to address the
critical open-set land cover classification problem essential for analyzing the Earth’s
surface. Fourth, while the proposed method was motivated by satellite imagery

analysis, it is generalizable to RGB images and achieves promising results.
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Figure 3.1: Open-set land-cover classification: Data samples corresponding to
ground truth categories are from the known class set (K). It is likely that some
categories are not known during training and will be encountered at testing, i.e.,
samples from unknown class set (U). The goal is to identify pixels coming from (U),
while correctly classify any pixel belonging to (K). From left to right, a satellite image
from the Pavia University dataset [4] showing unknown materials surfaces with yellow
bounding boxes, the ground truth labels, and visualization of the feature space for
both known and unknown classes using tSNE [5].
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Figure 3.2: Representative-discriminative learning through the transformation
among 3 spaces: the raw image space, the embedding space, and the abundance
space.
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3.2 Approach

We propose a representative-discriminative open-set recognition (RDOSR) structure,
as shown in Fig. 3.3. The network mainly consists of two components, 1) a closed-set
embedding component to project the data from the original image domain to the
embedding domain, such that different classes with similar spectral characteristics
are more distinguishable, and 2) a multi-task representative-discriminative learning
component to learn a better representation scheme at a finer scale in the abundance

space, such that unknown classes can be better differentiated from known classes.

3.2.1 Network Architecture

One challenging issue of the open-set satellite land cover classification problem is that
different classes may possess similar spectral characteristics. Thus, it is likely that
an unknown class, whose spectral profile is close to that of a known class, may be
misclassified as the known class. To address this issue, instead of detecting unknown
classes on the image domain, we detect them on the embedding domain projected by
a closed-set embedding layer, as shown in Fig. 3.3.i. The closed-set embedding layer
increases the discriminative power of network to a large extent, such that unknown
classes can be better recognized even if their spectra are similar to those of the known
classes. The weights of the closed-set embedding layer are trained with a classifier F',
which is further elaborated in Sec. 3.2.2.

To recognize unknown classes in the embedding domain, we propose a multi-
task representative-discriminative feature learning framework to boost both the
representative and discriminative power of the extracted feature vector, such that
it is more informative and effective to recognize unknown samples. This is shown
in Fig. 3.3.ii. The network consists of an encoder-decoder architecture with the
representative features S extracted using a sparse Dirichlet encoder E, and a decoder
formed by the bases shared among known classes. A classifier C' applied on S is also

included to further increase its discriminative capability. In this way, the data from
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Figure 3.3: An overview of the proposed framework: i) Closed-set embedding
learning: the classifier F' is trained on the spectral domain X to produce latent
discriminative embedding zg. ii) Representative-discriminative feature learning: the
encoder F takes the embedding feature zg and derives the representative features
S using a Dirichlet-Net. The classifier C' applied on S enhances the discriminative
aspect of S, and the reconstruction error between the decoder output (Zg) and input
to encoder (zg) enhances the representative aspect of S.
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unknown classes fed into the network would produce higher reconstruction error, thus
can be detected accordingly. The details of network design are further elaborated in

Sec. 3.2.3.

3.2.2 Closed-set Embedding Learning

Given the set of sample pixels X = {x1,Xa,...,xy, } from the known classes with
each pixel, x;, being a high-dimensional vector recording the reflectance readings
of different spectral bands in the hyperspectral image, the corresponding labels are
denoted with Y, = {y1,42,...,yn, }, where Ny is the number of known pixels and
Vy; € {1,2,..., L}, where L is the number of known classes. To distinguish classes
with similar spectral distributions, we project the input data X, from the image
domain to the embedding domain Zg. The projection is learned through a classifier,
F, with parameters ©r and the embedded features, zg is forced to be discriminative

through the cross-entropy loss,

£1(0r) =~ 3 uiloglFx) (3.1)

where y; is a one-hot encoded label and F'(x;) denotes the vector carrying the
predicted probability score of the i*® known sample. Such vector is generated by
applying a softmax function on the features zg in the embedding domain.

This general structure is sufficient for a common classification problem where the
encountered classes are known. However, our goal is to increase the discriminative
power of the features from classes with similar spectral characteristics. Therefore,
we further increase the discriminative capacity of the embedded features with the

[;-norm sparse constraint defined by

1 &
Ez(@F) = m Z HZFzHJ (3-2)
i=1
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where zp; is the embedding feature vector learned by the classifier F. With
such constraint, the embedded features from samples of different classes are more

discriminative, even if their spectra are similar in the image domain.

3.2.3 Representative-Discriminative Feature Learning

With the proposed closed-set embedding layer, the samples are projected from the
image domain to the embedding domain possessing more distinguishable features.
In order to better identify unknown samples, both discriminative and representative
nature of the samples need to be exploited. Previous approaches [98; 100] usually
train a general auto-encoder to reconstruct samples from known classes. When the
samples from unknown classes are fed into the network, the reconstruction error is
expected to be larger than that of the known classes in the ideal case, since the
network weights are optimized during the training procedure using known samples.
However, the challenge lies in the scenario when the unknown classes especially the
ones close to the known classes may potentially contribute to small reconstruction
error too which would lead to failure in detection.

In this work, instead of adopting a general-purpose auto-encoder, we propose a
multi-task representative-discriminative feature learning framework to improve the
detection accuracy. The purpose of this network is to decrease the reconstruction
error of the known classes while increasing the reconstruction error of unknown classes
intensively.

Due to the resolution issue, each pixel in a satellite image usually covers a large
geographical area or footprint (e.g., 30x30m for Landsat-8), resulting in the so-called
“mixed pixel” (i.e., each pixel tends to cover more than one constituent materials).
These mixtures are generally assumed to be a linear combination of a few spectral
bases with the corresponding mixing coefficients (or abundance). The proposed
method is designed based on this assumption as shown in Eq. 3.3. Assume that

the feature vector of a sample from known classes zy is a linear combination of a few
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bases B, and such bases are shared among features of the known classes. Thus, each

sample of known classes can be decomposed with

zp = sB, (3.3)

where s denotes the proportional coefficients of the shared bases, which serves as a
form of “representation” of the embedding feature, that we refer to as the abundance.
The abundance vector, or representation, should satisfy two physical constraints, i.e.,
non-negative and sum-to-one. The samples from unknown classes are also able to
be decomposed by Eq. 3.3 using shared bases of the known classes, B. However,
since B does not include the bases of the unknown classes, the distribution of its
representations s should deviate from that of the known classes. Therefore, we design
a network following the model of Eq. 3.3, which enforces s from known classes to
follow a certain distribution. And if the network can extract s from unknown classes
with similar distributions, then we expect they have high reconstruction errors.

The flowchart of the proposed multi-task representative-discriminative feature
learning is detailed in Fig. 3.4. The network performs both the reconstruction task
and the classification task. The reconstruction branch consists of a sparse Dirichlet-
based encoder E with weights © g and a decoder D with weights ©p. The encoder and
decoder can be defined by the functions £ : Zp — S and D : S — Zp, respectively,
where Zp is the embedding space obtained by the closed-set classifier F', and S is
the abundance space of latent representations projected by the encoder E. The
representations s in the latent space S is enforced to follow a Dirichlet distribution.
And a sparse constraint is introduced to enhance the representativeness of s. More
details and justifications are provided below. In addition, S is also enforced to be
discriminative by the classifier C', which can be defined by the function C': S — Y

with weights ©¢, where Y is the space of known labels.
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Figure 3.4: The flowchart of the multi-task representative-discriminative feature
learning framework.
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Representative Feature Learning with Reconstruction

The reconstruction branch is constructed according to Eq. 3.3, where the shared
bases are embedded in the decoder D of the network and the corresponding
representation s is extracted with the encoder E. As mentioned in Sec. 3.2.3, s, the
proportional coefficients of the bases, needs to satisfy the non-negativity and sum-to-
one constraints. Since the Dirichlet distribution is able to provide this property as its
output is a distribution in which the sum of the variables always equals 1, we enforce
s to follow a Dirichlet distribution. Following the work of [135; 136; 137], we adopt
the stick-breaking structure in the encoder to enforce the representations s to follow
the Dirichlet distribution.

