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Abstract
Today, the need for the existence of an autonomous driving is increasing, while various methods in the fields of Computer Vision and Machine Learning have been
rapidly developed. In this regard, semantic segmentation has become one of the
most important techniques in performing environmental perception that supports the
intelligent vehicle. However, the conventional Semantic Segmentation task is not
sufficient to produce a comprehensive information because in the implementation, it
is only able to inform what objects are captured by the camera, not yet explaining the
states of these objects. Therefore, there is a demand to simultaneously combine the
Semantic Segmentation and the Attribute Recognition tasks to improve the ability of
understanding the traffic scenes. This thesis is presented to answer this challenge by
introducing the Attribute-Aware Semantic Segmentation task for images captured by
an in-vehicle camera as well as contributing some proposed approaches with sufficient experiments and comparative analysis.
The main objective of this thesis is to enhance the semantic segmentation result and
improve the performance both quantitatively and qualitatively. This research focuses
on pedestrian and its body orientation as the target object and attribute, in addition
to performing semantic segmentation for other object categories. This thesis reveals
three important factors, which corresponding to the three research topics, to actualize
the attribute-aware semantic segmentation, including the lack of sufficient dataset,
the general perspective in developing the method (Domain-Free approach), and the
special perspective in improving the method’s performance (Domain-Specific approach). Each research topic is discussed in a separate chapter.
The first aspect to address is the construction of a sufficient dataset. As we know,
there are numerous datasets publicly available for the conventional Semantic Segmentation task. However, none of them is sufficient for the task of Attribute-Aware
Semantic Segmentation task since it is considered a newly introduced task. This
thesis introduces a novel dataset named CityWalks as an extension to the Cityscapes
dataset with additional attribute labels corresponding to a pedestrian’s four body
iii
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orientations. The CityWalks dataset aims to provide high quality ground-truth annotations including training and validation sets, in developing deep learning-based
models for attribute-aware semantic segmentation.
The next aspect of concern is how to develop a method for the Attribute-Aware Semantic Segmentation task that is independent to the data domain, generally applicable, and powerful in performance. In this regard, a Domain-Free approach is proposed to solve the problem of attribute-aware semantic segmentation regardless of
the image data domain. With this approach, an attribute-aware loss function is introduced as the Domain-Free method. It proposes a unified formula that is able to treat
both object and attribute classes in the same manner and hence is applicable to an arbitrary base model. Experiments with various settings are conducted and the results
show that the proposed method successfully outperforms the baseline methods.
Despite the advantages demonstrated by the Domain-Free approach, the method has
difficulties to handle ambiguous attributes such as pedestrian’s body orientation in
object-level. To tackle this problem, a Domain-Specific approach, which focuses on
the target object and attribute as well as the characteristics of the input data domain,
is proposed through a Multi-Task Learning-based custom model named ColAtt-Net.
The model performs two functions separately, including the pixel-wise classification
on object categories and the column-wise prediction on pedestrians’ body orientations. The improvements shown by the proposed Domain-Specific method in several
experiments are quite significant thanks to its ability to reduce the ambiguity in predicting a pedestrian’s orientation.
The research presented in this thesis has answered a part of the global problems that
may exist when solving the Attribute-Aware Semantic Segmentation task especially
from an in-vehicle camera. Since the topic is initially introduced in this thesis, there
will be several ideas for further development as well as other challenges.
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Chapter 1
Introduction
Today, human civilization continues to develop, making the need for the existence
of an automated system to increase in all fields. We can observe that the human
lifestyle can make technology develop, and vice versa, technology might force the
human lifestyle to change. One of them, in the fields of Transportation and Mobility, the development of an intelligent vehicle is a theme that is often discussed in
communities of researchers and practitioners in the field of Intelligent Transportation
Systems (ITS) around the world.
In the last few decades, the development of science and technology in the fields of
Computer Vision and Machine Learning has made various breakthroughs. In this
regard, many recent studies have developed various image processing techniques as
well as deep learning-based methods in these two fields to enhance the capabilities
and intelligence of an intelligent vehicle.
Semantic segmentation has become one of the trending topics in the fields of Computer Vision and Machine Learning in producing fairly comprehensive information
based on the images being read. For the purposes of understanding the traffic scene,
recently, there is an increasing demand to solve a Semantic Segmentation task simultaneously with the attribute recognition of a particular traffic object to complete the
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ability to understand the environment surrounding an intelligent vehicle. This thesis is presented as the author’s attempt to answer these challenges. Attribute-aware
semantic segmentation is a technique recently introduced to the World to provide
advanced support to intelligent vehicle systems through processing the information
from images captured by an in-vehicle camera.
In this chapter, Section 1.1 explains the background and issues raised in this thesis.
The main contribution, including the breakthrough method developed in this study, is
introduced in Section 1.2. Furthermore, general descriptions of the research covering
problems and proposed solutions are explained in Section 1.3. Finally, Section 1.4
presents the structure of this thesis.

1.1

Intelligent vehicle and vision task

Artificial Intelligence (AI) and Computer Vision play important roles in perception
tasks and have been widely utilized for various applications such as autonomous
driving [39, 53], satellite imagery sensing [60], biomedical imaging [54–56], face
recognition [49], and robotics navigation [44]. The intelligent vehicle is a manifestation of human wants and needs that arise along with the development of science and
technology. An intelligent vehicle can be interpreted simply as a vehicle in which a
technology is embedded and acts as an intelligent system. This technology is very
interesting and until now, experts are still trying to find an ideal system to fulfill their
needs and goals. Many studies have been developed regarding intelligent vehicles, in
which the ability of computers to perform environment perception tasks is a mainstay
to support the AI implanted in the system.
In 2000, Bertozzi, et al. have published an article surveying the most common
approaches to the challenging task of Autonomous Road Following. It reviewed
the most promising experimental solutions and prototypes developed worldwide using AI techniques to perceive the environmental situation by means of artificial vision [1]. In 2003, De la Escalera, et al. using conventional algorithms such as
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Genetic Algorithm and Artificial Neural Network proposed a method for detecting
and recognizing traffic signs. The difficulties that exist regarding the outdoor environments such as lighting changes, occlusions, and object deformation, have been
dealt with to increase the robustness of a driver support system [2]. Furthermore,
intelligent vehicles have been developed for a variety of uses, for example, driving assistance that deals with the driver’s intended actions when designing a driver
assistance system [3], monitoring driver inattention to reduce the risk of vehicle accidents caused by distraction and fatigue factors [4], as well as for motion prediction
and dangerous situation assessment [5].
Over the years, technologies and prototypes for Advanced Driver-Assistance Systems (ADAS) and autonomous driving have been developed mainly in Europe [6].
The advantages and the impacts of automated and autonomous driving developments
in the industrial field were also studied from various perspectives [7]. On the other
hand, in the last decade, several deep learning-based methods that are more powerful
but low in cost for implementation have emerged and became a mainstay for carrying out a variety of complex computer vision tasks in intelligent vehicles, including
detection, tracking, segmentation, and other visual perceptions [8–13].
This section discusses how an intelligent vehicle perceives the surrounding environment via its vision capabilities, introduces the Semantic Segmentation task, as well
as the limitations of current computer vision-based techniques.

