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In this thesis, we propose to infer pixel-level labelling in video by utilising only object
category information, exploiting the intrinsic structure of video data. Our motivation is
the observation that image-level labels are much more easily to be acquired than pixel-
level labels, and it is natural to find a link between the image level recognition and pixel
level classification in video data, which would transfer learned recognition models from
one domain to the other one. To this end, this thesis proposes two domain adaptation ap-
proaches to adapt the deep convolutional neural network (CNN) image recognition model
trained from labelled image data to the target domain exploiting both semantic evidence
learned from CNN, and the intrinsic structures of unlabelled video data. Our proposed
approaches explicitly model and compensate for the domain adaptation from the source
domain to the target domain which in turn underpins a robust semantic object segmenta-
tion method for natural videos. We demonstrate the superior performance of our methods
by presenting extensive evaluations on challenging datasets comparing with the state-of-
the-art methods.
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1 Introduction

1.1 Background

Recent years have witnessed the proliferation of digital imaging devices. Massive amounts
of visual data are being produced by mobile phones, consumer cameras, surveillance
cameras and other commodity imaging devices. This motivates the development of au-
tonomous systems to semantically analyse and process the explosively growing visual
data — the goal of computer vision research. One of the central problems in computer vi-
sion is semantic object segmentation, the task of assigning pre-defined object class labels
to pixels in images or videos.

Semantic video object segmentation poses higher challenges than its image counterpart,
in terms of the huge volume of information and the requirement of spatio-temporal co-
herence in labelling. Yet fully autonomous approach remains advantageous in application
scenarios where the human in the loop is expensive or impractical, such as video recogni-
tion or summarisation, 3D reconstruction and background replacement.

While effortless for humans, semantic video object segmentation can be challenging for
machines owing to several reasons. Firstly, acquiring the prior knowledge about object is
difficult; gaining pixel-level annotation for training supervised learning algorithms is pro-
hibitively expensive comparing with image-level labelling. Secondly, background clut-
ters and object appearance variations due to scale, translation, rotations, and illumination
effects introduce visual ambiguities that in turn cause mis-segmentations. Thirdly, cam-
era motion as well as occlusions bring geometry ambiguities to consistent visual analy-
sis. Recent years have seen encouraging progress, particularly in terms of generic object
segmentation [1–8] which segments video foreground objects regardless of semantic la-
bels, and the success of deep learning, especially convolutional neural networks, in image
recognition [9–12] also sheds light on semantic video object segmentation.

Generic object segmentation methods largely leverage generic object detection, i.e., cate-
gory independent region proposal methods [13–15], to capture object-level description of
the generic object in the scene incorporating motion cues. These approaches address the
challenge of visual ambiguities to some extent, seeking the weak prior knowledge of what
the object may look like and where it might be located. However, there are generally two
major issues with these approaches. Firstly, the generic detection is virtually ranking and
proposing hundreds to thousands of coherent segments at various scales, typically based
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on hierarchical segmentation; thus it has very limited capability to determine the presence
of an object. Secondly, such approaches are generally unable to determine and differen-
tiate unique multiple objects, regardless of categories. These two bottlenecks limit these
approaches to segmenting one single object or all foreground objects regardless classes or
identifies.

The deep convolutional neural networks (CNNs) have been immensely successful in vari-
ous high-level tasks in computer vision such as image level recognition [9–11] and bound-
ing box level object detection [16]. However, stretching this success to pixel-level classi-
fication or labelling, i.e., semantic segmentation, is not naturally straightforward. This is
not only owing to the difficulties of collecting pixel-level annotations, but also due to the
nature of large receptive fields of convolutional neural networks. Furthermore, due to the
aforementioned challenges present in video data, CNNs need to learn a spatio-temporal
representation of the video in question in order to give a coherent segmentation.

1.2 Contributions

The core contribution of this thesis is to develop a novel method which transcends the
generic object segmentation paradigm and achieves semantic object segmentation by har-
nessing deep convolutional neural networks. The main insight is to bridge the gap be-
tween image classification and object segmentation, leveraging the ample image annota-
tions and good discriminative pre-training. This is interesting considering that one might
be able to circumvent the necessity of using the expensive pixel-level annotation datasets
and use only image-level recognition model. This goal is achieved by proposing two
domain adaptation approaches, exploiting the image recognition model from the source
domain, and the intrinsic structure of video data in the target domain, forming a visual
representation which captures the synergy of the same object instances in deep feature
space from continuous frames. Our proposed approaches explicitly model and compen-
sate for the domain adaptation from the source domain to the target domain which in turn
underpins a robust semantic object segmentation method in natural videos. In investigat-
ing these goals, the thesis focuses on developing an autonomous method to semantically
extract objects of known categories out of natural video, which has been weakly labelled
with a semantic concept. An overview of our proposed method is shown in Fig. 1, which
consists of object discovery, domain adaptations and object segmentation components,
bridging the gap between the source domain of image recognition and the target domain
of semantic object segmentation.
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Figure 1. Overview of our proposed method. Our system takes video frames (top left) as input
and applies pre-trained image recognition model and generic object detector for object discovery.
Two domain adaptation approaches are proposed to bridging the gap between the source domain of
image recognition and the target domain of semantic object segmentation. The adapted semantic
confidence maps are employed to achieve robust semantic object segmentation on consecutive
video frames (right).

1.3 Structure

This thesis is structured as follows. We first give a literature review of related work in Sec.
2, forming observations on the previous works. In Sec. 3, we introduce our approach to
discovering weakly labelled objects of interest (OOI) in video. Sec. 4 describes the two
approaches of domain adaptation, which results in semantic evidence which underpins a
robust semantic object segmentation in Sec. 5. Sec. 6 evaluates the proposed method
on benchmark datasets comprising challenging video clips exhibiting various challenges,
comparing against state-of-the-art algorithms. Sec. 7 summarises the contributions of the
thesis.
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2 Semantic Video Object Segmentation

In this section we review the related works and clarify the relevance of the proposed
approaches to semantic video object segmentation within the context of the related works.

This literature review presents the technical background for the thesis by introducing the
notations and reviewing the related key techniques, without intending to give a thorough
and complete survey for each related area.

2.1 Generic Object Proposal

Generic object detection learns generic properties of objects from a set of examples, and
proposes segment regions which may contain generic objects. Generic object detection
has attracted a lot of attentions in context of still images recently [13–15, 17–20]. The ob-
jectness measure was initially introduced by Alexe et al. [17], which used Bayesian clas-
sifier applied on multiple cues to compute the probability that a bounding box contains
generic object. Endres and Hoiem [13] generated multiple figure-ground segmentation
using conditional random fields (CRF) with random seeds and learned to score each seg-
ment based multiple cues as shown in Fig. 2a. Similarly, constrained parametric min-cut
(CPMC) method [18] also generated multiple segments and ranked proposals according
to a learned scoring function. Selective Search [14] applied a hierarchical agglomeration
of regions in a bottom-up manner as shown in Fig. 2b. Manen et al. [15] constructed
a connectivity graph based on superpixels with edge weights as the probability of neigh-
bouring superpixels belonging to the same object, and generated random partial spanning
trees with large expected sum of edge weights. Arbeláez et al. [20] employed a hierar-
chical segmenter and proposed a grouping strategy that combined regions at multi-scales
into object hypotheses by exploring efficiently their combinatorial space. Cheng et al.

[19] introduced method to compute the objectness score of each bounding box at various
scale and aspect ratio.