Assuming that the representation s is denoted as s = (sy,---,s;j,---,5.), the
stick-breaking structure states that a single element s; in s can be expressed by

v for 7=1
=4 / (3.4)

v; Ho<j(1 — V) for j>1,
where v, is drawn from a Beta distribution, i.e., v; ~ Beta(u, a, 5). Since it is not
easy to get samples from the Beta distribution directly, the inverse transform of
Kumaraswamy distribution, as shown in Eq. 3.5, is utilized for sample generation. In
particular, the inverse transform of Kumaraswamy distribution with o =1 or g =1

is equivalent to Beta distribution.

Kuma(u, a, f) = afu® (1 — u®) 1 (3.5)

where a@ > 0, § > 0, and u € (0,1). The characteristics of Kumaraswamy include

having a closed-form CDF and the inverse transform as follows.

Q=

v~ (1= (1—us)a). (3.6)
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We set @ = 1 and the two parameters u and 3 are learned as the hidden layers in
the encoder of the network as illustrated in Fig 3.4. A softplus activation function is
adopted on the layer S due to its non-negative property, and a sigmoid is used to map
w into the (0, 1) range at the layer u. More details of the stick-breaking structure can
be found in [136] and [137].

In addition, the entropy function [138] is adopted to reinforce the sparsity of the

representation layer. Let §; = %, for each pixel, the entropy function is defined as,

Mo (Op) == 3;logs;. (3.7)
j=1

where c is the dimension of the representation s. The reconstruction loss £, is adopted

to reduce the reconstruction error of the known classes. It is defined by,

Ny,
1 .,
Er({@E, @D}) = Fk Z HZFZ — ZFH2, (38)
=1

where zg; is the embedding feature vector fed into the encoder E, and Zg is the
reconstructed zy; obtained from the decoder D.
Discriminative Feature Learning with Classification Branch.

To further increase the discriminative capacity of the representations, a classifier is

adopted on the representations s with the classification loss L. defined as,

£{0r.0c)) = - i logl )| (3.9)

where y; is the ground truth label and F(zg;) denotes the representative feature vector
of the " known sample. Note that the weights of both the reconstruction branch
and classifier C' are updated together, such that the learned representations can be

both representative and discriminative.
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3.2.4 Training Procedure and Network Settings

We first learn the embedding projection by optimizing the weights O of the classifier

F with the loss function,
min )\fﬁf + AL, (310)
OF

where Ay and ), are two parameters to balance the trade-off between the cross-entropy
loss and the sparsity loss.

Then, having the learned embedding layer, the multi-task representative-discriminative
feature learning network is trained to minimize both the reconstruction loss and the

classification error of the known classes with loss function,

min = N\.L, + \Hs + Lo, (3.11)

Og,0p,0¢

where A, \s, and A\, are parameters balancing the trade-off between the reconstruction
loss, the sparsity loss, and the classification loss.

The structures of the F', E, D, and C networks are as [512,1024,512,32,L], [3,3,3,3,
10], [10,10,L], and [L], respectively, which each number represents the number of

nodes in the fully connected layer and L is the number of known classes.

3.3 Experiments and Results

In this section, the effectiveness of the proposed RDOSR method is evaluated
on several widely used benchmark hyperspectral image datasets. In addition, we
demonstrate the generalization capacity of the proposed approach on RGB image
datasets. Furthermore, the contribution from each component of the proposed

framework is analyzed through ablation study.
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3.3.1 Implementation Details

We train the network, described in Sec. 3.2.1, using an Adam optimizer [139], with
a learning rate of 1072. The classifier F' and the joint structure of encoder-decoder-
classifier (E-D-C') are trained separately for a total number of 15K epochs. However,
the other methods which do not have two separate components were trained for 6K
epochs.

For training the classifier ', Ay and A, are set equal to 1 and 0.1, respectively. The
weights for the reconstruction \,, sparsity Ay, and classification \. losses in training
the E-D-C structure are set equal to 0.5, 1073, and 0.5, respectively. The sparsity
weight A, is decayed with a weight decay of 0.9977. The classifier F' is trained until
its accuracy reaches 0.9988. It should be noted that all input data of the datasets
are normalized to their mean value and unit variance. In addition, the feature vector
obtained from the classifier F' is divided by 10 to avoid divergence.

One of the factors that affects the performance of the open-set recognition

algorithm is Openness [25] of the problem, defined as,

Openness =1 — \/M, (3.12)
Niest + Niarget

where Nipgin, Niest and Nygrger are the number of classes known during training, the

number of classes given during testing, and the number of classes that need to be

recognized correctly during testing phase, respectively. In the experiments, classes of

each dataset is partitioned into known and unknown sets according to the Openness.

The code is written in TensorFlow, and all the experiments are performed on a

desktop computer having GeForce GPU of 10 GB Memory.

3.3.2 Metrics

To compare performance of different methods, there are several metrics including

overall accuracy or F-score on a combination of known and unknown classes, and
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Receiver Operating Characteristic (ROC). The first two metrics do not characterize
the performance of the model well due to their sensitivity not only to the performance
of the model in classifying the known classes, but also an arbitrary operating threshold
for detecting unknown samples.

On the other hand, the ROC curve would illustrate the ability of a binary
classification system (here, known vs. unknown detection) as a discrimination
threshold is varied from the minimum to the maximum value of the given detection
measure (here, reconstruction error). Thus, it provides a measure free from
calibration. To have a quantitative comparison, the area under the ROC (AUC)

is computed in the experiments.

3.3.3 Open-set Recognition for Hyperspectral Data

The experiments are conducted on three hyperspectral image datasets pictured in Fig.
3.5. Note that the datasets are composed of individual pixels as the representation
learning in the encoder-decoder networks and the classification in the classifier are
performed in pixel-wise manner.

Pavia University (PU) and Pavia Center (PC). Both PU and PC datasets
were gathered over Northern Italy in 2011 by the Reflective Optics Systems Imaging
Spectrometer which has a resolution of 1.3 m. The dimension of the PU dataset is
1096 x 715 pixels with 103 spectral bands, ranging from 430 to 860 nm. The PC
dataset has 610 x 340 pixels with 102 spectral bands. The PU and PC datasets both
include nine land cover categories.

Indian Pines (IN). The IN dataset was collected over Northwest Indiana in 1912
by Airborne Visible/Infrared Imaging Spectrometer (AVIRIS). It has a dimension of
145 x 145 with a resolution of 20 m by pixel and 200 spectral bands. Its ground truth
consists of 16 land cover classes.

We compare the performance of the proposed approach with three methods

described as follows.
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Figure 3.5: The three hyperspectral benchmarks used in this chapter, including the
satellite images and the corresponding ground truths with color indexes. The datasets
are: a) Pavia University, b) Pavia Center, c¢) Indian Pines.

32



SoftMax: In a neural network classifier, a common confidence-based approach
to detect open-set examples is thresholding the SoftMax scores. We use network
structure of the classifier F' without considering sparsity constraint.

OpenMax [26]: This approach calibrates the SoftMax scores in a classifier and
augments them with a Ny + 1 class for an unknown category. The replaced SoftMax
layer with an OpenMax layer is used for open-set recognition. We adopt the classifier
mentioned earlier in the SoftMax method, and use the Weibull fitting approach with
parameter Weibull tail size = 10 to generate OpenMax layer values.

AE+CLS: Fully connected version of MLOSR [98] which utilizes a multi-task
learning framework, composed of a classifier and a decoder with a shared feature
extraction part, to detect open-set examples. To have a fair comparison with our
approach, the encoder, decoder, and classifier are designed as our F (without the
Dirichlet-Net), D, C, and trained with £, and L. loss, with weights of 0.5.

First, each of the L classes is assumed to be unknown which equates to an
openness of 2.99%, 2.99%, and 1.63% for PU, PC, IN, respectively. The AUC
values corresponding to choosing each of the L labels as unknown are averaged and
reported for each method in Table 3.1. It can be observed that the proposed method
outperforms other methods on all three datasets. See Supplement B for detailed
comparison on the PU dataset. The minor improvement on the PC dataset can be
justified by its differentiated spectrum of different classes which diminishes the effect
of the classifier F.

Second, for the Openness equal to 6.46%, the ROC curves of different methods
for the PU and IN datasets are illustrated in Fig. 3.6. As seen from the results on
both datasets, the AE+CLS+Dirichlet method which adopts the Dirichlet net to the
AE+CLS framework and the proposed method lie above all other methods. It should
be noticed that our proposed method is able to detect unknown classes with 60%
and above 90% accuracy and almost zero false detection for the PU and PC datasets,

respectively.
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Table 3.1: Area under the ROC curve for open-set detection. Results are averaged
over L partitioning of the selected dataset to L — 1 known and 1 unknown classes.