1.1.1

Environment perception from in-vehicle camera

For an intelligent vehicle system, it is very important to have a comprehensive understanding of surrounding scenes. Some purposes include predicting the weather
condition by recognizing road and sky for vehicle safety [38], detecting the ground
marks for vehicle localization [32, 35], guiding the drivable roads for lane instructions [57], and predicting the pedestrian behavior for vehicle action planning [65].
Obstacle and anomaly detection is also useful for an autonomous vehicle to avoid
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collisions by breaking, lowering, or keeping the speed [69, 70]. Therefore, the existence of a camera as a sensor to capture visual data surrounding the vehicle is very
important.
Simply put, an in-vehicle camera is understood as a camera embedded on board a
vehicle. For the simplest purpose, the camera can be used to record activities or
events while driving. As for the connection with an intelligent vehicle, an in-vehicle
Limited basic task

Particular understanding task

Traffic scene
??

Pedestrian

??
??

Car

??

(a) Image Classification task

??

(b) Object Detection task

Comprehensive understanding task
Building
Traffic sign
Vegetation
Pedestrian
Car
Sidewalk
Road

(c) Semantic Segmentation task

Figure 1.1: Each task has a different level of perceptions; Image Classification is
only able to perceive that the whole image is a traffic scene; Object Detection can
perceive pedestrian and car in the image within bounding boxes; Furthermore, Semantic Segmentation perceives every object such as pedestrian, car, road, building,
and so on, in the most detailed level, i.e. pixel area.
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camera can be utilized as a sensor that retrieves data in the form of images to be
processed by the intelligent system into a useful information delivered to the user, or
driver, in this case.
Usually, an in-vehicle camera is positioned so it has a fixed viewpoint. It is adjusted
to the driver’s viewpoint because the camera is likened to an ‘eye’ on the side of the
intelligent vehicle. Some applications of in-vehicle cameras in related works include
traffic sign detection and recognition [14], poor weather handling [15, 16], vehicle
ego-location [17], and many more.
The target of an intelligent vehicle system performing environment perception tasks
is the traffic scene understanding. The usefulness to users depends on the technique
or the task that is implemented. Some existing vision tasks can be compared, starting
from the most traditional one in which the delivered information is still very limited,
to the most recent one with more comprehensive information in the processed outcome.
Let’s start from the very simple Image Classification task as shown in Figure 1.1 (a).
For the purposes of traffic scene understanding, this task can only perform a very
limited job, which is to provide one limited-context information at the image-level.
Recognizing particular traffic objects captured in the image area is not feasible via
this task. Therefore, classic Image Classification task is not sufficiently helpful for
traffic scene understanding purposes.
Then, there is the Object Detection task as shown in Figure 1.1 (b). It recognizes particular objects and marks each of them with bounding boxes. This technique is more
useful for some certain applications such as obstacle detection and avoidance. However, the level of recognition is still quite coarse because it is based on the bounding
box area; Other objects inside and outside the bounding box area of a particular object might not be recognized. This makes the object detection task quite useful but
not sufficient for comprehensively understanding the traffic scene.
The next one is the Semantic Segmentation task as shown in Figure 1.1 (c), which
has started to become a trending topic since 2016 until now [12, 36, 39, 43, 45, 46,
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Building

Person

Sidewalk

(a) Input image

(b) Image segmentation

(c) Semantic segmentation

Figure 1.2: Fundamental difference between the conventional image segmentation
and the semantic segmentation outputs.

52, 53, 62, 63]. This is basically a classification technique for an input image in
pixel-level. With each pixel classified, this results in a segmentation output, where
each segmented area represents each object class, such as pedestrian, road, building,
and so on. In addition to obstacle detection and avoidance, this can be the most
appropriate and comprehensive technique applied for the traffic scene understanding
compared to the previously mentioned tasks.

1.1.2

Conventional Semantic Segmentation

Semantic Segmentation can be defined as a task of classifying each and every pixel
of an input image. This technique is actually a development of a very traditional
method, namely image segmentation, but it has a very fundamental difference when
compared. Basically, image segmentation only produces an output image transformed from the input image into a simpler form. It does not provide any information
because the task is only to distinguish each pixel in the image based on the difference
in color contour from the surrounding pixels. Meanwhile, the semantic segmentation process produces a segmented output image additionally with the information
regarding what objects are covered in the image. Instances of the same object will
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(a) Basic operation of pixel-wise classification.
Semantic
segmentation
model

(b) Example of semantic segmentation output for an input image taken from an in-vehicle camera.

Figure 1.3: Illustration of the semantic segmentation technique.

be recognized and hence segmented as the same class and mapped in the same color.
Figure 1.2 shows the fundamental difference between the conventional image segmentation and the semantic segmentation outputs. So, the Semantic Segmentation
task has a big advantage because it presents semantic information in addition to the
resultant segmented image.
Because of its ability to recognize every object captured by a camera, both foreground and background objects, at the smallest level of image’s spatial dimension,
this semantic segmentation becomes a technique suitable for traffic scene understanding purposes. An illustration of this semantic segmentation technique is shown
in Figure 1.3. There are many existing studies using deep learning based methods
to solve the Semantic Segmentation task; Given an image data originating from an
in-vehicle camera viewpoint, there are semantic segmentation methods such as Fully
Convolutional Network (FCN) [36], SegNet [39, 53], ERFNet [12], PSPNet [45],
Deeplab(s)[43, 46, 62], and many more.
However, the Semantic Segmentation task still has a limitation in carrying out the
job for traffic scene understanding. The output generated from the process of semantic segmentation informs what objects are around the vehicle, such as cars, bikes,
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Vegetation

Building

Intelligent Vehicle
Person

Person

Road

Sidewalk

??

• In which direction are
these persons facing?
• What to do for risk
anticipation?

Person

??

Figure 1.4: Limitation of the conventional semantic segmentation; Absence of
pedestrian’s body orientation information can sometimes confuse the autonomous
driving system in recommending a future action for risk anticipation.

pedestrians, and so on, but, that is still not sufficient to understand the environment
surrounding an intelligent vehicle; The system also needs to understand the attributes
of the objects it recognizes, such as the state of the object, etc. Figure 1.4 illustrates a
situation where segmentation based on the objects’ names is not sufficient; It exemplifies the recognition of body orientation as the pedestrian’s attribute is necessary to
provide decisive information for the driver; This is what is absent from the conventional Semantic Segmentation task.
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Recognizing attributes of traffic objects

A driver always pays attention to objects around the vehicle while driving, especially
moving traffic objects, such as cars and pedestrians. This is usually performed as an
effort to anticipate actions and determine plans for vehicle movement. This occurs in
any situation, whether on a straight road, at corners or intersections, even when the
vehicle is stopped, for example, while waiting for a traffic light.
Each traffic object in motion has action and behavior corresponding to their attributes. Recognizing certain attributes of a traffic object is important to better understand the situation around the intelligent vehicle. This is the same as how a driver
keeps his/her eyes to objects passing around the vehicle.
Pedestrian is one of the most important moving traffic objects from the driver’s side.
As a rule, every car driver must always give way to pedestrians, whenever collisions
occur. Position, ability, and movement of pedestrians are clearly different than vehicles. However, pedestrians’ presence and movement influence decisions that the
driver should take on the road. Therefore, risk anticipation is very important, especially in the situation of urban roads.
There are some previous studies that were specifically conducted on recognizing
the attributes of a person, including pedestrian attribute recognition at a distance
recorded through a surveillance camera [18], as well as developing a richly annotated
dataset [19] which until now became one of the most referred benchmark dataset for
person attribute recognition. Basically, the first thing to do is detecting the person
(object) if the image is taken from such a surveillance camera. Then, in each cropped
image detected, image classification is applied regarding each type of attribute to be
recognized. The methods developed generally focus on the novelties of the method
or the approaches taken to improve the accuracy and the recognition ability in various
situations [20–25].
Based on previous studies [18, 19, 26], attributes that can visually be recognized
from a pedestrian include fashion style, gender, body orientation, and age. Figure 1.5
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Figure 1.5: Sample of recognizable attributes applied to some pedestrians cropped
from the Cityscapes dataset [41]; Body orientation is an important pedestrian’s attribute which is decisive in a traffic situation.