Generic object proposal methods incorporating temporal information in video data have
also been investigated [21–23]. Approach of extracting region proposals from each frames
independently which were linked across temporal domain into object hypotheses has been
proposed by Tuytelaars [23]. This approach suffers from the mis-segmentations from
independent frames which was addressed by Oneata et al. [21] by proposing a super-
voxel method to incorporate temporal information during the initial segmentation step,
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(a)

(b)

Figure 2. Key image based generic object proposal methods in the literature: (a) region based
approach by [13] which generates multiple figure-ground segmentation using CRF with random
seeds and learns to score each segment based multiple cues. (b) bounding box based approach
by [14] which applies a hierarchical agglomeration of regions in a bottom-up manner and returns
bounding boxes with scores.

as shown in Fig. 3a. Despite of the improvements in quality, supervoxel based methods
typically become computationally infeasible for longer videos, and prone to over-segment
fast moving objects. Fragkiadaki et al. [22] generate region proposals based on motion
boundaries per frame which are ranked by a trained moving objectness detector. The top
ranked segments are extended into spatio-temporal voxels utilising random walkers on
affinities of trajectories formed by dense points, as shown in Fig. 3b.
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(a)

(b)

Figure 3. Key video based generic object proposal methods in the literature: (a) supervoxel ap-
proach by [21]; from left to right: video frame, detected edges, flow boundaries, superpixels, and
hierarchical clustering result at the level with eight supervoxels. (b) motion boundaries approach
by [22]; initially a set of region proposals are generated in each frame using multiple segmenta-
tions on optical flow and static boundaries, which is called per frame Moving Object proposals
(MOPs) and static proposals. A Moving Objectness Detector (MOD) then rejects proposals on
static background or obvious under or over segmentations. The filtered proposals are extended
into spatio-temporal pixel tubes using dense point trajectories. Finally, tubes are ranked by MOD
using score aggregation across their lifespans.

2.2 Optical Flow

The goal of optical flow estimation is to compute an approximation to the motion field
from time-varying image intensity. Optical flow estimation has been dominated by vari-
ational approaches since Horn and Schunck [24]. Recent works have been focusing on
large displacement optical flow methods which integrated combinatorial matching into
the traditional variational approaches [25–29]. Convolutional neural networks have been
used by DeepMatching and DeepFlow [27] to aggregate information in a fine-to-coarse
manner with all parameters are set manually. The problem with [27] is that the matches
are simply interpolated to dense flow fields, which was addressed by EpicFlow [28] which
improved on the quality of sparse matching. FlowNet [29], as shown in Fig. 4, used CNN
for the flow field prediction without requiring any hand-crafted methods for aggregation,
matching and interpolation.
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Figure 4. Network architecture of FlowNet [29] with w, h, and c being their width, height and
number of channels at each layer. FlowNet uses CNN for the flow field prediction without requir-
ing any hand-crafted methods for aggregation, matching and interpolation.

Figure 5. Network architecture of the CNN based visual tracker [37], where for each layer c@w⇥
h, notations w, h, and c represent the number of channels, width and height at each layer; 2
indicates each fc6 layer contains a binary classification layer. This method pre-trains a CNN
using a large set of videos with tracking ground truths to obtain a generic target representation.

2.3 Object Tracking

Object tracking is the process of locating one or multiple moving objects over time using
a camera, which has many practical applications (e.g. surveillance, HCI) and has long
been studied in computer vision. Due to the computational efficiency and competitive
performance, correlation filter based approaches [30–33] have gained attention in the area
of visual tracking in recent years. Deep learning based methods [34–38] have also been
developed. [34] proposed an online method based on a pool of CNNs, which suffers from
lack of training data to train deep networks. [35, 36] transferred CNNs pre-trained on
a large-scale dataset constructed for image classification, however the domain shift was
not properly compensated [37]. [38] empirically studied some important properties of
CNN features under the viewpoint of visual tracking and proposed a tracking algorithm
using fully convolutional networks pre-trained on the image classification task. [37] took
a different approach and pre-trained a CNN using a large set of videos with tracking
ground truths to obtain a generic target representation, as shown in Fig. 5.
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2.4 Video Object Segmentation

Video object segmentation is the problem of automatically segmenting the objects in a
video. The majority of research efforts in video object segmentation can be categorised
into three groups (semi-)supervised, unsupervised and weakly supervised methods, based
on the level of automations.

Methods in the first category normally require an initial labelling of the first frame, which
either perform spatio-temporal grouping [39, 40] or propagate the labelling to guide the
segmentation in consecutive frames [41–44].

Autonomous methods have been proposed due to the prohibitive cost of human-in-the-
loop operations when processing ever-growing large-scale video data. Bottom-up ap-
proaches [6, 45, 46] largely utilise spatio-temporal appearance and motion constraints,
while motion segmentation approaches [47, 48] perform long-term motion analysis to
cluster pixels or regions in video data. Giordano et al. [49] extended [6] by introduc-
ing ‘perceptual organization’ to improve segmentation performance. Taylor et al. [50]
inferred object segmentation through long-term occlusion relations, and introduced a nu-
merical scheme to perform partition directly on pixel grid. Wang et al. [51] exploited
saliency measure using geodesic distance to build global appearance models. Several
methods [3, 5, 7, 8, 52] propose to introduce a explicit notion of object by exploring those
recurring region proposals from still images by measuring appearance and motion cues
of generic objects (e.g., [13]) to achieve state-of-the-art results. However, due to the lim-
ited recognition capability of generic object detection, these methods normally can only
segment foreground objects regardless of semantic label.

The proliferation of user-uploaded videos which are frequently associated with semantic
tags provides a abundant resource for computer vision research. These semantic tags,
albeit not spatially or temporally located in the video, suggest semantic concepts present
in the video. This social trend has led to an increasing interest in exploring the idea of
segmenting video objects with weak supervision or labels. Hartmann et al. [53] firstly for-
mulated the problem as learning a set of weakly supervised classifiers for spatio-temporal
segments. Tang et al. [54] learned discriminative model by leveraging labelled posi-
tive videos and a large set of negative examples based on distance matrix. Liu et al.

[55] extended the traditional binary classification problem to multi-class and proposed
an algorithm of nearest-neighbour-based label transferring which encourages smoothness
between spatio-temporally adjacent regions which are similar in appearance. Zhang et al.

[56] utilised the pre-trained object detector to generate a set of detections and then pruned
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(a)

(b)

(c)

Figure 6. Key automatic video object segmentation methods in the literature: (a) motion bound-
aries approach by [6] which is derived as follows (left) the ray-casting method given the fact that
any ray originating outside intersects it an even number of times; (middle) illustration of the inte-
gral intersections data structure for the horizontal direction to speed up the ray-casting; (right) the
output inside-outside biary map. (b) framework by [7, 8] to rank, cluster and learn a holistic model
from noisy object regions and generate consistent object proposals through graph transduction
learning. (c) still-image object detection approach by [56] which follows the following steps (left)
the input video is weakly labelled with semantic tags, making it difficult to locate and segment the
desired objects; (middle) per-frame detection and segmentation proposals provide location infor-
mation but are often very noisy; (right) the proposed segmentation-by-detection framework can
generate consistent object segmentation results from noisy detection and segmentation proposals.

noisy detections and regions by preserving spatio-temporal constraints.
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2.5 Convolutional Neural Networks

Convolutional neural networks (LeCun et al. [57]) are biologically-inspired variants of
multilayer perceptrons (MLPs), which belong to the family of deep learning, mapping a
set of observations to a set of targets via multiple non-linear transformations. We first
briefly introduce general concepts of deep learning and then focus on CNNs in this sec-
tion.

Hubel and Wiesel’s early work [58] suggested a layered structure in the mammalian visual
cortex, which has inspired the formulation of a few computational architectures aimed at
emulating the brain. Arguably the most successful of those formulations is the introduc-
tion of neural networks [59]. A neural network consists of multiple layers of “neurons”,
where the output of a neuron can be the input of another. This thesis will use the terms
“neurons” and “units” interchangeably. Each neuron is a computational unit which takes
in weighted inputs and produces the output according to its associated activation function.
A simple three-layer neural network is illustrated in Fig. 7.