Method PU PC 1IN
SoftMax 0.385 0.816 0.555
OpenMax [26] 0.441 0.884 0.415
AE+CLS [98] 0.586 0.757 0.669

AE+CLS+Dirichlet 0.714 0.927 0.681
RDOSR (Ours) 0.773 0.963 0.802
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Figure 3.6: Receiver Operating Curve curves for open-set recognition for PU and
PC datasets, for L = 7 (openness=6.46%).
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Third, the histograms of reconstruction error for both known and unknown
sets with Openness= 2.99% are shown in Fig. 3.7. It can be observed that the
reconstruction errors corresponding to the known set have small values. However,
the unknown set produces larger error due to mismatches in terms of representative

and discriminative features learned from the known classes examples.

3.3.4 Open-set Recognition for RGB Images

To show the generalization capacity of the proposed method, we evaluate the
performance of the proposed approach on two RGB datasets and compare with several
state-of-the-art methods. For this purpose, the classifier F' performing pixel-wise
classification is substituted with a DenseNet structure which takes a 2D image as
input.

Following the protocol in [93], we sample 4 known classes from CIFAR10 [140] to
have Openness=13.39% and 20 known classes out of 200 categories of TinylmageNet
[141] resulting in an Openness of 57.35%. Table 3.2 summarizes the results where the
values other than the proposed RDOSR are taken from [99]. It can be observed that
the proposed method has better performance over the compared methods, except
for GDOSR [99], on CIFAR10. However, it achieves significant improvement on
TinyImageNet. It may be due to the similarity between the classes in TinylmageNet
which hinders detecting unknown samples in the image space while RDOSR addresses

this issue by operating in the embedding space.

3.3.5 Ablation Study

Starting with a baseline, AE+CLS, each component is gradually added to the
framework to show its effectiveness. The results corresponding to the ablation study
are shown in Fig. 3.8. It can be seen that employing the baseline structure applied on

the spectra domain has the worst performance. However, adding the Dirichlet-based
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Figure 3.7: Reconstruction error distribution of known and unknown classes using
the proposed method for PU and PC datasets, for L = 8.

Table 3.2: Area under the ROC curve for Open-set recognition.

Method CIFAR10 TinyImageNet
SoftMax 0.677 0.577
OpenMax [26]  0.695 0.576
OSRCI [93] 0.699 0.586
C2AE [100]  0.711 0.581
GDOSR [99] 0.807 0.608
RDOSR (Ours) 0.744 0.752
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network makes a major improvement due to applying physical constraints on the
latent space learned by the encoder E. Directly performing open-set recognition on
an embedding space causes instability problem which is confirmed by a performance
drop compared to the AE+CLS+Dirichlet method. Our proposed method addresses
the instability issue by adopting a sparsity constraint on the embedding feature vector
zr. As seen from Fig. 3.8, our proposed method achieves the highest AUC value

compared to three other baseline methods.

3.4 Summary

We studied the challenging problem of open-set land cover recognition in satellite
images.  Although inherently a classification problem, both representative and
discriminative features need to be learned in order to best characterize the difference
between known and unknown classes. We presented the transformation among three
spaces, that is, the original image space, the embedding feature space, and the
abundance space, where features with both representative and discriminative capacity
can be learned to maximize success rate. The proposed multi-tasking representative-
discriminative learning structure was evaluated on three hyperspectral and two RGB
image datasets and exhibited significant improvement over state-of-the-art open-set

recognition algorithms.
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Chapter 4

Hyperspectral Image Domain
Adaptation Through Unmixing
Abundance Maps

Most machine learning-based algorithms assume that training and test data share the
same distribution. Hence, it is expected that a model trained on the training set would
perform well on the test data. However, in real-world applications this assumption
may not work since the training and the test sets may come from different distributions
due to many reasons, including various data acquisition conditions, variation in the
data itself over time, etc. The discrepancy between the training and test data is
referred to as the domain shift [105]. As a result, directly deploying the trained
model on the test data may lead to degradation in the performance. Therefore, a
more realistic approach is to align the two domain distributions such that the data
shift between the training and test domain is minimized [110; 142].

In this chapter, we study the problem of domain adaptation for the classification
task to align the distributions across the training and the test domains [143]. This
work is motivated from satellite imagery analysis (described in Sec. 4.1) where domain

shift is inevitable leading to importance of domain adaptation in this field. We
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propose an unsupervised domain adaptation approach (in Sec. 4.2) for hyperspectral
land cover classification. The uniqueness of this approach is that instead of aligning
the distribution in either the training domain or the testing domain, we propose
to first project both training and test data on a common embedding space where
domain alignment can be done in a more efficient manner. The key is how to
find this embedding space. Experimental results (Sec. 4.3) on several hyperspectral

benchmarks demonstrate superiority of the proposed method.

4.1 Motivation

Despite the great success of land cover classification in satellite imagery with the
development of convolutional neural network [60; 61; 62; 63; 64], it suffers from two
challenges: 1) a considerable amount of labeled samples are required for training a
deep learning-based approach, 2) it assumes that both the training and test data share
similar distributions leading to poor performance when it is deployed into images
acquired from regions with different atmospheric, illumination, or environmental
conditions. Therefore, a non-negligible time and effort needs to be invested to
generate a representative training dataset containing all the variations of the spectra
for different categories existed in the dataset.

The main reason for the problem mentioned above is spectral variability phe-
nomenon where spectral of the pixels belonging to a certain category vary across
hyperspectral images due to different acquisition conditions. The spectral variability
is an inevitable characteristic of satellite imagery which hinders the deployment of
the land cover classification methods to new regions as it requires collecting new
samples which is laborious and time-consuming. Hence, a more preferable scenario
is to take advantage of the existing annotated datasets and adapt the trained model
such that it performs well on the images taken from new domains. This setting is

called hyperspectral domain adaptation, where the dataset with labeled samples and
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the new dataset collected under different acquisition condition are termed as source
and target domains, respectively.

To tackle this problem, some methods work based on knowledge transferring
from the source data to the target data, such that the pretrained model is often
finetuned in the target domain. For instance, [144] trains a multi-kernel classifier on
the source data and the acquired samples from the target dataset, sequentially. [145]
examines the correlation between domains using a deep network with some salients
samples extracted from each domain, and finetunes it for the classification task. [146]
learns spectral-spatial features through a hierarchical stacked sparse autoencoder and
transfer them with help of few samples labeled from the target data. HT-CNN [66]
transfers features learned from low-level and mid-level layers of a VGG [10] network
through an attention mechanism to the target dataset. [147] minimizes the data
disparity among the datasets and enhances feature embedding space with few samples
of the target data which have been labeled. Despite their competitive performance
on the target domain, the finetuning step requires a large set of annotated data ifrom
the target domain which may not be feasible for some applications.

Unlike the works mentioned above, we present an unsupervised domain adaptation
method which does not require any annotated samples from the test dataset. The
proposed multi-tasking unmixing-based representation learning aligns the represen-
tations across the domains, while the discriminative aspect of the data is preserved.
In particular, it transfers the data from the image space to a latent space, which is
called abundance space, where it is easier to classify pixels (regardless which domains
they are from) in the abundance space.

The benefits of the proposed approach is three-folds. First, unlike other domain
adaptation methods that blindly minimize the domain discrepancy, we propose an
unmixing-based approach which transforms the data from the image domain to a
physically constrained space where the classification has a good performance on both

the source and target domains. Second, the representation of the source and target
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data in the latent abundance space are further aligned by penalizing their marginal

distribution distance which helps to minimize the discrepancy between distributions.

4.2 Approach

We present a multi-tasking domain adaptation approach that reduces the disparity
between source and target domains through mapping them into an unmixing-based
representation space, as illustrated in Fig. 4.1. The proposed framework composed
of three main components, 1) an unmixing-based representation learning component
to map the pixel spectra from both source and target image spaces to a latent
space which is physically constrained, 2) a distribution alignment approach to
further minimize the domain-shift across domains, and 3) a 3D-CNN-based classifier
applied on the learned abundance representation to predict the category taking into

consideration both spectral and spatial information to enhance discriminative power.