depicts examples of cropped pedestrian images along with their corresponding recognizable attributes. In this thesis, body orientation is considered the most important
attribute in the context of traffic scene understanding. Body orientation can represent
in which direction a pedestrian is walking or intends to walk. As previously shown in
Figure 1.4, knowing the orientation of pedestrians might affect the driver’s decision.
However, for traffic scene understanding and in relation to the semantic segmentation discussed previously, conventional methods developed for pedestrian attribute
recognition is insufficient because they still run separately. As explained in reference [25], in general, to recognize the attributes of a pedestrian from a whole image
that depicts a traffic situation, other steps need to be carried out before executing the
core process, i.e. attribute recognition.

1.1.4

Importance of combining Semantic Segmentation and Attribute Recognition tasks

An intelligent vehicle system seeks to understand a traffic scene as comprehensive
as possible. From the reviews that have been presented in the previous sub-sections,
we can understand that the role of semantic segmentation is to recognize and map all
objects captured by a camera. Attribute recognition is also required to identify states
of a traffic object so that the system better understands the object’s situation.

1.1. Intelligent vehicle and vision task
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Trained semantic
segmentation model

Trained person attribute
recognition model

right

Input image

Semantic segmentation

Person detection/selection

left

Final output

(a) Applying several techniques separately might solve the problem of performing Semantic Segmentation and Attribute
Recognition tasks, but is not a unified method as expected.
Trained model for
semantic segmentation + attribute recognition

Input image

right

left

Final output

(b) Dedicated and end-to-end trainable deep neural network model that simultaneously collaborates Semantic Segmentation and
Attribute Recognition tasks can be a novel solution proposed in this thesis.

Figure 1.6: Comparison of two different frameworks.

This indicates the need and importance of a combination between Semantic Segmentation and Attribute Recognition tasks so that the system can recognize what objects
are around the vehicle as well as predict possible risks by identifying the states of
the surrounding traffic objects. To have these two functions, a simple solution is
to run several vision tasks corresponding to sub-processes; For example, Semantic
Segmentation, Object Detection, and Attribute Recognition tasks are executed sequentially [50].
However, the solution is not as expected because the tasks are not simultaneously
performed. Typically, a series of processes that must be executed sequentially will
require more computational time, making it less practical to implement for realtime applications. In addition, the performance of the system will depend on each
sub-process and there is also spatial information lost when running the three processes separately. Figure 1.6 shows a comparison of two frameworks as an attempt
to combine the two tasks of Semantic Segmentation and Attribute Recognition; Figure 1.6 (b) is the desired solution in this study.
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Figure 1.7: Illustration of the newly proposed Attribute-Aware Semantic Segmentation task for better scene understanding.

1.2

Attribute-Aware Semantic Segmentation

The Attribute-Aware Semantic Segmentation task is an extension of the conventional
Semantic Segmentation task along with the increasing demand to perform Semantic
Segmentation and Attribute Recognition tasks simultaneously. Basically, the system
needs to add attribute information during the training process or model building. In
the conventional Semantic Segmentation task, a model only learns a set of ‘object
classes’ which represent the name or category of the target object; For example,
there are classes of car, road, building, person, etc. Meanwhile, the Attribute-Aware
Semantic Segmentation task creates a new paradigm regarding the existence of a
class hierarchy for certain objects; The parent of a class is the name of the object,
while the derived classes correspond to the attribute values explaining the state of
the parental class. Thus, there will be a set of ‘attribute classes’ that describes a
certain object more informatively. For example, there will be additional classes of
pedestrian-back, pedestrian-right, pedestrian-front, and pedestrian-left, which make
body orientation an attribute of the object class person. Figure 1.7 illustrates the
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ultimate goal of the Attribute-Aware Semantic Segmentation task when it is applied
in an autonomous driving system for better scene understanding.
This section introduces the main contribution of this thesis, namely attribute-aware
semantic segmentation, followed by the important aspects considered in developing
the method.

1.2.1

Description

Semantic Segmentation is a quite sufficient task for traffic scene understanding compared to the Object Detection task as explained in the previous section. It provides
information on all kinds of objects covered in an input image. However, the task
lacks information when it comes to understanding attributes of a particular object
for delivering more semantic information as well as performing potential risk anticipation. Learning the names of traffic objects may be insufficient. The system
should extend its capability to recognizing the attribute of a particular object such as
a pedestrian’s body orientation.
So, the Semantic Segmentation task will be more complete for scene understanding if it is combined with the pedestrian’s Attribute Recognition task. This thesis
tries to answer this challenge by developing an attribute-aware semantic segmentation method for more comprehensively understanding the traffic scene through an
in-vehicle camera. It is a technique newly proposed in the fields of Computer Vision and Machine Learning that simultaneously combines the two tasks of Semantic
Segmentation and Attribute Recognition.
In addition to traffic scene understanding purposes, the Attribute-Aware Semantic
Segmentation can be a unified task for advanced purposes such as pedestrian intention recognition, motion planner, and so on. Figure 1.8 illustrates the limitation of
the conventional semantic segmentation output compared to the advantage of the
proposed attribute-aware semantic segmentation output. In Figure 1.8 (a), there appears to be uncertainty when the system is about to suggest the vehicle to continue or
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Only ‘pedestrian’ is not sufficiently informative.

??

??
pedestrian

(a) Conventional semantic segmentation output

Pedestrians as well as their orientations are
recognized; The semantic information is enhanced.

back

right

front

left

(b) Proposed attribute-aware semantic segmentation output
Figure 1.8: Comparing the outputs from the conventional semantic segmentation
and the proposed attribute-aware semantic segmentation; Both methods are for understanding the traffic scene, but the proposed attribute-aware semantic segmentation informs the user more comprehensively and is useful for wider applications.

stop, because it is not clear whether the pedestrians on the sidewalk intend to cross
the road or not. Meanwhile, as in Figure 1.8 (b), with an attribute-aware semantic
segmentation method, the system can consider the pedestrian’s orientation, so that it
can more certainly provide recommendations for actions to vehicles.
The benefit of applying an attribute-aware semantic segmentation method is that semantic information in the segmentation output is enriched. Thus, the usability is increased and will be more helpful for the driver. In addition, with this attribute-aware
factor, the segmentation performance is expected to improve. Table 1.1 summarizes
the definitions of the proposed Attribute-Aware Semantic Segmentation task, following its advancements over the conventional Semantic Segmentation task.
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Table 1.1: Summary of the proposed Attribute-Aware Semantic Segmentation task
compared to the conventional Semantic Segmentation task.