Deep learning algorithms employ multiple layer representations to transform data into
high level concepts through a hierarchical learning process. The “deep” networks typi-
cally consist of multiple layers of non-linear transformations from input to output, grad-
ually deriving higher level feature from the lower level features, leading to a hierarchical
representation. This multiple levels representation is highly motivated by nature.

One of the earliest neural networks developed for computer vision task was the Neocog-
nitron [61], which extracted local features of the input in a lower stage and gradually ag-
gregated local features into global features. Each neuron of the highest stage aggregates
the information of the input, and responds only to one specific pattern. The Neocognitron
was able to learn to perform simple pattern recognition. However, it lacked a supervised
training algorithm. LeCun et al. [57, 62] later developed Convolutional neural networks, a
similar formulation to Neocognitron, for visual recognition. These convolutional models
have proved to be immensely successful in computer vision. The CNN is a feed-forward
network, where none of its units forms a directed cycle. Other types of deep networks
have also been successfully applied to computer vision, which include the the recurrent
neural network (Hochreiter and Schmidhuber [63]) and the deep belief network (Graves
and Schmidhuber [64]). CNNs exploit spatially-local correlation by enforcing a local
connectivity pattern between neurons of adjacent layers which allows for features to be
detected regardless of their position in the visual field. Additionally, weight sharing en-
ables learning efficiency by significantly reducing the number of parameters to be learned.
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Figure 7. A simple three-layer neural network. Each circle represents a neuron, taking a number
of inputs and producing a single output. The middle layer of nodes is referred as the hidden layer,
as its values are not observed in the training set.

Figure 8. An illustration of the CNN architecture in Krizhevsky et al. [60], explicitly showing
the delineation of responsibilities between the two GPUs. One GPU runs the layer-parts at the
top of the figure (partly drawn) while the other runs the layer-parts at the bottom. The GPUs
communicate only at certain layers. The network’s input is 150, 528-dimensional, and the number
of neurons in the network’s remaining layers is given by 253, 440-186, 624-64, 896-64, 896-43,
264-4096-4096-1000.

These merits enable CNNs to achieve better generalization on vision problems.

However, due to the limited computing resource and a lack of large datasets, deep neural
networks had been prevented being successfully deployed which, however, has changed
with the emergence of the large-scale ImageNet dataset and the increasing GPU com-
puting power. Krizhevsky et al. [60] successfully trained a CNN utilising GPU parallel
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Figure 9. An illustration of R-CNN which combines region proposals with CNN by Girshick et
al. which fine-tunes pre-trained image recognition model with pixel-level annotations. [16].

computing and achieved a performance leap in image classification problem on the Ima-
geNet 2012 Large-Scale Visual Recognition Challenge (ILSVRC-2012), instantly making
CNN the central attention of the computer vision community. The CNN architecture in
Krizhevsky et al., often dubbed AlexNet, is illustrated in Fig. 8.

Despite the adoption of modern GPUs, training a Convolutional Network from scratch
with randomly initialized parameters for a large scale dataset is still too slow. Further-
more, it is relatively rare to have a dataset of sufficient amount of labelled data to train a
CNN of a similar size as in Krizhevsky et al. [60]. Alternatively, it is common to use the
pre-trained CNN on a very large dataset, e.g., ImageNet, in a transfer learning paradigm.
There are normally two transfer learning scenarios using CNN pre-training, i.e., either as
fixed feature extractor or initialization for fine-tuning.

Using CNN pre-training as feature extractor normally removes the last fully-connected
layers which outputs the class scores for a classification task. It is assumed that bottom
convolutional layers correspond to generic image representations whilst the later layers
are task-specific. There have been significant improvement over the traditional hand-
crafted features on visual recognition tasks, e.g., object detection [16] (as illustrated in
Fig. 9), tracking [65], scene recognition [66], action recognition [67].

Fine-tuning the CNN pre-training effectively exploits its representation power for clas-
sification purposes. Instead of taking the responds of a mid-layer as feature, one can
fine-tune the network for new tasks without the need for a large training dataset. Several
works have adopted the fine-tuning approach. Farfade et al. [70] fine-tuned AlexNet for
face detection, replacing the last layer with a new fully connected layer of two outputs.
Ren et al. [71] performed training by fine-tuning alternating between the region proposal
and object detection. Notably, Long et al. [69] converted the fully connected layers of a
pre-trained CNN into convolutional layers which accept inputs of arbitrary size and output
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Figure 10. CRF-RNN (Zheng et al. [68]) which combines fully convolutional neural network
(FCN) (Long et al. [69]) and conditional random field (CRF) which is implemented as a RNN
architecture.

classification probabilities, with the pre-trained weights as initialization.

Convolutional neural networks are not only advancing image-level classification, they are
also driving advances in on local tasks with structured output, e.g., semantic segmen-
tation. Some recent approaches including FCN (Long et al. [69]), DeepLab (Chen et

al. [72]) and CRF-RNN (Zheng et al. [68], as illustrated in Fig. 10) have shown sig-
nificant accuracy boosts by retraining state-of-the-art CNN based image classifiers. One
important observation is that all the aforementioned methods require significant amount
of pixel-level annotations for retraining CNN models on as less as 20 categories. This mo-
tivates us to explore how to effortlessly transfer the success of image recognition on 1000
categories or more to video semantic object segmentation without pixel-level annotations.
This motivation shapes the goal of this thesis. Details of related works in semantic image
segmentation are presented in Sec. 2.7.

2.6 Unsupervised Visual Representation Learning

Unsupervised learning of visual representations is a well researched area starting from the
original auto-encoder work [73]. The most related works to this thesis are those learning
feature representations from the videos using deep learning approaches [74–81]. The most
common constraint of these works is enforcing learned representation to be temporally
smooth. Among these works, Wang and Gupta [79] (Fig. 11) adopted visual tracking
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Figure 11. Wang and Gupta [79] adopts visual tracking to capture distinct frames of the same
object instance, and they extract fixed-size image patches from the first and last frame with distinct
appearances of the same object instance.

to capture frames of the same object instance. Although our method also makes use of
tracking for representation learning, we are different from [79] in that they sought after
fixed-size image patches from the first and last frame with distinct appearances of the
same object instance, whereas we aim to collect region proposals as training instances
from multiple stable tracks enforcing temporal coherence.

2.7 Semantic Image Segmentation

In this section, we review the recent developments in semantic image segmentation based
on deep learning, especially CNNs. These approaches can mainly be categorised into two
strategies.

The first strategy is utilising image segmentation to exploit the middle-level represen-
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Figure 12. Farabet et al. [82] adopts hierarchical feature trained from raw pixels in a multi-scale
convolutional network and multiple-scale superpixels to encode local information for semantic
labelling.

tations, such as superpixels or region proposals, to account for the structured patterns
of images. Farabet et al. [82] adopted a multi-scale convolutional network which was
trained from raw pixels to extract dense features and utilised multiple-scale superpixels
to encode local information for semantic labelling, as illustrated in Fig. 12. Similar ap-
proach has also been taken by [83], which converted segmentation as classification by
exploiting multi-scale superpixels and multi-layer neural networks. The main advantage
of this strategy is that superpixels encode local contextual information and make the infer-
ence more efficient, whilst the disadvantage is the error arising from under-segmentation
which could not be eliminated in the later stage.

The second strategy is training an end-to-end neural network to model the nonlinear map-
ping from raw pixels to label map, without relying on any segmentation or task-specific
features. Recurrent neural network (RNN) based approach has been proposed by [84]
which utilised RNN to capture long range image dependencies. The fully convolutional
neural network was proposed by [69] who replaced the last fully connected layers of
a CNN by convolutional layers to keep spatial information and introduced multi-scale
upsampling layers to alleviate the coarse output problem, as shown in Fig. 13. [68] incor-
porated CRF as part of an end-to-end trainable network in the form of a recurrent neural
network and jointly learned the parameters in one unified deep network.
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Figure 13. Long et al. [69] replaced the last fully connected layers of a CNN by convolutional
layers to keep spatial information. FCN accepts inputs of arbitrary size and output classification
probabilities.
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3 Object Discovery

We set out our approach to first semantically discovering possible objects of interest from
video as illustrated in Fig. 1, which consists of the following key steps as illustrated in
Fig. 14: (a) generating region proposals (b) scoring and selecting candidate proposals
using generic properties (c) classifying proposals with regard to semantic labels applying
image recognition model and (d) generating semantic confidence map by aggregating
both multiple proposals and spatial distributions. Each step is detailed in the following
sections.