4.2.1 Problem Setting

Domain adaptation involves two datasets: a source data Gy = {(x;,%)}0°, with
labels y; € 1,2,...;1 where [ denotes the number of categories, and a target data
Gy = {(Xj)};y:tl without labels, where N denotes the number of samples. Note that
there is a domain shift between the source set G and the target set (G; since they are
drawn from different distributions.

To be specific, the representation learning structure consists of two encoder-
decoder networks, each of which operating on a specific domain. The encoder E
with shared weights among domains transforms the source data x, and the target
data x; to the shared abundance space as a, and a;, respectively. The distribution
of the abundance representation corresponding to the source and the target data are

further matched using a metric-based distribution alignment method. To perform

classification, a 3D-CNN-based classifier is applied on the abundance representation
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Figure 4.1: The overall framework of the proposed method: Ey, D, and E;, D, are
encoder-decoder networks operating on the source and target domains, respectively,
where the weights between the encoder networks are shared. C'is the 3D-CNN-based
classifier applying on the abundance representation a. Note that source and target
are represented as “s” and “t”, respectively.
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extracted from the source a, and the target data a, to predict the corresponding
labels, 9, and 7);, respectively.

In the following, we elaborate on the unmixing-based representation learning in
Sec. 4.2.2, describe the abundance distribution alignment approach in Sec. 4.2.3, and

present the 3D-CNN-based classifier in Sec. 4.2.4.

4.2.2 Unmixing-based Representation Learning

Due to trade-off between spectral and spatial acquisition, satellite imagery usually
have low spatial resolution. Hence, each pixel covering a large area of the scene
contains more than one building materials. According to unmimxing concept, the
mixed pixels can be decomposed into a series of spectral bases and their corresponding
mixing coefficients (i.e. abundance), such that the mixing coefficients should be non-
negative and sum to one.

Inspired by this unmixing procedure, we propose to project the data from the
image space into the latent abundance space where the discrepancy across domains
can be minimized. We hypothesize that the pixels belonging to the same categories
would have similar mixing coefficients even though the spectral bases are different
due to domain shifting. Hence, the abundance feature that have a physical intuition
can be considered as a finer representation of the pixel spectra and can be aligned
better between different data domains.

Assume the spectra of the pixels in the source and the target domains are
represented as x, and x;, respectively. Each of the spectra can be decomposed into

the domain-specific bases and their corresponding mixing coefficients as follows.
X; = a,B, (4.1)

Xy = atBt (42)
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where a, € R¢ and a;, € R denote the proportional coefficients of their
corresponding spectral bases B, € R and B, € R for the source and target
domains, respectively. The number of spectral bands of the given pixel x and
the number of spectral bases are denoted as [ and ¢, respectively. Note that the
proportional coefficients a is equivalent to s in Eq. 3.3. However, we represent the
proportional coefficients with a to avoid confusion with the subscript “s” associated
with source domain in the domain adaptation concept.

Each reconstruction branch is constructed with an encoder E and a decoder D,
with the corresponding weights as 0g, 0p, respectively, as illustrated in Fig. 4.2. The
bases B are embedded in the decoder and the mixing coefficients a are estimated
using the encoder. In particular, these two networks can be defined as £ : X — A
and D : A — X, respectively, where X is the image space and A is the abundance
space. Since the abundance vector a represents the mixing coefficients of the bases for
a mixed pixel, they should satisfy two physical criteria: non-negativity and sum-to-
one. For this purpose, we enforce them to follow Dirichlet distribution. The Dirichlet-
based encoder is built by adopting the stick-breaking structure [135; 136; 137] in the
encoder.

Given that the abundance feature vector a is equivalent to s in Eq. 3.3, it can be
extracted with the encoder F following the stick-breaking structure described in Eq.
3.4, Eq. 3.5, and Eq. 3.6.

In addition, according to the fact that each mixed pixel is usually constructed by
a few spectral bases, the mixing coefficient vector a is encouraged to be sparse using
k|

the entropy function [138]. Assuming a5 = ‘||aTH7 the entropy function is expressed as,

Ns ¢ Ny ¢
Hp) =—>_ ) 4, logh,, — Y > &g, logay,. (4.3)

i=1 k=1 j=1 k=1

where ¢ denotes the number of bases. The reconstruction loss penalizing the encoder-

decoder networks for reconstructing the source and target samples is defined as,
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Figure 4.2: The structure of the encoder F and decoder D. The features are

concatenated to the features of the subsequent layers to enhance the representative
power of the encoder.
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1 & X 1 & .
‘CT({QE?QsteDt}) = FZ”XSi — Xg; 2+EZHX% _thH2> (4'4)
5 =1 j=1

where X denotes the reconstructed sample through encoder-decoder networks.

4.2.3 Distributions Alignment in Abundance Space

To further reduce the distribution discrepancy in the abundance space, a distance
called maximum mean discrepancy (MMD) [106] is adopted. Given two domains Gj
and Gy, the marginal distribution discrepancy between the two distributions can be

obtained as

2

{0, 00,,00,}) = (G0 Gy) = | = 3 B — — 3 Blxy) (4.5)

H

where H represents the reproducing kernel Hilbert space (RKHS) and ||.||,; denotes
the RKHS norm. For more details, the reader can refer to [148; 149; 150]. Note that
E represents the encoder and the MMD distance is calculated on the representation
space obtained from the encoder network. By minimizing the the objective function
mentioned in Eq. 4.5, the marginal abundance distributions from source and target

data can be drawn closer to match each other.

4.2.4 3D-CNN-based Classifier

To perform classification taking into consideration both the spectral and spatial
information, a 3D-CNN-based classifier C' [133] with weights f¢ is employed, as
illustrated in Fig. 4.3. The classifier network comprises of several blocks and a
fully-connected at the end. Each of the blocks consists of a 3D convolutional layer, a
bachnorm layer [151], and a ReLU activation function [152]. In addition, the output of
each block is densely concatenated to the input of its subsequent blocks to strengthen

the discriminative power of learned feature. The classifier takes abundance maps
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Figure 4.3: The structure of the 3D-CNN-based classifier C. The features are
concatenated to the features of the subsequent layers to enhance the discriminative
power of the classifier.
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extracted from the input image patch using the Dirichlet-based encoder F and
predicts a semantic label corresponding to the pixel in the center of the image
patch. The classifier is trained with a cross-entropy objective function using annotated

samples in the source domain as follows.

Ll{0r.0}) = = Y ulog(C(B(x,.) (46)

where y; denotes the true label of the ith sample of the source dataset, x,,. The £ and

C represent the encoder and the classifier of the proposed framework, respectively.

4.2.5 Training Procedure

Training the proposed framework has two stages. First, we train the reconstruction
branches comprising of the encoder F, the decoders D, and D,, with the corresponding

weights 0, 0p,, Op,, respectively, with the following optimization function.

min L, + \vH + AL, (4.7)

05,0p,.0p,
where A\, and )\, are the parameters determining the importance of the sparsity
and alignment losses, respectively. Note that the )\, is gradually increased using
Ao = 2/(1 4+ exp(—10 x (e;/e,))) — 1 to emphasize the impact of domain matching
throughout the training process, where e; and e,, indicate epoch at iteration ¢ and the
total number of epochs, respectively.

In the second stage, the abundance representations are further aligned across

domains for the classification task with optimizing the loss function as follows,

min L, + NH + N Lo+ Lo, (4.8)

0r.0p.0D,,0c
where )\, and )\, are parameters that balance the trade-off between different losses.
Since reconstruction loss and classification loss are the main objective losses and have

the same importance, their coefficients are set to 1.
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4.3 Experiments and Results

In this section, we evaluate the performance of the proposed method on several
hyperspectral datasets and compare it with the some state-of-the-art approaches on

both source and target data using several evaluation metrics.

4.3.1 Datasets

For the experiments, two pairs of source-target datasets are used. For each pair, the
common categories between the two datasets are selected for the evaluation. The
overlapped bands are kept for the datasets with different number of bands. Note
that the datasets are composed of individual pixels as the representation learning in
the unmixing-based encoder-decoder framework is performed pixel-wise. Hence, each
dataset has a size of N X [ where N and [ are the number of pixels and the number
of bands, respectively. For the 3D-CNN-based classifier, a p x p patch surrounding
each pixel is used and the input data has a size of N x p x p x [ .