Conventional
Attribute-aware

Conventional
Attribute-aware

Conventional

Attribute-aware

Conventional
Attribute-aware

Definition
A task of classifying each and every pixel of the input image,
resulting in a segmented output image.
Combining the two tasks between pixel-wise classification to
segment the input image and attribute recognition to add more
information regarding the state of a particular object.
Goal
Identifying and localizing every object through the output of a
segmented image.
In addition to identifying and localizing every object, simultaneously recognizing attributes of particular objects in the output of a segmented image.
Difference
There is only object categories in the defined class set; All
objects from the same class in the segmentation output are indistinguishable.
In addition to object categories, the class set also contains the
defined attributes; In the segmentation output, it differentiates
objects from the same class according to corresponding attribute values.
Sample of applications
Traffic scene understanding.
Traffic scene understanding, object behaviour prediction, potential risk anticipation.

Unifying the process as well as the efficiency in the inference stage are important
for applying a method to a system such as an intelligent vehicle. Maintaining the
accuracy when simultaneously performing the two complex tasks is required too.
Therefore, this research is directed at developing a model based on a deep neural
network that is trainable in an end-to-end process.
As explained in the previous sections, the Attribute-Aware Semantic Segmentation
task discussed in this thesis focuses on the recognition of a pedestrian’s body orientation because both the pedestrian and its orientation attribute are considered important
in understanding the traffic situation. Although this research is limited in scope, there
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are many items that need to be studied in developing the method to give optimal results. Several aspects that are of major concern in developing methods for realizing
attribute-aware semantic segmentation goals are described in the next sub-sections.

1.2.2

Lack of supporting dataset

In fact, the Attribute-Aware Semantic Segmentation task for understanding pedestrian orientations is newly introduced in this thesis. Because the method is built using
the deep learning, it requires a sufficient amount of data for training the neural network model. There are many publicly available datasets for semantic segmentation
purposes, such as CamVid [29], PASCAL VOC [30], KITTI [33], Cityscapes [37,
41], and Mapillary-Vistas [87]. However, they are insufficient for this research because they do not provide attribute annotations which are needed to train an attributeaware semantic segmentation model.
This becomes the first concern in this research. As it is well known by semantic
segmentation researchers, constructing a dataset for the needs related to building the
semantic segmentation model is not easy and considered very expensive. Therefore,
modification on top of the existing dataset that has been mostly referred by many
researchers might be efficient for providing a sufficient dataset for this AttributeAware Semantic Segmentation task. Despite a newly introduced task, this might
become an insight for future development and method expansion in the fields of
Computer Vision and Intelligent Transportation Systems.

1.2.3

How to develop a generally applicable method?

The second aspect to be concerned is how to develop a method that can be implemented for general purposes. Basically, a deep learning-based model will have
knowledge according to the data domain being learned. Meanwhile, the method
development in this study utilizes image data from the domain of in-vehicle camera. The input images for an attribute-aware semantic segmentation model can come
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from any camera type with various viewpoints. By relying on the data available in
the current study, there is a demand of having a general approach such that it allows
the proposed method to be further developed and expanded for more diverse domains
of data in the future.
In addition, there are many existing studies on semantic segmentation as it has become a very popular topic in recent years. It has been applied for general purposes
and updates to the model architecture are continually being made to optimize the
segmentation performance. For example, there are FCN [36], SegNet [39, 53],
ERFNet [12], PSPNet [45], Deeplab(s) [43, 46, 62], and many more. Since AttributeAware Semantic Segmentation is an extension of the Semantic Segmentation task,
numerous models that have been previously developed for semantic segmentation
can be utilized as the base model for this thesis.

1.2.4

How to develop a method specifically based on the data domain?

The next concern is how to look at this problem specifically in the domain of the
processed data, which is the image captured by an in-vehicle camera and for the
particular objective such as pedestrian’s orientation recognition. As the camera is
fixed and adjusted accordingly to the driver’s eyes, the captured images will have a
fixed viewpoint. This makes the spatial distribution of particular objects covered in
the image more predictable.
For typical Computer Vision tasks, by focusing on the data domain, the characteristics of the distribution of traffic objects in the image set can be identified. In relation
to this study, for example, the distribution of pedestrians captured from a surveillance
camera is different from that from an in-vehicle camera. Figure 1.9 exemplifies the
appearance of several images captured by three kinds of devices including surveillance [27], aerial device [28], and in-vehicle cameras [41]. The method developed
for an arbitrary domain in general does not pay attention to the position of particular
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(a) Surveillance camera [27]

(b) Aerial devices such as in-drone
camera [28]

(c) In-vehicle camera [41]

Figure 1.9: Examples of images captured by various cameras; In terms of pedestrian
distributions, the in-vehicle camera images have different characteristics compared
to the other two.
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objects in the image’s spatial dimension. Therefore, this aspect can be considered
for its benefits so that the objectives of this research can be effectively and efficiently
achieved.

1.3

Research overview

In the previous sections, intelligent systems on a vehicle including the rapid development of technologies and algorithms in the fields of Computer Vision and Machine
Learning has been introduced. Experts have conducted numerous studies with the
aims of providing reliable methods in performing the Traffic Scene Understanding
task through images captured from in-vehicle cameras. Based on the Computer Vision techniques that were previously described, we can understand that semantic
segmentation is a basic technique to provide a good understanding of traffic scenes
in carrying out environment perception tasks.
Furthermore, there is a demand of combining Semantic Segmentation and Attribute
Recognition tasks simultaneously to perform the role of the vision tasks more comprehensively in an intelligent vehicle. This thesis contributes in introducing a new
task named Attribute-Aware Semantic Segmentation, developing related methods,
and applying them for traffic scene understanding purposes via images captured from
an in-vehicle camera.
The main objective of this study is to enhance the semantic segmentation result and
improve the performance in a quantitative manner. This research focuses on pedestrian and its body orientations as the target object and attribute, in addition to performing semantic segmentation for other object categories.
This thesis reveals three important factors to actualize the attribute-aware semantic
segmentation, including:
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How to improve the method in
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Figure 1.10: Core of the research for developing the attribute-aware semantic segmentation methods in this thesis.

1. Lack of sufficient dataset. To build a deep learning-based model, adequate
training data is required. Because this is a newly introduced task, data preparation or construction becomes an important contribution in this study prior to
the main contributions.
2. General (domain-free) perspective in developing the method. There are
many existing studies that have been performed related to the base semantic segmentation model. This study proposes a generic approach in order to
take advantage of the existing base models without any model modification
required so that the proposed method can be adapted for various cases in different data domains.
3. Special (domain-specific) perspective in improving the method performance. Image data obtained from an in-vehicle camera have their own characteristics. It is interesting to study them because they can be used to increase
the accuracy of the segmentation output. Therefore, following the previous
aspect, this research takes a specific approach to the problem domain to optimally achieve the research objectives.

The core of the research in this thesis can be seen in Figure 1.10 which shows the
relation between the problems and the proposed solutions. This thesis is divided into
three research topics and will be briefly introduced in the following sub-sections.