3.1 Proposal Scoring

Unlike image classification or object detection, semantic object segmentation requires not
only localising objects of interest within an image, but also assigning class label for pix-
els belonging to the objects. One potential challenge of using image classifier to detect
objects is that any regions containing the object or even part of the object might be “cor-
rectly” recognised, which results in a large search space to accurately localise the object.
To narrow down the search of targeted objects, we adopt bottom-up category-independent
object proposals.

In order to produce segmentations, we require region proposals rather than bounding
boxes. We consider those regions as candidate object hypotheses. Exemplar region pro-
posals are shown in Fig. 15. The objectness score associated with each proposal from
[13] indicates probability that an image region contain an object of any class. However,
this objectness does not consider context cues and only reflects the generic object appear-
ance of the region. We incorporate motion information as a context cue for video objects.
There has been many previous works on estimating local motion cues. We adopt a mo-
tion boundary based approach as introduced in [6] which roughly produces a binary map
indicating whether each pixel is inside the motion boundary after compensating camera
motion.

The motion cue estimation begins by calculating optical flow between consecutive frames.
We firstly estimate motion boundaries which identify the location of occlusion boundaries
implied by motion discontinuities which might correspond to physical object boundaries,
following [6].
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Figure 14. Overview of object discovery which consists of the following key steps: generating
region proposals; scoring and selecting candidate proposals using generic properties; classifying
proposals with regard to semantic labels applying image recognition model; generating semantic
confidence map by aggregating both multiple proposals and spatial distributions.

The motion boundaries consist of two measures which account for two common types of
motion, i.e., agile motion and modest motion. Let ~f

i

be the optical flow vector at pixel i.
The motion boundaries can be simply computed as the magnitude of the gradient of the
optical flow motion vectors:

b

m

i

= 1� exp(�w

m

||5 ~

f

i

||) (1)

where bm
i

2 [0, 1] indicates the strength of the motion boundary at pixel i; w
m

is a param-
eter to control its sensitivity to motion strength. This simple measure correctly detects
boundaries at rapid moving pixels where b

m

i

is close to 1, albeit it becomes unreliable
when b

m

i

is around 0.5 which can either be explained as boundaries or motion estimation
error in optical flow [6]. To account for the second case, i.e., modest motions, a second
estimator is computed to measure the difference of orientations between the motion vector
of pixel x and its neighbours j 2 N . The insight is that if a pixel is moving in a different
direction than all its surrounding pixels, it is probable located on a motion boundary. The
orientation indicator is defined as

b
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✓
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i,j
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where �✓

2

i,j

is the angle between the optical flow vectors at pixel i and j.

Combining these two measures above forms a measure which is more reliable than either
alone to cope with various patterns of motion:
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Figure 15. Exemplar region proposals randomly selected from the source image on top-left corner,
extracted by [13]. The proposals are quite noisy with some regions corresponding to the objects
of interest.

where ⌘m is a threshold. Finally, thresholding b

i

at 0.5 produces a binary motion bound-
ary. This threshold is chosen [6] empirically. Fig. 16a the motion boundaries estimated
by this approach.

The resulted motion boundaries normally do not completely or correctly coincide with the
whole object boundary due to inaccuracy of the optical flow estimation. This problem is
further handled by an efficient algorithm by [6], determining whether one pixel is inside
of the motion boundary. The key idea is that any ray starting from a pixel inside object
intersects the boundary an odd number of times. Due to the incompleteness of detected
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(a)

(b)

Figure 16. Local motion cues estimated using [6]: (a) motion boundaries (b) binary motion map.

motion boundaries, a number of rays, e.g., 8, are used to reach a majority voting. The
final result is a binary map M

t for frame t indicating whether each pixel lies inside an
object, which we use as motion cues. Fig. 16b shows such a binary map underpinned by
the estimated motion boundaries.

After acquiring the motion cues, we score each proposal r by both appearance and context,

s

r

= A(r) + C(r)

where A(r) stands for the score of appearance for region r computed using [13] and C(r)
represents the contextual score of region r which is defined as:

C(r) = Avg(M

t

(r)) · Sum(M

t

(r))

where Avg(M

t

(r)) and Sum(M

t

(r)) compute the average and total amount of motion
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Figure 17. Scored and top ranked region proposals applying our scoring scheme, where even the
top dozen contain good proposals (ticked) of the object of interest.

cues [6] included by proposal r on frame t respectively. Note that, appearance, contex-
tual and combined scores are normalised. Exemplars of scored and top ranked region
proposals applying our scoring scheme are shown in Fig. 17.

3.2 Proposal Classification

On each frame t we have a collection of region proposals scored by their appearance and
contextual information. These region proposals may contain various objects present in the
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Figure 18. VGG network configurations (listed in [10]). The depth of the configurations increases
from left (A) to right (E), as more layers are added (the added layers are shown in bold). The
convolutional layer parameters are denoted as “convhreceptive field sizei-hnumber of channelsi”.
The rectified linear unit (ReLU) activation function is not shown for brevity. FC-N indicates fully
connected layers with N neurons.

video. In order to identify the objects of interest specified by the video level tag, region
level classification is performed. We consider proven classification architectures such as
VGG-16 nets [10] which did exceptionally well in ILSVRC14. VGG-16 net uses 3 ⇥ 3

convolution interleaved with max pooling and three fully-connected layers. The various
network architectures are shown in Fig. 18.

In order to classify each region proposal, we firstly warp the image patch in each region
proposal into a form which is compatible with the pre-trained CNN (VGG-16 net requires
fixed size input of 224 ⇥ 224 pixels). Despite that there are various possible transforma-
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Figure 19. Warped regions from the source image in Fig. 15.

tions of those region proposals with arbitrary shapes, we warp the bounding box around
each region to the required dimensions, regardless of its original size or shape. The tight
bounding box is expanded to four directions by a certain number of pixels (10 in our sys-
tem) around the original box before warping, which was proven effective in the task of
using image classifier for object detection task [16]. Fig. 19 shows some examples of
warped training regions.

After the classification, we collect the confidence of all the regions with respect to the
specific classes associated with the video and form a set of scored regions,

{H
w1 , . . . ,HwK}
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Figure 20. Positive detections with thresholded confidences using the pre-trained VGG-16. Due
to the nature of image classifier, higher confidence does not necessarily correspond to good pro-
posals.

where
H

wk
= {(r

1

, s

r1 , cr1,wk
), . . . , (r

N

, s

rN , crN ,wk
)}

with s

ri is the original score of proposal r
i

and c

ri,wk
is its confidence from CNN classi-

fication with regard to keyword or class w

k

. Fig. 20 shows the positive detections with
confidence higher than a predefined threshold (0.01), where higher confidence does not
necessarily correspond to good proposals. This is mainly due to the nature of image clas-
sification where the image frame is quite often much larger than the tight bounding box
of the object. In the following discussion we drop the subscript of classes, and formulate
our method with regard to one single class for the sake of clarity, albeit our method works
on multiple classes.