Pavia University (PU) and Pavia Center (PC). The PU and PC datasets,
pictured in Fig. 4.4, were captured by Reflective Optics Systems Imaging Spectrom-
eter (ROSIS) sensor over Northern Italy in 2011 with a resolution of 1.3m. The PU
and PC have the size of 1096x 715 and 610x 340, respectively, with 102 spectral bands
and common categories as Trees, Bare soil, Bitumen, and Bricks.

Houston 2013 (H13) and Houston 2018 (H18). The H13 and H18 datasets
captured a large region of the University of Houston with a resolution of 2.5m which
are illustrated in Fig. 4.5. The overlapped area is resized to the size of 209x955
containing seven common categories, including, Grass healthy, Grass stressed, Trees,

Water, Residual buildings, Non-residual buildings, and Road.

4.3.2 Implementation Detalils

The encoder E and decoder D are constructed of 6 and 3 fully connected layers, each
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(a) Pavia University (b) Pavia Center

Figure 4.4: The satellite images and the corresponding ground truths with color
indexes for, a) Pavia University (source), b) Pavia Center (target).

(b) Houston 2018

Figure 4.5: The satellite images and the corresponding ground truths with color
indexes for, a) Houston 2013 (source), b) Houston 2018 (target).
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of which containing 3 and 11 nodes, respectively. The classifier C' is composed of 5
3D-CNN blocks with kernel of 7 x 7 x 3, where the layers are as [12,32,12,12,30,1].

The encoder and the decoders are trained using the objective function Eq. 4.7 for
5k epochs and an Adam optimizer [139] with a learning rate of 1072 which is decayed
with a coefficients of 0.9997. The balancing parameter )\, is set to 0.001.

Then, the whole framework is trained for 300 epochs minimizing the objective
function Eq. 4.8. It is worth mentioning that all input data are normalized to their
mean values and unit variance. The code is written in TensorFlow and experiments

are performed on a desktop computer having GeForce GPU of 10 GB Memory.

4.3.3 Metrics

To compare the performance of different approaches, three popular metrics are
employed, including overall accuracy (OA), average accuracy (AA), and Kappa (k)
[41]. The Kappa is a statistical metric that compares the obtained accuracy with an
expected accuracy (random chance). In fact, it indicates the degree of reliability for

a classification task where the value 1 is the best and 0 is the worst.

4.3.4 Classification Results

We compare the proposed method with different land-cover classification approaches,
including 1D-CNN-based classifier [58], 3D-CNN [61], Spec-Spat [62], HSI-CNN [63],
SSRN [64], HybridSN [65], HT-CNN [66], and PCTL [133].

The classification results on the PU-PC and H13-H18 pair datasets are reported
in Table 4.1 and Table 4.2. To evaluate generalization performance, the experiments
are conducted in two scenarios: 1) the model is trained and tested on the same region,
i.e. source data, 2) the model is trained on the source data and tested on the target
data. It can be observed that the proposed method outperforms other methods on the

challenging target datasets while achieving comparable results on the source datasets.
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Table 4.1: Evaluation on the Pavia University (PU) and Pavia Center (PC) pair
datasets, as the source and the target domains, respectively.

PU PC
OATAAT kT OATAAT k1

ID-CNN [58]  97.1 95.2 95.1 90.5 80.0 86.8
3D-CNN [61]  88.5 78.7 83.5 83.0 89.0 84.9
Spec-Spat [62] 95.6 94.9 93.8 91.0 90.0 87.8
HSI-CNN [63] 93.2 91.1 90.4 88.9 86.9 84.9
SSRN [64] 99.8 99.8 99.7 749 70.1 66.1
HybridSN [65] 99.4 99.2 99.1 17.1 16.5 10.8
HT-CNN [66] 97.9 97.6 97.1 81.7 732 744
PCTL [133] 98.0 98.6 97.2 90.1 85.2 86.3
Ours 99.1 99.0 98.7 92.7 88.9 89.9

Method

Table 4.2: Evaluation on the Houston 2013 (H13) and Houston 2018 (H18) pair
datasets, as the source and the target domains, respectively.

H13 H18
OA+TAAT k1T OATAAZT w1

ID-CNN [58]  84.1 82.6 81.3 67.1 65.1 46.9
3D-CNN [61] 25.6 24.5 13.1 299 21.9 85
Spec-Spat [62] 31.7 30.4 189 51.3 268 13.6
HSI-CNN [63] 57.4 57.8 50.1 554 47.1 33.0
SSRN [64] 85.0 86.1 825 46.6 56.3 31.6
HybridSN [65] 89.5 90.0 87.7 332 39.8 17.9
HT-CNN [66] 625 59.6 55.6 34.4 32.1 20.7
PCTL [133]  89.1 89.8 87.3 57.9 449 40.1
Ours 90.3 91.5 88.7 59.9 46.3 41.4

Method
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It demonstrates that our method bridges the gap between the two different domain

aiming to reach a balance of performance on both domains.

4.3.5 Ablation Study

To demonstrate the effectiveness of each component and parameter setting in the
proposed method, we conduct an ablation study and the results on the PU-PC pair
datasets are shown in Table 4.3. Starting with a baseline, each component is gradually
added to the network to examine its effectiveness. It can be observed that employing
encoder-decoder structure without any proposed alignment techniques obtains the
worst performance both on the source and the target domains. Although adding
Dirichlet-based structure improves the performance, sparsity constraint complements
it by making the abundance embedding space more representative and enhances
the performance. It can be seen that adopting the MMD alignment tool without
on unregularized abundance space deviates the distribution leading to poor results.
Finally, the full proposed method including all three components achieves the best

results on the target domain and comparable performance on the source dataset.

4.4 Summary

We studied the challenging generalization problem for a recognition system, where
the model trained on one dataset should be adaptable to perform well on another
related dataset. We presented the unmixing-based representation learning framework
that project the data to a so-called abundance space which physically regularized.
The source and the target data projected the abundance space are further aligned to
minimize the discrepancy between them. The proposed approach was evaluated on
two hyperspectral benchmark and demonstrated the superior performance compared

to other methods.
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Table 4.3: Ablation study. Effect of different components in our proposed method
on the Pavia University (PU) and Pavia Center (PC) pair datasets, as the source and
the target domains, respectively.

PU pC
OA AA & OA AA &
98.6 98.2 98.00 87.1 79.6 82.1

Dirichlet Sparsity Alignment

v 98.8 98.6 98.3  89.4 84.7 85.5
v v 99.3 99.4 99.0 90.3 85.8 86.6
v v 94.4 96.5 91.9  87.5 83.0 82.8
v v v 99.1 99.0 98.7  92.7 88.9 89.9
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Chapter 5

Occlusion-aware Bidirectional

Video Semantic Segmentation

Video semantic segmentation, as a semi-supervised learning for video data, aims
to associate each pixel of sequential video frames with a semantic label. However,
conducting per-frame image segmentation in a video is computationally prohibitive
and is often prone to temporal inconsistency. The fact that a video, unlike an image,
contains temporal information has motivated researchers in this field to explore the
inherent content continuity in the consecutive frames for video segmentation. These
methods are mostly based on the flow-based feature propagation. However, the
flow-based segmentation results tend to suffer from distortions due to the inevitable
erroneous optical flow and the challenging occlusion phenomenon.

In this chapter, we explore a new research direction in video semantic segmentation
and propose a bidirectional feature propagation and an occlusion-aware feature
rectification method (Sec. 5.2) with the goal of improving performance of video
semantic segmentation at a low computation cost [153]. We refer to it as BiVSS. Our
main idea is that the features propagated in both forward and backward directions
are complementary such that the ambiguous regions caused by occlusions can be

compensated by the features propagated from the reverse direction. In particular,
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we design an occlusion network to estimate the potentially distorted areas based on
bidirectional optical flows, and utilize them as cues for correcting and fusing the
propagated features. Extensive experiments (Sec. 5.3) on Cityscapes and CamVid
datasets demonstrate that our proposed method achieves superior performance in
terms of segmentation accuracy and temporal consistency, striking a great balance

between performance and computational cost.

5.1 Introduction

Semantic segmentation is a critical visual recognition task that aims to assign
a semantic label to each pixel. Image semantic segmentation has witnessed a
tremendous progress benefited from the invent of deep convolutional neural network
[13] combined with the proliferation of datasets (e.g. Coco [154], Pascal VOC
[155], Cityscapes [156], CamVid[157]). In recent years, the use of video semantic
segmentation in real-world applications such as autonomous vehicles [158], robotics
[159], video surveillance [160] has drawn significant attention in research community.
These challenging applications require a video analysis method with high accuracy
and low latency.