1.3. Research overview

1.3.1

21

Research topic 1: Introduction of a new benchmark dataset
for the Attribute-Aware Semantic Segmentation task

This becomes an important part as well as one of the major contributions before
going into the main part of the research. Preparing data for attribute-aware semantic
segmentation is a basic requirement in this study where a model should learn from
training data so that it has corresponding knowledge. Unfortunately, there is no
sufficient dataset that meets the criteria as this is a new task introduced in this study.
Construction of the dataset for research related to semantic segmentation requires a
lot of resources to produce quality ground-truth annotations. This could take much
time and effort if we start from scratch. Meanwhile, as mentioned before, many
semantic segmentation datasets are publicly available [29, 30, 33, 37, 41, 87, 93–
96] and have become a reference for many studies as well as tools to benchmark
numerous methods. Thus, this study uses the very popular Cityscapes dataset [41]
and extends its annotations.
Ciyscapes is a semantic segmentation dataset originally built for traffic scene understanding purposes. The collected images are taken from an in-vehicle camera while
the car is being driven. Cityscapes was chosen because it presents traffic situations
amid the urban street scenes; Various traffic objects are captured in one frame, including cars, bicycles, and pedestrians. With pedestrian and body orientations as the
target class and attributes, this study constructs an extended dataset by re-annotating
each instance of class person throughout the Cityscapes’ training and validation sets.
Every object annotated as person will be converted into a pedestrian with attribute
values correspondingly to its body orientation. In addition to object classes, the
extended dataset will also have attribute classes. Chapter 3 will fully discuss the
development of a new dataset dedicated to the task of Attribute-Aware Semantic
Segmentation.
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Research topic 2: Proposal of a domain-free approach for
an arbitrary base model

There are previous studies involving semantic segmentation in several domains, such
as satellite imagery [71], biomedical imaging [72–74], robotics [75–77], autonomous
driving [78–82], and many more. It has attracted many researchers and practitioners
to establish various deep learning-based models [12, 36, 39, 43, 45, 46, 52, 53, 62,
63] for the Semantic Segmentation task.
These existing models can be taken advantage of by considering that the proposed
Attribute-Aware Semantic Segmentation task is an extension of the baseline Semantic Segmentation task. The question is how to insert attribute recognition capability
into the semantic segmentation model without having to make major changes in the
network architecture. So, the goal of this research topic is to introduce a fundamental
method that is implemented during the process of model training, so that it can be
applied to an arbitrary base model and for a general data domain.
This study proposes the attribute-aware loss function. It combines two semantic
segmentation losses between object and attribute classes in one generic formula. In
addition to the standard semantic segmentation loss, the attribute-aware loss function
puts additional loss corresponding to the Attribute Segmentation task. The proposed
approach is generally applicable since the loss function is utilized only in the training
stage, and hence works on any base model without any significant modification.
The model’s outcome represents the output for the Attribute-Aware Semantic Segmentation task. It contains object category segmentation as well as differentiates
pedestrians accordingly to their body orientations. In addition to improving semantic information in the segmentation output, the quantitative performance is also the
target of improvement. Chapter 4 will provide a more detailed explanation on this
research topic.

1.3. Research overview

1.3.3
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Research topic 3: Proposal of a domain-specific approach
for in-vehicle camera images

As previously explained, typically, an in-vehicle camera is fixed on board a vehicle and is adjusted accordingly to the driver’s viewpoint. Even though the camera
moves along with the car during the recording process, the captured images will have
a fixed viewpoint. As a result, images from an in-vehicle camera appear to have special characteristics regarding the spatial distributions of the traffic objects; Positions
of some object categories such as road, sidewalk, sky, etc. are relatively the same
throughout the scenes. Some movable objects such as pedestrians are distributed in
a certain way. Considering the characteristics of the domain of in-vehicle camera
images and focusing on how the targeted pedestrians are visually distributed can be
beneficial in the method development. This is important for improving the performance of the Attribute-Aware Semantic Segmentation task and hence becomes the goal
of this research topic.
The recognition of a pedestrian’s body orientation in relation to the traffic scene understanding is very important; Uncertainty or ambiguity in the prediction results may
result in misleading information. In addition to having to handle and correctly segmenting all the object categories covered in the image, the developed method also
intends correcting inaccuracies in the pedestrian’s Attribute Prediction task. Therefore, this study proposes a Multi-Task Learning (MTL)-based method by taking advantage of the domain-specific data from an in-vehicle camera. The proposed model
is named ColAtt-Net which stands for Column-wise Attribute-aware Semantic Segmentation Neural Network, aimed at improving the accuracy of pedestrian attribute
segmentation while maintaining the overall object category segmentation. It modifies the network architecture of PSPNet [45], but provides a concept that is still easy
to apply to various existing base models. Chapter 5 will discuss in more detail about
this research topic.
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Thesis structure

This thesis consists of six chapters, as illustrated in Figure 1.11 which visualizes the
concepts and relationships between these chapters.
Chapter 1 explained the background of the research and briefly described the overall
problems as well as proposed solutions in this thesis. Chapter 2 provides surveys on
existing studies which are related to answering the research questions given in the
previous chapter by the proposed solutions revealed in the next chapters. Chapter 3
discusses Research topic 1 related to the dataset construction. Chapters 4 and 5
provide solutions to Research topics 2 and 3, respectively. This thesis is closed with
Chapter 6 which contains summary and conclusion of this research as well as future
ideas related to extending this research for a better plan.

1.4. Thesis structure
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Chapter 1. Introduction
Background
Intelligent Vehicle and Computer Vision tasks
Attribute-aware semantic segmentation

Problem and proposed solution
Lack of sufficient dataset

Dataset construction

General perspective in the
implementation

Domain-free approach

Special perspective in the
implementation

Domain-specific approach

Chapter 2. Related Research

Contributions
Chapter 3. CityWalks Dataset

Chapter 4. Attribute-aware Loss Function

Chapter 5. ColAtt-Net

Chapter 6. Conclusion

Figure 1.11: Thesis structure and relation between sections and chapters.
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Chapter 2
Related Research
This chapter mainly surveys on existing works related to the research questions as
presented in Chapter 1 as well as the solutions presented in the following Chapters 3, 4, and 5. The surveys are categorized in four sections, including the existing
datasets for the Semantic Segmentation task, the existing methods and models for the
Semantic Segmentation task, the related works on the Person Attribute Recognition
task, and the metrics commonly used for measuring the performance of the semantic
segmentation method.

2.1

Datasets for the Semantic Segmentation task

The use of semantic segmentation technique is very broad in many fields, one of
which is Intelligent Transportation Systems (ITS). References [80–82, 97, 98] are
only few examples of the applications of semantic segmentation in the ITS field. Semantic segmentation is believed to be one of the important techniques in perceiving
and understanding the surrounding environment captured by cheap sensors such as
a camera, and thus helping to support an autonomous driving system. This high demand encourages numerous datasets that can be accessed publicly to build various
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models as solutions and also for public challenges. Some of semantic segmentation
datasets designated for autonomous driving purposes are briefly described as follows.