3.3 Spatial Average Pooling

After the initial discovery, a large number of region proposals are positively detected with
regard to a class label, which include overlapping regions on the same objects and spuri-
ous detections. We adopt a simple weighted spatial average pooling strategy to aggregate
the region-wise score, confidence as well as their spatial extent, as shown in Fig. 21.
For each proposal r

i

, we rescore it by multiplying its score and classification confidence,
which is denoted by s̃

ri = s

ri · cri . We then generate score map S
ri of the size of image

frame, which is composited as the binary map of current region proposal multiplied by
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Figure 21. An illustration of the weighted spatial average pooling strategy. Regions having better
spatial support from high-confidence proposals have higher confidence after the pooling.

its score s̃

ri . We perform an average pooling over the score maps of all the proposals to
compute a confidence map,

C

t

=

P
ri2Rt S

riP
ri2Rt s̃

ri

(4)

where
P

ri2Rt S
ri performs element-wise operation and Rt represents the set of candidate

proposals from frame t.

The resulted confidence map Ct aggregates not only the region-wise score but also their
spatial extent. The key insight is that good proposals coincide with each other in the
spatial domain (after restoring to the original size) and their contribution to the final con-
fidence map are proportional to their region-wise score. An illustration of the weighted
spatial average pooling is shown in Fig. 21. In this exemplar illustration, the confidence
in some region is high (Fig. 22a) although it does not belong to the object. By employing
our weighted average pooling strategy, the resulted confidence is lowered to a reasonable
level (Fig. 22c) by both its lower score (Fig. 22b) and the lack of spatial support from
other proposals.



32

(a)

(b)

(c)

Figure 22. (a) Averaged score map based on proposal scores (b) Averaged confidence map based
on CNN-16 confidence (c) Weighted spatial average pooling confidence map.
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4 Domain Adaptation

In this section, we adapt the source domain from image recognition to the target domain,
i.e., pixel or superpixel level labelling. We develop two approaches for domain adaptation.
The first approach is built by incorporating constraints in the spatial-temporal domain ob-
tained from a connectivity graph defined on unlabelled target instances, whilst the second
approach exploits the multiple instance of the same objects recurring in continuous frames
and learns an object-specific representation in deep feature space.

4.1 Approach I: Semi-Supervised Graphical Model

4.1.1 Graph Construction

To perform domain adaptation from image recognition to video object segmentation, we
define a undirected space-time graph of superpixels G

d

= (V
d

, E
d

) spanning a video or
a shot. Each node of the graph corresponds to a superpixel, and each weighted edge
connects two superpixels according to spatial and temporal adjacencies in video data,
as illustrated in Fig. 23. Temporal adjacency is determined given optical flow motion
vectors, i.e., two superpixels are deemed temporally adjacent if they are connected by at
least one motion vector.

To model the weighted edges, we firstly compute the affinity matrix A of the graph among
spatial neighbours as

A
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i,j

=
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)
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where the functions d

s
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, s

j

) and d

c
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) computes the spatial and colour distances
between spatially neighbouring superpixels s

i

and s

j

respectively:
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where ||r
i

� r

j

|| is the Euclidean distance between two superpixel centres r

i

and r

j

re-
spectively; ||c

i

� c

j

||2 is the squared Euclidean distance between two adjacent superpixels
in RGB colour space, and < · > computes the average over all pairs i and j.

For affinities among temporal neighbours st�1

i

and s

t

j

, we consider both the temporal and
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Figure 23. Graph construction for domain adaptation.
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Specifically, we define the temporal distance d

t

(s

i

, s

j

) by combining two factors, i.e.,
the temporal overlapping ratio ⇢

i,j

and motion accuracy m

i

. ⇡
i

denotes the motion non-
coherence, and w

c

= 2.0 is a parameter. The larger the temporal overlapping ratio is
between two temporally related superpixels, the closer they are in temporal domain, sub-
ject to the accuracy of motion estimation. The temporal overlapping ratio ⇢

i,j

is defined
between the warped version of st�1

i

following motion vectors and s

t

j

, where s̃

t�1

i

is the
warped region of st�1

i

following optical flow to frame t, and | · | denotes the cardinality
of a superpixel, as shown in Fig. 24b. The reliability of motion estimation inside s

t�1

i

is
measured by the motion non-coherence. A superpixel, i.e., a small portion of a moving
object, normally exhibits coherent motions. We correlate the reliability of motion estima-
tion of a superpixel with its local motion non-coherence as illustrated in Fig. 24c. We
compute quantised optical flow histograms h

i

for superpixel st�1

i

, and compute ⇡
i

as the
information entropy of h

i

. Larger ⇡
i

indicates higher levels of motion non-coherence, i.e.,
lower motion reliability of motion estimation. An example of computed motion reliability
map is shown in Fig. 25.
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(a) Temporal neighbours are roughly determined by optical flow
motion vectors.

(b) Temporal warping by following motion vectors in the temporal
domain.

(c) Motion Accuracy and histogram of motion vectors. Lower mo-
tion estimation accuracy is indicated by flat histogram of motion
vectors.

Figure 24. Various factors considered in measuring temporal distance.
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Figure 25. Motion reliability map (bottom) computed given the optical flow between two consec-
utive frames (top and middle).

4.1.2 Semi-Supervised Learning

We minimise an energy function E(X) with respect to all superpixels confidence X (X 2
[�1, 1]) following a formulation similar with [85]:

E(X) =

NX

i,j=1

A

ij

||x
i

d

� 1
2

i

� x

j

d

� 1
2

j

||2 + µ

NX

i=1

||x
i

� c

i

||2, (9)

where µ is the parameter to control the regularization, and X are the desirable confidence
of superpixels which are imposed by noisy confidence C in Eq. 4. We set µ = 0.5
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empirically. Let the node degree matrix D = diag([d

1

, . . . , d

N

]) be defined as d

i

=

P
N

j=1

A

ij

, where N = |V|.

Denoting S = D

�1/2

AD

�1/2, this energy function can be minimised iteratively as

X

t+1

= ↵SX

t

+ (1� ↵)C

until convergence, where ↵ controls the relative amount of the confidence from its neigh-
bours and its initial confidence. Specifically, the affinity matrix A of G

d

is symmetrically
normalized in S, which enables the convergence of the consecutive iteration. In each
iteration, each superpixel adapts itself by receiving the confidence from its neighbours
while preserving its initial confidence. The confidence is adapted symmetrically since S

is symmetric. After convergence, the confidence of each unlabelled superpixel is adapted
to be the neighbour of which it has received most confidence during the iterations.

We alternatively solve the optimization as a linear system of equations, which is more
efficient. Differentiating E(X) with respect to X we have

rE(X)|
X=X

⇤
= X

⇤ � SX

⇤
+ µ(X

⇤ � C) = 0 (10)

which can be transformed as

(I � (1� µ

1 + µ

)S)X

⇤
=

µ

1 + µ

C. (11)

Finally we have
(I � (1� ⌘)S)X

⇤
= ⌘C. (12)

where ⌘ =

µ

1+µ

.

The optimal solution for X can be found using the preconditioned (Incomplete Cholesky
factorization) conjugate gradient method with very fast convergence. Fig. 26 shows the
result applying the proposed domain adaptation which effectively adapts the noisy confi-
dence map from image recognition to the video object segmentation domain. For consis-
tency, still let C denote the optimal semantic confidence X for the rest of this thesis.
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(a) Confidence maps of three consecutive frames,
which exhibit noisy semantic confidences with regard
to ‘horse’ class.

(b) Confidence maps after domain adaptation which
demonstrate strong spatial-temporal coherence and se-
mantic accuracy.

Figure 26. Proposed domain adaptation effectively adapts the noisy confidence map from image
recognition to the video object segmentation domain.

4.2 Approach II: Video Object Representation Learning

After the object discovery, we have a noisy evidence of the object on each independent
frame. We set about learning an object-specific representation which captures the synergy
of the same object instances in deep feature space from continuous frames, as illustrated
in Fig. 27.
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Figure 27. Overview of domain adaptation approach II which utilises watershed and object track-
ing to form an object-specific representation in deep feature space.