As a nalve approach for video semantic segmentation, an image semantic
segmentation method can be applied on each frame separately and independently.
But this strategy mostly is not acceptable in real-world applications due to the
unaffordable computational cost and poor temporal consistency. Actually, a single-
frame approach treats the video as a collection of uncorrelated images and ignores
the fact that the consecutive frames of a video typically have a substantial semantic
similarity with each other [161]. To leverage the temporal continuity in a video, an
intuitive idea is to reuse the high-level features extracted at sparse key frames when
segmenting other frames [81; 162; 163].

The observation that high-level features change more slowly compared to shallower

features extracted from video frames [80] has motivated prior works to relegate the
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expensive feature extraction component in a video recognition architecture and warp
the high-level representations based on optical flow [81]. Although feature warping
reduces the overall computational cost, the accuracy of optical flow estimation
affects the propagated features and hence, determines the performance of semantic
segmentation.

Despite the significant progress in optical flow estimation [164; 165], the spatial
misalignment between key frames and other frames may result in inaccurate optical
flow. The situation gets even worse when scene motion causes occlusion or the entire
scene moves relative to the camera, making noticeable warping errors. To compensate
for fast scene evolution, features can be updated by features computed at the current
frame [82]. However, this method treats every pixel equally — even the regions where
the features are correctly propagated may be enforced to be rectified, causing the false
correction. To rectify the propagated features in an optimal way, distorted regions
can be estimated, thereby the feature correction is performed only on the distorted
regions as preserving propagated features for other regions [7].

While approaches based on feature correction appear effective, their performance
are constrained by the update branch that computes features of the current frame. In
particular, these methods may not be able to rectify all the distortions using a light-
weight network due to its weak feature extraction architecture. Note that utilizing
a strong deep network as the update network contradicts with the goal of keyframe-
based approaches. In addition, identifying the distortions is challenging since they
are accumulated through propagation over multiple frames.

To address the challenges of efficient video segmentation, we propose a bidirec-
tional video semantic segmentation framework (BiVSS), which leverages the high
quality features extracted at the key frames using an expensive image semantic
segmentation network, and propagates them toward the non-key frames in both
forward and backward directions using flow fields. The distorted regions due to
object motion or a moving observer are corrected at the current frame following the

guidance from a learned occlusion map. The map essentially highlights the potentially
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occluded regions by the use of bidirectional optical flows embodying forward-backward
movement information, which are then used as cues to compensate for the distortions
from the features warped in the reverse direction. As can be observed in Fig. 5.1, the
warped features from two key frames are complementary, and the proposed BiVSS is

capable of merging them effectively.

5.2 Approach

We propose to perform semantic segmentation in a bidirectional framework. This
framework satisfies two goals: 1) leveraging the high-level representations of two key
frames for segmenting the non-key frames, and 2) estimating occlusions which is
crucial for correcting the distortions occurred through feature propagation via flow
fields. A visual illustration of our bidirectional video semantic segmentation model is
presented in Fig. 5.2.

We start with a pair of consecutive key frames, i.e. I and Iz, p, and perform
semantic segmentation using an off-the-shelf image segmentation network SegNet,,,
which is deep and expensive. The high-level features obtained from the key frames
are then warped along the optical flow to the subsequent and previous time steps,
respectively, in a frame-by-frame fashion to align with the non-key frames. The
Occlusion network, OccNet, on the other hand, learns regions where occlusion
and disocclusion may happen during propagation in both forward and backward
directions. Next, we rectify the propagated features under the cues of the predicted
occlusion maps. The remaining slight distortions is corrected with the help of
the features extracted from the current frame using a shallow image segmentation
network, SegNet,,..

In the following, we elaborate on the bidirectional feature propagation framework
in Sec. 5.2.1, describe the occlusion prediction network in Sec. 5.2.2, and present the

effective feature correction in Sec. 5.2.3.
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Backward Forward
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Figure 5.1: Illustration of how distortions due to occlusion-disocclusion (highlighted
with white bounding boxes) can be mitigated through the proposed bidirectional
framework, BiVSS.
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Figure 5.2: An overview of the proposed BiVSS framework that comprises of a
bidirectional feature propagation component (Sec. 5.2.1), a bidirectional occlusion
estimation component (Sec. 5.2.2), and an occlusion-aware feature correction
component (Sec. 5.2.3). It leverages the high quality deep features extracted from
two key frames (I and Iy, p) using a static deep segmentation network (SegNet.,)
and propagates them toward the non-key frame (/;) using optical flows. The potential
ambiguities or uncertainties in the propagated features are rectified with the help of
occlusion maps estimated by an Occlusion network (OccNet). The ambiguities are
further corrected by a shallow segmentation network (SegNet, i00) €xecuted on the
current frame to save computation cost.
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5.2.1 Bidirectional Feature Propagation

The technique bidirectional optical flow was initially proposed in [166]. It has been
used for video frame interpolation [166; 167; 168; 169; 170; 171; 172], motion detection
[173], and robust optical flow estimation [174; 175; 176]. In this work, the bidirectional
optical flow is employed for feature propagation of two consecutive key frames toward
a non-key frame.

Assuming a fixed distance D between the successive key frames, a deep image
segmentation network SegNet,, where k denotes key frames, is executed only
on selected key frames. The extracted key frame feature, hy = SegNet,(I;) is
forward-propagated to subsequent frames using a computed optical flow, E{i—l =
FlowNet(I;_1,1;) where FlowNet represents the flow estimation network. Similarly,
the feature obtained from the incoming key frame, hyp = SegNet,(Ix+p), is warped

backward to previous frames along a flow field, F?,,, = FlowNet(I;;1,I;). During

1,0+
the propagation process, the features are warped along optical flow using bilinear
interpolation as the warping operator W. The feature warping in forward and

backward directions at the current frame, I;, result in hl’-c = W(hzf_l,F s ) and

i,0—1

he = W(hl,,, F};,,), respectively. These two features are later fused with the

(2

guidance of occlusion maps which will be elaborated in Secs. 5.2.2 and 5.2.3.

5.2.2 Forward-Backward Occlusion Estimation

Occlusion estimation plays a critical role in many vision tasks, including image
instance/panoptic segmentation [177; 178], video frame interpolation [172; 170],
object tracking [179; 180; 181], and optical flow estimation [174; 175; 176]. In video
segmentation, occlusion handling is critical as object motion causes ambiguous regions
in the feature propagation process.

As discussed in Sec. 5.1, the spatial misalignment between key frames and other
frames may result in inaccurate optical flow, hence feature correction is a necessary

step toward high-fidelity segmentation result. To largely reduce the amount of false
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correction and only rectify the propagated features in distorted regions but preserve
those for other regions, occlusion estimation is essential since the distorted regions
in video semantic segmentation are mostly the occlusion-disocclusion areas occurred
due to object motion or a moving observer in videos.

Let I,_; and I; be two consecutive non-key frames. Classical optical flow
estimation methods are based on the observation that a pixel in frame I;_; should
be similar to pixel which is mapped by optical flow in frame I; [182]. However,
this observation does not hold true for pixels which become occluded. Inspired by
occlusion reasoning based on bidirectional flow consistency [174; 175], we estimate
occlusion maps in forward and backward directions.

The forward optical flow, Ff maps I,_; to I,. The backward flow F’ mapping
I; to I;_; is acquired by interchanging the inputs to the optical flow estimation
model. The intuition behind our occlusion detection model is built upon the forward-
backward consistency assumption [183], stating that the forward flow F/ negates the
backward flow F® on the pixels where there is no occlusion, hence, the pixels where
there is a large mismatch between these two flows will be marked as occluded pixels
[175]. Consequently, the occlusion in the forward direction is obtained whenever the

following constraint is violated [175].

|F7(z) + F*(z + F/(2))]? (51)
< ar(|FI ()] + | FP(x + F/(2))]?) + a2

where x is the pixel location, and «; and as are some scalar parameters. Similarly,
the occlusion in the backward direction is calculated when F/ and F® are exchanged.