1. CamVid [29]: The Cambridge-driving labeled Video database (CamVid) is
known as the first collection of videos and images semantically annotated in
pixel-level, including metadata. It contains 700 high quality images of traffic
scenes recorded from a car-mounted camera and has the ground-truth labels
for 32 semantic classes. It provides the documentation of its annotations using
InteractLabeler1 , while the dataset can be downloaded here2 .
2. MS COCO [94]: Pixel-wise labels is a subset of annotations provided by the
MicroSoft Common Objects in COntext dataset, or simply MS COCO. It is
a large-scale dataset for object detection, semantic segmentation, and image
captioning. The dataset contains 91 classes and 80 object categories. It is
available under the Apache 2.0 License and can be downloaded from this site3 .
3. PASCAL VOC [30]: It is a dataset built mainly for recognizing objects from
realistically captured scenes. It annotates 20 object classes from four categories, including objects related to person, animal, vehicle, and indoor. This
dataset challenges three tasks: classification, detection, and segmentation. For
the Semantic Segmentation task, it provides pixel-wise annotations for the
foreground-considered objects, while annotates ‘background’ otherwise. In
the version of VOC2012, the total number of images semantically annotated
in pixel-level is 9,993. This page4 describes in more detail about the PASCAL
VOC dataset, including the downloadable datasets.
4. Cityscapes [37, 41]: This dataset is constructed for understanding the traffic
situations in urban scenarios. The Cityscapes provides a total of 5,000 images
with high quality pixel-level annotation. It adequately depicts the complexity

1

http://mi.eng.cam.ac.uk/projects/cvgroup/software/index.html#INTRO
http://mi.eng.cam.ac.uk/research/projects/VideoRec/CamVid/
3
https://cocodataset.org/#download
4
http://host.robots.ox.ac.uk/pascal/VOC/voc2012/
2
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of real-world urban scenes and therefore exceeds previous efforts in terms of
dataset size, annotation richness, and scene diversity. The dataset is divided
into training, validation, and testing sets. There are 19 object classes for a
public semantic segmentation challenge. Visit this site5 to download and to
more comprehensively understand the dataset.
5. KITTI [33]: It is a project collaboration between Karlsruhe Institute of Technology and Toyota Technological Institute at Chicago. KITTI contains 200
images for training as well as the same number of 200 images for testing. The
classes, data format, and evaluation metrics conform with the PASCAL VOC
and the Cityscapes datasets. It provides semantic and instance segmentation,
equipped with a development kit and available for public at this page6 .
6. Mapillary Vistas [87]: It is a diverse street-level imagery dataset with pixel-wise
and instance-specific human annotations for understanding street scenes around
the World. The dataset contains 25,000 high-resolution images, and 152 object categories. The sources are from six different continents with a variety
of weather, season, time of day, and viewpoint. This Web site7 describes the
dataset in more detail for reference.
7. SYNTHIA [96]: Unlike the datasets previously described, SYNTHIA represents a collection of photo-realistic frames rendered from a virtual city and
comes with precise pixel-level semantic annotations for 13 classes. It contains
more than 20,000 HD images (snapshots of video) with scene diversity, including European style town, modern city, highway, and green areas. The dataset
and its full description are available here8 .

5

https://www.cityscapes-dataset.com/
http://www.cvlibs.net/datasets/kitti/eval semseg.php?benchmark=semantics2015
7
https://www.mapillary.com/dataset/vistas/
8
https://synthia-dataset.net/
6
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(a) CamVid [29]

(b) MS COCO [94]

(c) PASCAL VOC [30]

(d) Cityscapes [37, 41]

(e) KITTI [33]

(f) Mapillary Vistas [87]

(g) SYNTHIA [96]

Figure 2.1: Examples of RGB inputs and corresponding ground truths provided by
each dataset for the Semantic Segmentation task.

2.2. Existing semantic segmentation models
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Of the publicly available datasets described above, none yet provides a challenge
to the newly introduced task of Attribute-Aware Semantic Segmentation. This becomes an important aspect to be able to train a model as expected, which has the
ability to perform semantic segmentation and attribute recognition simultaneously.
Nevertheless, the existing dataset is still needed because it can be used as a basis for
developing the required annotations for the study of attribute-aware semantic segmentation. For the purposes in this study, Cityscapes is considered the most suitable
since it is specifically aimed at autonomous driving applications, provides high quality of images as well as annotations, presents traffic scenes from a fixed viewpoint
captured by an in-vehicle camera, and has a large and varied amount of data.

2.2

Existing semantic segmentation models

Numerous studies have been conducted to provide solutions for problems related
to the Semantic Segmentation task and its expansion. So far, deep learning-based
methods have been widely explored because they can produce end-to-end trainable
semantic segmentation models in solving various complex problems.
Several existing models that have been introduced and are publicly available for
further development include: Fully Convolutional Network (FCN) [36], which is
considered the first model trainable in an end-to-end process; U-Net [56], an inspiring convolutional network initially built for biomedical image segmentation; SegNet [53], a deep convolutional encoder-decoder architecture for image segmentation
which was intended for traffic scene understanding and had a similar concept to
the U-Net; Pyramid Scene Parsing Network (PSPNet) [45], which introduces the
concept of multi-scale convolutions with an efficient effort; Deeplab, including its
developing versions [43, 46, 62]; ICNet [63], which was built for real-time semantic
segmentation on high-resolution images; and ERFNet [12], as an efficient residual
factorized convolutional network for the case of real-time semantic segmentation
problem.
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References [88, 89] provide reviews on various deep learning techniques of semantic
segmentation for scene understanding applied to various application areas. Reference [102] explores the semantic segmentation problem, including taxonomy, road
map, and challenges, from the perspective of automated driving. Other references
published in 2018 [58, 103] survey recent progress in semantic segmentation, categorize the methods, and deeply discuss the method comparisons, including advantages
and disadvantages of different models.
In addition, several existing studies aim at developing methods and tasks for MultiTask Learning (MTL) purposes. It is a machine learning paradigm that leverages
useful information by solving multiple related tasks simultaneously. References [47,
51] conduct surveys on various MTL-based algorithms, describes some applicable
concepts, classifies them into some categories, and summarizes the results including
applications in the field of Computer Vision.
Mask R-CNN [52] is one of deep learning models that apply the MTL paradigm
to simultaneously perform three challenges including instance segmentation, object
detection, and person key-point detection. Mask R-CNN modified the Faster RCNN [40] to achieve the state-of-the-art performance in the Instance Segmentation
task. Recently, the MTL paradigm is widely implemented for various purposes. An
MTL-based CNN was also built to address three tasks: food segmentation, recognition, and volume estimation [61]. Furthermore, another MTL architecture was
introduced to perform four tasks: 2D pose estimation, 3D pose estimation, 2D action
recognition, and 3D action recognition [59].
The existing models described above are generally intended for the Semantic Segmentation task and have been benchmarked on several public datasets; One of which
is seen in the Cityscapes’ benchmark site9 . This Web page10 can also be a reference
to view benchmarking results from numerous methods along with the available codes
on various datasets.

9
10

https://www.cityscapes-dataset.com/benchmarks/
https://paperswithcode.com/task/semantic-segmentation/
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However, no model has been developed to simultaneously carry out Semantic Segmentation and Attribute Recognition tasks. To obtain the models that perform attributeaware semantic segmentation, the existing conventional semantic segmentation models can be used as the basis for developing new models and are useful for performance comparison with the proposed models. In this thesis, the method developed
uses some existing models as its base models.

2.3

Person attribute recognition

Studies related to the Pedestrian Attribute Recognition task have also been widely
conducted. References [18, 99] introduce a new dataset and presents a benchmark
performance by an SVM-based method for pedestrian attribute recognition in farview surveillance scenes and proposes an alternative approach for an improved attribute inference. The Richly Annotated Pedestrian (RAP) [19] dataset was constructed to improve the robustness of the method with a variety of real-time scenarios. It reports that information regarding viewpoints, occlusions, and body parts
could help recognize pedestrian attributes in real applications.
In a traffic situation, many of the same traffic objects, such as pedestrians, are captured, but show various attributes and behaviors that may influence the development
of applications [65, 84, 85] for Intelligent Transportation Systems (ITS). Some past
studies [18, 19, 23, 31] performed pedestrian attribute recognition for images with
single-cropped condition. Another study [25] reports typical methods for Person
Attribute Recognition (PAR) by previously performing human detection in a public space. Figure 2.2 illustrates a pipeline of processes that is commonly used in
developing a PAR model from a surveillance camera. However, there is lack of previous study that combines the two tasks between Pedestrian Attribute Recognition
and Semantic Segmentation.
Aside from that, we can realize that not all pedestrian attributes are decisive in relation to autonomous driving applications. Among various types of existing attributes,
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Figure 2.2: Typical procedures in building a PAR model for images from a surveillance camera (Captured from reference [25]).