4.2.1 Proposal Generation

Based on the computed confidence map (Eq. 4), we generate a new set of region proposals
in a process analogous to the watershed algorithm, i.e., we gradually increase the thresh-
old in defining binary maps from confidence map Ct. This approach effectively exploits
the topology structure of the confidence map. The disconnected regions thresholded at
each level form the new proposals. The confidence associated with these new region pro-
posals P are computed by averaging the confidence values enclosed by each region. Fig.
28 shows an illustration of the process.

4.2.2 Tracking for Proposal Mining

The generated region proposals are still noisy, containing false positives or poor positives.
Due to the 2D projections, it is not possible to learn a complete representation of the object
in one frame, whereas multiple image frames encompassing the same object or part of the
object provide more comprehensive information. Video data naturally encodes the rich
information of the objects of interest. We perform visual tracking [32] on proposals to
achieve two purposes: firstly, visual tracking can eliminate false positives since spurious
detections normally do not appear very often on other frames; secondly, we are able
to extract consistent proposals describing the same object instances to learn an object-
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Figure 28. Applying a watershed-like process generates reliable new region proposals.

specific representation.

We propose an iterative tracking and eliminating approach to achieve these goals, as il-
lustrated in Fig. 29. Proposals from all frames form a pool of candidates. Each iteration
starts by randomly selecting a proposal on the earliest frame in the pool of candidate
proposals, and it is tracked until the last frame of the sequence. Any proposals whose
bounding boxes with a substantial intersection-over-union (IoU) overlap (0.5 is a gener-
ally accepted value in detector evaluation for selecting positive examples) with the tracked
bounding box are chosen to form a track and removed from the pool. This process iter-
ates until the candidate pool is empty, and forms a set of tracks T with single-frame tracks
discarded. For each track T

i

2 T , we compute a stability indicator d
Ti which is measured

by its tracking duration |T
i

| comparing to other tracks,

d

Ti = 1� exp(� (C

Ti)
2

< C >

2

) (13)

where < · > denotes the expectation over all track durations. This stability indicator is
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Figure 29. Iterative tracking to eliminate spurious detections and extract the consistent proposals.
Each iteration starts by randomly selecting a proposal on the earliest frame in the pool of candidate
proposals, and it is tracked until the last frame of the sequence. Any proposals with a substantial
IoU overlap are chosen to form a track and removed from the pool. This process iterates until the
candidate pool is empty.

used in the next subsection to sample the positive examples. Fig. 30 shows a track of
proposals with the corresponding stability indicator.

4.2.3 Discriminative Representation Learning

Our goal is to learn a discriminative object-specific representation such that the good pro-
posals are closer to each other than to the bad or false positive proposals in the deep feature
space. We now describe how the tracks can be used as training samples for representation
learning.

We firstly sample positive examples from the set of tracks T . For each track T

i

2 T , we
sample proposals with respect to its stability indicator d

Ti ; as a result, more proposals are
sampled from the stabler tracks while unstable tracks contribute less. For negative exam-
ples, we randomly sample bounding boxes around these positive examples and take ones
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(a)

(b)

Figure 30. (a) Exemplar track of proposals and (b) their confidence; zero values indicate that
current track cannot find the overlapping (> 0.5) proposal on the corresponding frames.
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Figure 31. Positive and negative training examples are used to train a linear svm classifier for
each class in the deep feature space.

which have an IoU overlap less than 0.3 (which is a generally accepted value in detector
evaluation for selecting negative examples) with the bounding boxes of corresponding
positive examples. One could fine-tune the whole VGG-16 net end-to-end optimizing
the weights of the CNN for the feature representation and the weights for classifying
each video object jointly. However, the number of positive examples from each video
appears limited for effective fine-tuning a deep network like the one of VGG-16 net. We
choose to simplify the problem by decoupling it. We warp all extracted training instances
and forward propagate them through the VGG-16 net. As suggested by [16, 80], a 4096-
dimensional feature vector is extracted from each training instance by reading off features
from fc6 layer as the input representation of each training sample. Once features are ex-
tracted, we train one linear SVM per class with training labels applied.

4.2.4 Proposal Reweighing

Taking the proposals P which are generated in Sec. 4.2.1, we extracted a 4096-dimensional
feature vector of the proposals (r

i

, s

ri) 2 P where s

ri indicates the score of proposal r
i

after the Watershed process. Our goal is to reweigh all proposals P with our learned dis-
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criminative object-specific representation. We score proposals using the SVM trained for
that class, illustrated in Fig. 31,

c

ri = w

k

· x
ri + b

k

, (14)

where w

k

and b

k

are the weights and bias for class k.

We apply a similar weighted average pooling strategy as in Sec. 3.3 to aggregate the
region-wise confidence and their spatial extent. For each proposal r

i

, we rescore it by
multiplying its score s

ri and SVM classification confidence c
ri , which is denoted by s̃

ri =

s

ri · cri . We then generate score map S
ri of the size of image frame, which is composited

as the binary map of current region proposal multiplied by its score s̃

ri . We perform an
average pooling over the score maps of all the proposals to compute a confidence map:

Ct

=

P
ri2Rt S

riP
ri2Rt s̃

ri

(15)

where
P

ri2Rt S
ri performs element-wise operation and Rt represents the set of candidate

proposals from frame t. The reweighing strategy is illustrated in Fig. 32. The reweighed
proposals collectively form a confidence map per frame indicating the evidence of the
presence of objects from certain category.

4.2.5 Semantic Confidence Diffusion

The estimation of semantic evidence, i.e., confidence map, is performed independently on
each frame, regardless of the temporal information in the sequence. This frame-dependent
semantic evidence might be stronger and more reliable on certain frames, whereas it could
be weaker or spurious on some frames which would result in erroneous segmentation in
the later stage. We adopt a semantic confidence diffusion model in this section, to prop-
agate and accumulate the frame-dependent semantic evidence over the temporal domain
to form spatio-temporal confidence maps. The key insight is that once the evidence can
“flow” smoothly in the video data, its reliability is boosted.

Firstly, we convert the pixel based confidence map into superpixel based confidence, by
averaging confidence of all pixels inside each superpixel. Each superpixel enforces a
higher level of local smoothness. We start by diffusing the per-superpixel confidence
among three consecutive frames t�1, t and t+1. For superpixel st

i

on frame t, we update
its confidence by combining the diffused confidence from superpixels st�1

j

on frame t� 1
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(a)

(b)

Figure 32. (a) Confidence map before reweighing which does not have consistent predictions over
the object. (b) Final confidence map after applying reweighing strategy which gives consistent
predictions due to the object representation learning in deep feature space.

and superpixels st+1

k

on frame t+ 1. During diffusion, the amount of diffused confidence
from s

t�1

j

and s

t+1

k

to s

t

i

is determined by two factors — the correlation between each pair
considering motion “flows” and the reliability of motion estimation inside s

t�1

j

and s

t+1

k

.

Similar with the first approach, the correlation between each two superpixels is measured
by the overlapping ratio between the warped version of s

t�1

j

following motion vectors
and s

t

i

and the reliability of motion estimation inside s

t�1

j

is measured by the motion
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Figure 33. The amount of diffused confidence from neighbouring frames depends not only on the
temporal correlation but also the per-superpixel motion accuracy.

non-coherence. We combine these two factors to update the confidence c

t

i

of st
i

,
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We iteratively update the confidence of superpixels of all frames. The diffusion process
is shown in Fig. 33



47

5 Video Object Segmentation

We start describing our video object segmentation method by firstly introducing the fun-
damentals of conditional random fields (CRF), followed by the formulation of our solution
based on CRF.

5.1 Preliminaries

We define a discrete random field consisting of an undirected graph G = (V , E) without
loop edges, a finite set of labels L = {l

1

, l

2

, . . . , l

L

}, and a probability distribution P on
the space X of label assignments. x 2 X is a map that assigns to each vertex v a label x

v

in L.