Despite the promising results of the occlusion detection using Eq. 5.1, it only
estimates the occluded regions between two consecutive frames which may not be
adequate when the distance between two key frames is large. Flow-based feature
warping aggregates the distortions throughout the frames and thus certain distortions

would remain in such pair-wise occlusion caused by the previous frames. To detect all
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the aggregated occlusion areas, an occlusion-based network is designed to highlight
the occlusion areas in both forward and backward directions. The structure of the
occlusion network is depicted in Fig. 5.3.

The occlusion network has a U-Net shape structure that takes four optical flows
)l

from three consecutive frame (1;_1, I;, I;11), [Fi“, F? Vvt Flip ), as input and

4,—1)
estimates the occlusion maps. To be specific, from these complementary optical
f

7

flows, it predicts occlusion maps in forward direction, O;, where a region of frame
I;_1 becomes occluded in frame [;, and in backward direction, O?, where a region of

frame I, becomes occluded in frame I;.

5.2.3 Occlusion-Aware Feature Correction

Through utilizing forward-backward propagation, our model is able to estimate
the occlusion-disocclusion areas using optical flow in both forward and backward
directions, and rectify the features on these ambiguous regions with the help of
features in its complementary direction.

Let hzf and h? denote the propagated features from the preceding key frame Iy
and the incoming key frame [;,p to the current frame I;, respectively, and h{ be
the extracted feature from the current frame using the shallow image segmentation
network SegNet,,. The feature correction module adopts the weighted sum to

perform feature rectification. Hence we have:
hi =h! x O + b x OF + h$ x (1 -0/ = OY) (5.2)

where X represents the spatially element-wise multiplication. Later, the Softmax

operation is applied on the corrected features to output the final segmentation result.

5.3 Experiments and Results
In order to evaluate the effectiveness of the proposed BiVSS, we use two challenging
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video semantic segmentation datasets, namely, Cityscapes [156] and CamVid [157]
pictured in Fig. 5.4, and compare its performance with the state-of-the-art works

from the perspectives of accuracy, temporal consistency, and computational cost.

5.3.1 Experimental Setup

Datasets. Cityscapes [156] consists of 5000 snippets recorded at 17 fps of street
scenes from 50 different cities. The dataset is divided into 2975/500/1525 sets
corresponding to training/validation/test sets. Each frame has size of 1024 x2048,
and the 20th frame of each snippet is carefully annotated with 19 semantic labels.
CamVid [157] contains 4 video clips captured at 30 fps with resolution of 720x960.
The 11-class high quality dense pixel annotation is provided for each 30th frame.
Following [7], the trainval and test sets have 468 and 233 samples, respectively.

Evaluation Metrics. Three performance metrics are used in the experiments.
To evaluate segmentation accuracy of different video semantic segmentation methods,
we use the mean intersection over union (mloU) [184]. The temporal consistency of
the video semantic segmentation results is measured by tracing semantic labels of
trajectories thoughout frames of a video [183]. It calculates the ratio of the label-
consistent trajectories and is reported as mloU based temporal consistency (mTC)
[185]. In addition, the amount of floating point operations (FLOPs) [186; 187] is
adopted to measure computation cost.

Implementation Details. There are four key components in our proposed
framework, including the deep image semantic segmentation network SegNet,
executed on the key frames, the optical flow estimation model FlowNet, the occlusion
network OccNet, and the shallow image segmentation network SegNet,, applied on
the non-key frames. We conduct experiments using DeepLabv3+ [6] and HRNetV2
[75] as SegNet,, due to their superior performance in terms of accuracy and efficiency
in segmenting static images. They are pretrained on ImageNet [188] dataset and then

finetuned on target segmentation dataset. We adopt the modified FlowNet2-S [165]
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Figure 5.4: The two video semantic segmentation datasets used in this chapter,
including an example frame of the datasets images and the corresponding ground
truths with color indexes. The datasets are: a) Cityscapes, b) CamVid.
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as optical flow estimation network which has less complexity compared to the original
one. FlowNet is pretrained on the synthetic Flying Chairs dataset [164] and then
fine-tuned on the particular dataset during the bidirectional feature propagation
learning. Both SegNet,, and OccNet have a U-Net shape structure comprising of
a few convolutional layers, interlaced with batchnorm and Leaky-ReL.U layers in the
encoder and a few deconvolutional layers interlaced with Leaky-ReLU in the decoder.

We train our model in two phases. In phase one, the bidirectional feature
propagation framework only comprises of SegNet, and FlowNet. It fine-tunes
FlowNet while the weights of SegNet, are kept fixed. In parallel, the shallow static
segmentation network SegNet,, is separately trained on the particular dataset (e.g.
Cityscapes). In phase two, the OccNet in the full framework is trained from scratch
while the weights of other networks are kept frozen.

The bidirectional framework is trained with a batch of three frames [I,_,, I, [1,],
where the image I, has semantic annotation. The index of the images in the batch
is generated based on the relation as ¢ = D — p+ 1 where 1 < p < D. It enables
the framework to propagate the features with various propagation distances while the
distance between the key frames is constant as D.

In training steps, the Adam optimizer [139] is adopted with 8; = 0.9 and B = 0.99.
The optimizations are performed for 100 epochs with learning rate of 1074, Key
frames are selected at regular intervals, starting with the first frame in the video.

The proposed method uses key frame interval as 5, unless otherwise stated.

5.3.2 Comparison with State-of-the-Arts

We compare the proposed BiVSS with different video semantic segmentation ap-
proaches. We use DeeplabV3+ [6] and HRNetV2 [75], respectively, as backend to our
model. The quantitative comparisons on the Cityscapes dataset validation subset are
shown in Table 5.1. Note that for the keyframe-based methods like DFF [81], Accel
[82], DAVSS [7], and our method, the GFLOPs of the non-key frames are reported.

68



Table 5.1: Evaluation on the Cityscapes and CamVid datasets. Key and Non-
key indicate keyframe and non-keyframe based methods, respectively. We adopt
HRNetV2 as baseline mainly for non keyframe based approaches like GRFP and
TDNet due to its relatively low computation cost. We adopt DeeplabV 3+ as baseline
mainly for keyframe-based approaches like DFF, Accel, DAVSS, and the proposed
BiVSS for its relatively high accuracy.

Method Cityscapes CamVid
mloU + mTC 1 GFLOPs | mloU 1+ mTC 1 GFLOPs |
.. DeeplabV3+ [6] 76.6 76.6 820 72.0 832 270
if HRNetV2 [75] 75.9  81.0 156 75.0 839 52
g GRFP [78] 76.6  83.8 468 74.6  87.2 156
“ TDNet [79] 76.5  81.6 161 72.6  84.7 54
DFF [81] 68.7 - 180 66.0 - 60
. Accel [82] 72.1 - 510 66.7 - 170
2 DAVSS [7] 75.4 845 212 71.1 85.0 72
Ours (DeeplabV3+) 76.5  84.8 231 71.8 855 78
Ours (HRNetV2) 75.7  86.5 231 74.4 88.4 78
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The computation of key frames has GFLOPs equal to the one reported for the baseline
model. The GRFP and TDNet models are re-implemented with HRNetV2 network as
backbone. It can be observed that the proposed method based on the DeepLabV3+
outperforms the state-of-the-art keyframe-based video segmentation methods in terms
of segmentation accuracy, and has comparable mTC value. Although there is usually
a trade-off between segmentation accuracy and temporal consistency, our model
is able to achieve a promising balance in them with a reasonable computation
cost. Comparing our model based on HRNetV2 with two other non keyframe-
based methods, i.e. GRFP and TDNet, confirms that non keyframe methods achieve
better segmentation mloU since they aggregate the information over multiple frames.
However, they may suffer from high computation cost or low temporal consistency as
the results of GRFP and TDNet indicate, respectively.

It is worth mentioning that the proposed method gets a bit lower mloU compared
to the baseline models but outperforms them in terms of temporal consistency.
The improvement of 7.2% and 5.5% in mTC over DeeplabV3+ and HRNetV2,
respectively, with comparable mIoU demonstrate that our model is able to reach
a better balance between accuracy, temporal consistency, and computation cost. The
70% less computation burden with DeeplabV3+ being the baseline also leads to a
noticeable speed-up. It also shows the segmentation results on CamVid dataset. It
can be observed that our proposed method outperforms the state-of-the-art methods,
and has comparable performance compared to the corresponding baseline frame-by-
frame segmentation networks.