‘body orientation’ is an important attribute of a pedestrian for traffic scene understanding. For instance, for an autonomous driving system, estimating a pedestrian’s
body orientation is required before detecting the pedestrian’s crossing intention [86],
which is important to perform further actions. Therefore, this thesis focuses on recognizing the pedestrian orientations as a side task performed simultaneously with the
semantic segmentation for better traffic scene understanding.

2.4

Metrics for performance evaluation

There are several metrics that are commonly used to measure the performance of
semantic segmentation. There is Pixel Accuracy (PixAcc) or some sources call it
global Accuracy (gAcc). This metric is simply defined as:
gAcc =

True predicted pixels
.
All predicted pixels

(2.1)

However, it turns out that gAcc is insufficient because sometimes the score does
not reflect the expected results, especially in the cases of imbalance class sizes that
frequently occur in the Semantic Segmentation task. Therefore, many semantic segmentation papers use a metric called Intersection over Union (IoU) which is also
known as Jaccard index. This metric is more realistic and straightforward, especially
for evaluating the precision of area as required in the Semantic Segmentation task.
IoU is defined as the overlapped area between the predicted segmentation and the

2.4. Metrics for performance evaluation
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Figure 2.3: Relation between True Positive, True Negative, and False Positive.

ground truth divided by the area of union between the predicted segmentation and
the ground truth. The formula is as follows:
IoUc =

TPc
,
TPc + FPc + FNc

(2.2)

where IoUc is the IoU for class c out of C number of classes, while TP, FP, and FN
respectively denote the number of True Positive, False Positive, and False Negative
pixels for the corresponding class c. Illustration in Figure 2.3 helps us understand
these TP, FP, and FN, including the relation between each other. In addition to each
class’s IoU, the averaged IoU(s) or mIoU is also calculated to represent the overall
performance, which is defined as follows:
mIoU =

1X
IoUc .
C c

(2.3)

Furthermore, the mIoU is justifiable based on which classes or how many classes
are included in the calculation. For example, in this thesis, mIoU19 calculates the
average IoU among 19 object classes, while mIoU4 calculates the average IoU among
4 attribute classes.
Aside from that, IoU has a similar concept with the Dice Coefficient or the F1-score,
but differs in the formulation. See Equation (2.4) that shows the difference between
IoU and Dice Coefficient metrics.
Dicec =

2 × TPc
.
2 × TPc + FPc + FNc

(2.4)
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Figure 2.4: Example of a simple case with calculations of the three semantic segmentation metrics: gAcc, IoU, and Dice.

Furthermore, Figure 2.4 illustrates a simple example to distinguish the three common
metrics used for the evaluation of Semantic Segmentation task.
There is another reference that introduces a new metric in evaluating the performance of semantic segmentation, namely by taking into account global and contour
accuracies [100]. This metric is validated with the evaluation of several semantic
segmentation solutions that exploit RGB-D images to rank these solutions taking
into account the quality of the segmented contours. However, regardless of the quantitative metrics used, if the evaluation is too focused on numbers, sometimes the
results do not in fact reflect the expected goals. Therefore, it is necessary to have a
more concrete analysis by looking at the results of the semantic segmentation qualitatively. This is important to qualitatively confirm the methods’ outcomes based on
the scores previously shown by the metrics quantitatively.
In every experiment in this study, the model’s performance is measured using gAcc
and IoU metrics for quantitative evaluation. Based on Equations (2.1), (2.2), and
(2.3), a confusion matrix is used in the implementation to calculate gAcc and IoU
metrics. Figure 2.5 illustrates how the measuring metrics are calculated in this study.
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Figure 2.5: Calculating global accuracy and IoU using a confusion matrix.

Basically, in the confusion matrix A, each cell contains the number of pixels as predicted with the corresponding target and real output. For example, A(1, 3) = 200
means there are 200 pixels targeted as class ‘1’ and predicted as class ‘3’.
As for the qualitative evaluation, some of resulting outputs are shown, comparing
the ground truth or target and the real output from each method. This confirms the
performance scores presented in the quantitative evaluation through the calculated
metrics. Comparisons between methods are also discussed in detail to analyze the
advantages and disadvantages of the baseline and the proposed methods.
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Chapter 3
Dataset Construction
Attribute-aware semantic segmentation is a solution to provide more comprehensive
information for the purposes of environment perception from an in-vehicle camera.
To realize this newly proposed task, there are some important factors to be considered; The first issue corresponding to Research topic 1 is the preparation and construction of a dataset. This is one of the important contributions in this thesis since
there is no dataset that meets the desired criteria in previous studies. The construction
of a new dataset mainly built for the Attribute-Aware Semantic Segmentation task
targets the pedestrian class and its body orientations as the attribute class, namely,
the CityWalks dataset [68, 83], is the topic discussed in this chapter.
Starting from Section 3.1, this chapter presents the background and purpose of constructing the CityWalks dataset. In Section 3.2, the basis for creating the newly introduced dataset is explained. Then, Section 3.3 explains how the CityWalks dataset
is constructed and describes the new annotation results from qualitative and quantitative viewpoints. Finally, Section 3.4 summarizes this chapter in relation to the
research problem of this thesis.
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Introduction

The semantic segmentation technique has been widely utilized for various purposes
including ITS applications in the last decade. Recently, there is a high demand to
extend the task into Attribute-Aware Semantic Segmentation for enriching the output
by providing attribute information of particular traffic objects, and thus allow better
scene understanding [83].
In order to solve the basic task of Semantic Segmentation, many studies have been
conducted; In general, the solutions are deep learning-based methods [12, 36, 39,
45, 46, 52, 53, 63]. Therefore, the availability of supporting data in the model training process, including the proposed Attribute-Aware Semantic Segmentation task, is
very important.
Numerous datasets for the Semantic Segmentation task are publicly available [29,
30, 33, 37, 41, 87, 93–96]. However, none of them includes attribute information
together with the object classes in the given label set; There is no sufficient dataset
for the Attribute-Aware Semantic Segmentation task. In fact, providing training data
for the purpose of semantic segmentation requires a very high cost, including energy,
time, and money. Therefore, a modification on top of an existing dataset is preferred.
In this chapter, a novel dataset named CityWalks is introduced as an extension to the
Cityscapes dataset with additional attribute labels corresponding to a pedestrian’s
four body orientations. The dataset name is a combination of the word ‘City’ which
is taken from its baseline dataset, i.e. Cityscapes, and the word ’Walks’ because
the dataset developed here generally depicts the pedestrians’ body orientation while
they are moving or walking (for pedestrian objects) in urban or city scenes. The CityWalks dataset aims to provide high quality ground-truth annotations including training and validation sets, in developing deep learning-based models for the AttributeAware Semantic Segmentation task.