A clique c is a set of vertices in graph G where every vertex has an edge to every other
vertex. A random field is said to be Markov if it satisfies the Markovian property:

P (x

v

|xV\v) = P (x

v

|x
Nv), (17)

where P (x) > 0 8x 2 L and N

v

denote the set of neighbouring vertex v, i.e., {u 2
V|(u, v) 2 E}. This indicates the property that the assignment of a label to a vertex is
only conditionally dependent on the assignment to other neighbouring vertices.

An energy function E : L ! R maps any labelling x 2 L to a real number E(x) called
its energy. The energy function is formulated as the negative logarithm of the posterior
probability distribution of the labelling, and its minimisation is equivalent to maximising
a posteriori probability (MAP) x⇤ of a random field which is defined as

x

⇤
= argmin

x2LE(x). (18)

The posterior distribution over the labellings of CRF is represented as Gibbs energy

E(x) =

X

c2C

 

c

(x

c

). (19)

where C is the set of all cliques,  
c

(x

c

) denotes the potential function of the clique c, and
x

c

= {x
i

, i 2 c}.
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5.2 Formulation

Video object segmentation is formulated as a superpixel-labelling problem of assigning
each superpixel two classes: objects and background (not listed in the keywords). Sim-
ilar to Sec. 4.1, we define a graph of superpixels G

s

= (V
s

, E
s

) by connecting frames
temporally with optical flow motion vectors, as illustrated in Fig. 34.

We achieve the optimal labelling by minimising the following energy function:
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where N s

i

and N

t

i

are the sets of superpixels adjacent to superpixel s
i

spatially and tempo-
rally in the graph respectively; �

o

, �
s

and �
t

are parameters;  c

i

(x

i

) indicates the colour
based unary potential and  

o

i

(x

i

) is the unary potential of semantic object confidence
which measures how likely the superpixel to be labelled by x

i

given the semantic confi-
dence map;  s

i,j

(x

i

, x

j

) and  t

i,j

(x

i

, x

j

) are spatial pairwise potential and temporal pair-
wise potential respectively. We set parameters �

o

= 10, �
s

= 1000 and �

t

= 2000

empirically. The definitions of these unary and pairwise terms are explained in detail
next.

5.3 Unary Potentials

We define unary terms to measure how likely a superpixel is to be labelled as the back-
ground or the object of interest according to both the appearance model and semantic
object confidence map.

Colour unary potential is defined similar to [86], which evaluates the fit of a colour distri-
bution (of a label) to the colour of a superpixel,

 

c

i

(x

i

) = �logU c

i

(x

i

)

where U c

i

(·) is the colour likelihood from the colour model. We train two gaussian mixture
models (GMMs) over the average RGB values of superpixels, for objects and background
respectively. These GMMs are estimated by sampling the superpixel colours according to
the semantic confidence map.

Semantic unary potential is defined to evaluate how likely the superpixel to be labelled by
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Figure 34. Graph construction for video object segmentation which takes into account both the
spatial and temporal properties of video data. Colour model and semantic confidence maps are
employed to model the object.
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given the semantic confidence map c

t

i

 

o

i

(x

i

) = �logU o

i

(x

i

)

where U
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(·) is the semantic likelihood, i.e., for an object labelling U

o
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= c

t

i

and 1 � c

t

i

otherwise.

5.4 Pairwise Potentials

We define the pairwise potentials to encourage both spatial and temporal smoothness of
labelling while preserving discontinuity in the data. These terms are defined similar to the
affinity matrix in Sec. 4.1.

Superpixels in the same frame are spatially connected if they are adjacent. The spatial
pairwise potential  s

i,j

(x

i

, x

j

) penalises different labels assigned to spatially adjacent su-
perpixels:
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where [·] denotes the indicator function.

The temporal pairwise potential is defined over edges where superpixels are temporally
connected on consecutive frames. Superpixels s

t�1

i

and s

t

j

are deemed as temporally
connected if there is at least one pixel of st�1

i

is propagated to s

t

j

following the optical
flow motion vectors,
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Taking advantage of the similar definitions in computing affinity matrix in Sec. 4.1, the
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pairwise potentials can be efficiently computed by reusing the affinity in Eq. 5 and 8.
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6 Experiments and Results

We adopt alpha expansion [87] which is a multi-label inference algorithm for CRF formu-
lation to minimise Eq. 20 and the inferred labels gives the semantic object segmentation
of the video. We implement our method using MATLAB and C/C++, with Caffe [88]
implementation of VGG-16 net [10]. We reuse the superpixels returned from [13] which
is produced by [89]. Large displacement optical flow algorithm [25] is adopted to cope
with strong motion in natural videos. 5 components per GMM in RGB colour space
are learned to model the colour distribution following [86], although unsupervised ap-
proach exists [90] for learning a finite mixture model from multivariate data. Our domain
adaptation method performs efficient learning on superpixel graph with an unoptimised
MATLAB/C++ implementation, which takes around 30 seconds over a video shot of 100
frames. The average time on segmenting one preprocessed frame is about three seconds
on a commodity desktop with a Quad-Core 4.0 GHz processor, 16 GB of RAM, and GTX
980 GPU. Specific timing information of each module in two proposed domain adaptation
approaches is shown in Fig. 35.

We set parameters by optimizing segmentation in multiple runs against labelling ground
truth over a sampled set of 5 videos from publicly available Freiburg-Berkeley Motion

Segmentation Dataset dataset [91] and these parameters are fixed for the evaluation.

We evaluate our method on a large scale video dataset YouTube-Objects [92] and Seg-
Track [42]. YouTube-Objects consists of videos from 10 object classes with pixel-level
ground truth for every 10 frames of 126 videos provided by [93]. These videos are very
challenging and completely unconstrained. SegTrack consists of 5 videos with one or
more objects presented in each video.

6.1 YouTube-Objects Dataset

We quantify the segmentation performance using the standard intersection-over-union

(IoU) overlap as the accuracy metric. We compare our approach with 6 state-of-the-
art automatic approaches on this dataset, including two motion driven segmentation [2,
6], three weakly supervised approaches [54, 56, 92], and state-of-the-art object-proposal
based approach [3]. Among the compared approaches, [2, 3] reported their results by
fitting a bounding box to the largest connected segment and overlapping with the ground
truth bounding box; the result of [3] on this dataset is originally reported by [6] by testing
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(a) Approach I

(b) Approach II

Figure 35. Timing information of two domain adaptation approaches.

on 50 videos (5/class). We include the result of [3] even it does not report per class
performance, because there have been few state-of-the-art methods which reported pixel-
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Table 1. IoU accuracies on YouTube-Objects Dataset

Brox
[2]

Lee
[3]

Prest
[92]

Papazoglou
[6]

Tang
[54]

Zhang
[56] Baseline App. I App. II

Plane 0.539 NA 0.517 0.674 0.178 0.758 0.693 0.757 0.760
Bird 0.196 NA 0.175 0.625 0.198 0.608 0.590 0.658 0.747
Boat 0.382 NA 0.344 0.378 0.225 0.437 0.564 0.656 0.588
Car 0.378 NA 0.347 0.670 0.383 0.711 0.594 0.650 0.659
Cat 0.322 NA 0.223 0.435 0.236 0.465 0.455 0.514 0.557
Cow 0.218 NA 0.179 0.327 0.268 0.546 0.647 0.714 0.675
Dog 0.270 NA 0.135 0.489 0.237 0.555 0.495 0.570 0.574

Horse 0.347 NA 0.267 0.313 0.140 0.549 0.486 0.567 0.575
Mbike 0.454 NA 0.412 0.331 0.125 0.424 0.480 0.560 0.569
Train 0.375 NA 0.250 0.434 0.404 0.358 0.353 0.392 0.430

Cls. Avg. 0.348 0.28 0.285 0.468 0.239 0.541 0.536 0.604 0.613
Vid. Avg. NA NA NA 0.432 0.228 0.526 0.523 0.592 0.600

level evaluations on YouTube-Objects. The performance of [6] measured with respect
to segmentation ground truth is reported by [56]. Zhang et al. [56] reported results in
more than 5500 frames sampled in the dataset based on the segmentation ground truth.
Wang et al. [51] reported the average results on 12 randomly sampled videos in terms of
a different metric, i.e., per-frame pixel errors across all categories, and thus not listed here
for comparison. We report both class and video average results which are the average
accuracies over all classes and all videos respectively.