In order to compare the results in more detail, the class-wise IoUs are presented in
Table 5.2. One can see that most of our gains come from large objects, like sidewalk,
wall, truck, bus, and train. However, it is common in keyframe-based approaches
that slender objects, like pole or traffic sign, get deteriorated due to the flow-based
propagation.

Visual Comparison. The qualitative comparisons of our method and the single-

frame DeeplabV3+ [6] are shown in Fig. 5.5 on the two datasets used. In particular
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Table 5.2: Class-wise IoUs on the Cityscapes validation set with HRNetV2 and
DeeplabV3+ as baselines.

Class HRNetV2 Ours DeeplabV3+ Ours
Road 98.2 98.1 98.1 98.1
Sidewalk 85.3 84.7 84.6 84.5
Building 92.4 91.9 92.0 91.7
Wall 56.0 58.0 59.0 58.6
Fence 60.2 60.9 60.8 59.9
Pole 64.6 57.4 58.8 55.0
Traffic light 69.9 67.9 64.9 63.8
Traffic sign 7.2 76.3 75.0 73.9
Vegetation 92.5 91.9 92.1 92.0
Terrain 64.2 64.4 64.7 65.2
Sky 94.3 94.0 94.5 94.5
Person 81.2 78.4 79.6 78.8
Rider 59.4 58.5 59.0 58.7
Car 94.6 94.3 94.6 94.6
Truck 67.6 75.7 83.8 84.8
Bus 81.4 81.1 85.5 88.5
Train 67.6 69.2 70.5 73.1
Motorcycle 59.7 62.0 63.7 64.9
Bicycle 75.9 74.1 74.6 74.0
Avg. 75.9 75.7 76.6 76.5
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b) CamVid

Figure 5.5: Semantic segmentation results on two datasets: a) Cityscapes and b)
CamVid. From top to bottom: the image, image segmentation by DeeplabV3+ [6],
video segmentation by DAVSS [7], video segmentation by our framework, and the
ground truth.
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our approach is able to better segment the large regions where ambiguities exist.
Effect of Propagation Interval. To evaluate how the segmentation accuracy
changes with respect to key frame interval, D, the proposed method with DeeplabV3+
backbone is compared with other keyframe-based methods for various propagation
distances ranging from 1 to 9. Fig. 5.6 depicts the results of different models on
Cityscapes validation set. It is in line with intuition that as the key frame interval
increases, the segmentation accuracy decreases due to inaccuracy in optical flow
estimation and the distortions caused by occlusion-disocclusion. Meanwhile, our
model is able to achieve stable performance which demonstrates the important role

of bidirectional framework on rectifying the distortions aggregated over the frames.

5.3.3 Method Analysis

Ablation Study. The contribution of each component in the proposed framework
is investigated by removing them one by one. Table 5.3 illustrates the results on the
Cityscapes dataset with DeeplabV3+ and forward propagation as baseline (see 1st
row in Table 5.3). Tt is observed that incorporating the backward propagation to the
baseline improves the segmentation accuracy by 3.9% in mIoU while introducing 25
ms of latency per frame (see 3rd row in Table 5.3). Adding the features extracted
from the current frame slightly improves the baseline (see 2nd row in Table 5.3), but
deteriorate the performance of the forward-backward framework (see 4th row in Table
5.3). This is because of the fact that the feature correction is applied to all pixels of
the frames, even those which have correctly propagated to the current frame. Adding
OccNet to the bidirectional framework further enhances the segmentation accuracy
by rectifying only the distorted areas indicated in the occlusion maps (see 5th row
in Table 5.3). Our full framework outperforms the other variants and achieves 76.7%
mloU with a reasonable overhead computation cost.

Effect of the Feature Correction Method. The impact of the occlusion-aware

feature correction is compared with other fusion methods including directly adding
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Figure 5.6: Accuracy vs. propagation distance on Cityscapes validation set. The
keyframe-based method are compared over different propagation distances.

Table 5.3: Contribution of different components to BiVSS, including backward
propagation (Bkwd), Occlusion network (OccNet), and the use of update branch
at the current frame (Curr). The mlIoU scores and runtimes on a non-key frame for
the Cityscapes dataset are provided.

Bkwd OccNet Curr  mloU (%) Time (ms/f)

72.0 171

v 72.1 184

v 75.9 196
v v 75.2 213
v v 76.3 253
v v v 76.5 265
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feature maps (Add) and 1x1 convolutional layer (Convlx1). As shown in Table 5.4,
concatenating the three features with a simple convolutional layer leads to the worst
accuracy. Our “OccNet” module outperforms the “Add” approach which does not
take into account the spatial misalignment.

Occlusion Visualization. The intermediate results including the propagated
feature in forward and backward directions, feature extracted from the current
frame, and the occlusion maps are illustrated in Fig. 5.7. It can be observed that
the proposed method is able to estimate the occlusion maps for both forward and
backward directions, and highlight the regions where both propagated features are
uncertain about the predictions which is used for extra refinement with the help of

shallow features extracted from the current frame.

5.4 Summary

We proposed a novel bidirectional framework for video semantic segmentation that
consists of two main components, the bidirectional feature propagation module and
the occlusion-aware feature correction module. The former helps to propagate the
features of the key frames toward the non-key frames. The latter works on fusing
the propagated features and the ones obtained from the current frame with the
guidance of the estimated occlusion maps. The experiments on Cityscapes and
CamVid demonstrate the superiority of the proposed method with a better balance

between accuracy, temporal consistency, and computation cost.
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Table 5.4: Effect of different feature correction modules in our framework on the
Cityscapes dataset. “OccNet” represents the proposed feature correction based on
occlusion maps. “Add” and “Convlx1” denote adding features maps and fusion
using a 1x1 convolution layer, respectively.

Method mloU (%) Time (ms/f)

OccNet 76.5 265
Add 75.2 213
Convlx1 61.4 244

f b f b
0; 0 1-0; —0;
Figure 5.7: Example intermediate results from BiVSS on Cityscapes. Top row, from
left to right: the propagated features in forward and backward directions, and the
one obtained from the current frame. Bottom row, from left to right: the occlusion
maps in forward and backward directions, and the remaining distortion map.
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Chapter 6

Conclusions and Future Works

This dissertation focuses on learning with limited data and how to deal with it for
image and video processing. We studied open-set recognition in Chapter 3 to learn
a recognition system algorithm under a more realistic open-world assumption where
there could be incomplete knowledge of the world during training and the system may
encounter unknown categories in deployment phase. We presented a representative-
discriminative framework in order to best characterize the differences between known
and unknown categories. It was shown that transforming the data to an embedding
feature space facilitates differentiating similar classes, and the transformation from the
embedding feature space to a so-called abundance space enhances the representative
capacity of the recognition model.

In Chapter 4, we investigated the generalization capability of a recognition system
under a real-world scenario where there may be some domain-shift between the data
that the model is being deployed on compared to the training data. We presented a
physic-based representation learning approach to perform classification in a domain-
invariant embedding space. It was demonstrated that projecting the data to a physic-
regularized space reduces discrepancy between the source and the target domains,

which is further enhanced by a distribution alignment method.
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In Chapter 5, we explored video semantic segmentation in a semi-supervised
learning strategy where certain frames of a video have been labeled. We proposed
an occlusion-aware bidirectional framework to take advantage of two labeled frames
instead of one. It was demonstrated that the features propagated in both forward
and backward directions are complementary specially for the occluded areas. We
designed an occlusion network to estimate the potentially distorted areas based on
bidirectional optical flows, and utilized them as cues for correcting and fusing the
propagated features.

The future works of this dissertation lie in three aspects. First, as the semantic
segmentation is an important perception tool in safety critical applications like
autonomous driving system, it needs to be robust to unknown objects that may
occur. The fact that the segmentation problem is inherently a classification problem
which assigns each pixel of an image to a semantic label, it could be learned under an
open-world assumption. In the future work, the proposed open-set recognition work
will be extended for the segmentation task.

Second, the proposed domain-adaptation method works in an unsupervised setting
where there are no labeled data available from the target domain. As future research,
we will investigate how much improvement we could achieve if few samples of the
target domain are annotated, i.e. semi-supervised learning, as conditional distribution
can be aligned more effectively with having those cues.

Third, the presented video semantic segmentation approach assumes fixed interval
between keyframes which may be hard to tune for each video separately. In the future,
we will study some keyframe selection approaches to adaptively choose a frame as

keyframe and perform bidirectional video semantic propagation accordingly.
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