As shown in Table 1, our method surpasses the competing methods in 7 out of 10 classes,
with gains up to 6.3%/6.6% and 7.2%/7.4% in category/video average accuracies over
the best competing method [56] by the proposed two approaches respectively. This is
remarkable considering that [56] employed strongly-supervised deformable part models
(DPM) as object detector while our approach only leverages image recognition model
which lacks the capability of localizing objects. [56] outperforms our method on Car,
otherwise exhibiting varying performance across the categories — higher accuracy on
more rigid objects, but lower accuracy on highly flexible and deformable objects such
as Cat and Dog. We owe it to that, though based on object detection, [56] prunes noisy
detections and regions by enforcing spatio-temporal constraints, rather than learning an
adapted data-driven representation in our approach. It is also worth remarking on the
improvement in classes, e.g., Cow, where the existing methods normally fail or underper-
form due to the heavy reliance on motion information. The main challenge of the Cow

videos is that cows very frequently stand still or move with mild motion, which the exist-
ing approaches might fail to capture whereas our proposed method excels by leveraging
the recognition and representation power of deep convolutional neural network, as well
as the semi-supervised domain adaptation.
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Interestingly, another weakly supervised method [54] slightly surpasses our first approach
on Train although all methods do not perform very well on this category due to the slow
motion and missed detections on partial views of trains. This is probably owing to that
[54] uses a large number of similar training videos which may capture objects in rare
view. Otherwise, our method doubles or triples the accuracy of [54]. Motion driven
method [6] can better distinguish rigid moving foreground objects on videos exhibiting
relatively clean backgrounds, such as Plane and Car.

Comparing with the baseline scheme which excludes the domain adaptation component,
we can see the proposed two domain adaptation approaches are able to learn to success-
fully compensate the shift to the target with a gain of 6.8%/6.9% and 7.7%/7.7% in cat-
egory/video average accuracies. The proposed Approach II slightly surpasses Approach
I with 0.9%/0.8% in category/video average accuracies. One possible explanation might
be the benefits of explicitly modelling the objects in deep feature space in the second ap-
proach. Representative qualitative segmentation results are shown in Fig. 36-45, where
the segmentation results from our method are shown in green contours following the ex-
isting works. The qualitative segmentation results demonstrate the accurate localisation
of objects and their boundaries, as well as the spatial-temporal stabilities of segmentations
on challenging videos.

As a failure case, the motorbikes in Fig. 44 are under-segmented, forming a single seg-
ment with the rider. The reason which causes this failure is due to the under-segmentation
by the initial object proposals on areas exhibiting similar colours, whereas our approaches
are agnostic to the particular region proposal method — finding the better ones to further
improve the quality of our methods is out of the scope of this thesis.
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Figure 36. Exemplar qualitative segmentation results on the sequence from the “Plane” class.
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Figure 37. Exemplar qualitative segmentation results on the sequence from the “Bird” class.



57

Figure 38. Exemplar qualitative segmentation results on the sequence from the “Boat” class.
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Figure 39. Exemplar qualitative segmentation results on the sequence from the “Cat” class.
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Figure 40. Exemplar qualitative segmentation results on the sequence from the “Car” class.
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Figure 41. Exemplar qualitative segmentation results on the sequence from the “Cow” class.
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Figure 42. Exemplar qualitative segmentation results on the sequence from the “Dog” class.
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Figure 43. Exemplar qualitative segmentation results on the sequence from the “Horse” class.
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Figure 44. Exemplar qualitative segmentation results on the sequence from the “MBike” class.
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Figure 45. Exemplar qualitative segmentation results on the sequence from the “Train” class.
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Table 2. Quantitative segmentation results on SegTrack measured by the average number of in-
correct pixels per frame.

Video (No. frames) App. I App. II [2] [6] [5] [3] [56]
birdfall (30) 170 224 468 217 155 288 339
cheetah (29) 826 858 1968 890 633 905 803

girl (21) 1647 1747 7595 3859 1488 1785 1459
monkeydog (71) 304 282 1434 284 472 521 365
parachute (51) 363 346 1113 855 220 201 196

6.2 SegTrack Dataset

We evaluate on SegTrack dataset to compare with the representative state-of-the-art un-
supervised object segmentation algorithms [2, 3, 5, 6, 56]. Note that, most methods com-
pared on SegTrack are Figure-Ground segmentation methods rather than semantic video
object segmentation methods. We only compare with the most representative Figure-
Ground segmentation methods following [56] as baseline. To avoid confusion of segmen-
tation results, all the compared methods only consider the primary object.

As shown in Table 2, our two approaches outperform weakly supervised method [56]
on birdfall and monkeydog videos, motion driven method [6] on four out of five videos,
and proposal ranking method [3] on four videos. Clustering point tracks based method
[2] results in highest error among all the methods. Overall, our performance is about on
par with weakly supervised method [56]. The proposal merging method [5] obtains the
best results on two videos, yet it is sensitive to motion accuracy as reported by [7] on
the other dataset. We also observe that approach II performs better on longer videos, i.e.,
monkeydog and parachute, which facilitate good representation learning of video objects.

Note that, due to the nature of the Figure-Ground segmentation, i.e., segmenting all mov-
ing foreground object without assigning semantic labels, these methods [2, 3, 5, 6] are
dealing with a much less challenging problem comparing with our goal. The perfor-
mance of the Figure-Ground segmentation methods has been optimized to detect motion
or saliency driven cues for segmenting single object. We believe that the progress on this
dataset is plateaued due to the limited number of available video sequences and frames.
Representative qualitative segmentations of our approaches are shown in Fig. 46.
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Figure 46. Qualitative results of our method on SegTrack dataset.

6.3 Future Work

In our first approach, the affinity matrix controls the confidence propagation in the linear
system which is computed based on colour, spatial and temporal distances. As a future
work, it would be interesting to incorporate representations learned from higher layers of
CNN into the domain adaptation, which might potentially improve adaptation by propa-
gating and combining higher level context. It would also be interesting to investigate how
deep features would improve the unary and pairwise potentials, accounting for higher
level contextual information and textures.

Due to the limited extracted training samples from a single video in our second approach,
we decoupled the representation learning and classification in a CNN model. As a future
work, we would like to investigate the possibility of retraining a fully convolutional net-
work using extracted training samples from multiple weakly labelled videos, as shown in
Fig. 47. The benefits are twofold: firstly, incorporating extracted training samples from
multiple videos of the same class generalises our approach to a wider variety of objects;
secondly, this approach is applicable to live streaming videos where future frames are
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Figure 47. Illustration of applying approach II on multiple weakly labelled videos.

not available for learning a complete representation, since retrained fully convolutional
network is capable of producing per-frame segmentation on incoming video frames.
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7 Conclusion

We have proposed two semi-supervised frameworks to adapt CNN classifiers from image
recognition domain to the target domain of semantic video object segmentation. These
frameworks combine the recognition and representation power of the CNN with the in-
trinsic structure of unlabelled data in the target domain to improve inference performance,
imposing spatio-temporal smoothness constraints on the semantic confidence over the
unlabelled video data. This proposed domain adaptation framework enables learning a
data-driven representation of video objects. We demonstrated that this representation
underpins a robust semantic video object segmentation method which achieves the state-
of-the-art performance comparing with the existing semantic video object segmentation
methods on challenging datasets.
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