3.2. Basis of the dataset creation
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Basis of the dataset creation

Of the many datasets for training a semantic segmentation model, some of them
are intended for traffic scene understanding purposes [29, 30, 33, 37, 41, 87]. They
provide images that are captured from an in-vehicle camera viewpoint. Among these
semantic segmentation datasets, the Cityscapes dataset [37, 41] was chosen as the
basis for constructing the CityWalks dataset.
According to the scope of research that was stated in Chapter 1, the attribute-aware
semantic segmentation developed here targets a pedestrian and its body orientation.
In this regard, the expansion of the existing dataset is basically carried out by changing the annotation on each instance from the class person (which is in the form of a
region) to the appropriate pedestrian’s body orientation class; Here, four directions
of the pedestrian body are used.
The following sections describe the Cityscapes dataset and how to determine the
number of orientations for the class pedestrians.

3.2.1

Cityscapes dataset

For the Semantic Segmentation task, the Cityscapes is one of the most popular
datasets which has mainly been built for traffic scene understanding. Since being
published in 2016, until now, it has been cited around 4,000 times. This dataset has
raised various methods and breakthroughs as solutions to the Semantic Segmentation
task; Competing with each other to be the best, shown by performance ratings that
are presented and can be seen publicly on the Cityscapes benchmarking page1 .
The Cityscapes dataset represents the complexity of real-world urban scenes featured
with large amount of images, annotation richness, and scene diversity. The images
were recorded using a car-mounted camera with 22 cm focal length and CMOS 2M

1

https://www.cityscapes-dataset.com/benchmarks/
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Figure 3.1: Statistics of some available semantic segmentation datasets (Captured
from reference [41]).

pixels sensors, and rolling shutters at a frame-rate of 17 Hz. While the vehicle along
with the camera was moving, it captured various outdoor street scenes in the daylight,
covering spring, summer, and fall weathers in 50 cities, mostly inside Germany, and
partly from neighboring countries. Difficult weather conditions, such as heavy snow
and rain, were not included in the data collection process as they required advanced
photography techniques as well as recording tools.
From the process of data recording during several months, hundreds of thousands
of frames were obtained. A total of 50,000 images were manually selected from 27
cities for dense pixel-level annotation by using a particular method that prioritized
the diversity of foreground objects, backgrounds, and scene layouts; Images from the
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other 23 cities were coarsely annotated for a supplementary dataset. In the annotation
process which was carried out thoroughly and carefully, a number of classes were
selected based on their frequency and importance related to the autonomous driving
applications as well as considering the compatibility with existing datasets [29, 33,
92]. As a result, Cityscapes provides 19 classes for the pixel-wise labeling challenge.
The dataset is then divided into three sub-sets, including 2,975 images for the training
set, 500 images for the validation set, and 1,525 images for the testing set.
When compared to other similar datasets, Cityscapes has a statistical advantage that
is beneficial for generating a semantic segmentation model for traffic scene understanding; It is shown in Figure 3.1. Cityscapes provides image data with the densest
pixel-level annotations compared to the data provided by CamVid [29], DUS [93],
and KITTI [33] datasets. In terms of the number of traffic participants per image,
Cityscape has a number of images that is comparable to KITTI [33], MS COCO [94],
and PASCAL VOC [30] datasets; Furthermore, it is the most stable for more participants involvement in each image. Cityscapes also has a higher and a more complete
number of humans and vehicles per image compared to KITTI [33] and Caltech [95]
datasets. This is why Cityscapes was chosen as the basis in developing the dataset
for the traffic scene understanding in this thesis. Figure 3.2 shows some examples
of input images and the corresponding ground truths from the Cityscapes dataset; It
shows the quality of the annotations.
However, as previously explained, the Cityscapes dataset annotates only the object
classes corresponding to the objects’ name and hence it is not sufficient for the
Attribute-Aware Semantic Segmentation task as it is. The training and validation
sets are available with their finely annotated ground truths, while for the testing set,
the annotations are hidden for benchmarking purposes. Therefore, the newly introduced CityWalks dataset extends the annotations in training and validation sets by
overwriting the regions of class person or even dividing them into multiple regions
of pedestrian instances to be re-annotated with an attribute class corresponding to the
pedestrian’s body orientation.
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(a) RGB input

(b) Annotated ground truth

Figure 3.2: Cityscapes’ input images and corresponding ground truths [41].

3.2.2

Pedestrian attribute: Body orientations

In a traffic situation, many of the same traffic objects are captured, but they have
various attributes indicating the states of each object. As mentioned in Section 1.1.3,
the class person is designated as the target class for the Attribute-Aware Semantic
Segmentation task in this thesis because every time there is a pedestrian around the
vehicle, a driver must always pay attention to it while driving. One of the most easily
identifiable attributes of a pedestrian is its body orientation. On several occasions,
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pedestrians’ orientations are decisive for the driver in making decisions or planning
actions. Therefore, it is important to recognize the difference of pedestrians’ orientations for developing ITS applications.
Some studies have been conducted for pedestrian attributes recognition, but the
methods were designed for collections of single-cropped pedestrians from whole
images captured by a surveillance camera [18–21]. In order to be applied to real
applications for particular purposes such as traffic scene understanding, this is impractical and limited to pre-conditioned images. This is because it needs some sort
of pre-processing or several initial stages from the raw image before a model can
recognize the pedestrian attributes. However, it can provide clues about commonly
recognizable attributes of a pedestrian.
From a pedestrian, various states can be recognized. In terms of appearance, a pedestrian’s attributes include age, gender, fashion style, and hair. Meanwhile, in terms of
behavior, pedestrians can be identified from what they are doing, which directions
they are facing to, and so on. Among various types of existing attributes, ‘body orientation’ is considered as an important attribute of a pedestrian for the purposes of
traffic scene understanding.
For instance, for an autonomous driving system, estimating a pedestrian’s body orientation is required before detecting the pedestrian’s crossing intention [65], which is
important to perform further actions. Since the body orientation is also important for
the driver to determine his/her actions, body orientation is designated as an attribute
to enrich the object class pedestrian. Therefore, this research focuses on recognizing
a pedestrian’s orientations simultaneously while performing semantic segmentation.
One important thing needs to be considered when re-annotating the dataset: Dividing a class into a number of attributes that represent pedestrian’s orientations needs
to be considered carefully. If the number of class division is too many, for example,
eight orientations, it may be inefficient for the model in distinguishing between orientations correctly. In addition, this can lead to more imbalance class sizes among
the eight orientations. In contrast, if the number of class division is too small, for
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Back (0°)
Left
(270°)

Right
(90°)
Front (180°)

Sample:

Direction:

(a) Direction guide

Back

Right

Front

Left

(b) Examples

Figure 3.3: Directions and body orientations.

example, two orientations, it can be ineffective because it may not represent the desired goal. So, we need to divide the class pedestrian into an optimal number of
orientations as the attribute.
In this thesis, four orientation classes is considered optimal for the task of AttributeAware Semantic Segmentation. The attribute values for a pedestrian include back
(0◦ ), right (90◦ ), front (180◦ ), and left (270◦ ). Guidance as well as examples of these
attribute classes are shown in Figure 3.3. These are used for re-annotating every
person region in the construction of the CityWalks dataset which will be discussed
further in Section 3.3.
Information regarding these directions of a pedestrian is meaningful and especially
important for ITS purposes, because it can provide information on whether a pedestrian is intending to walk across the street, is aware of the vehicle, or walks on a sidewalk along the street, and so on. This might inspire further developments regarding
the addition of attribute classes for particular traffic objects for the Attribute-Aware
Semantic Segmentation task.

3.3

Construction of the CityWalks dataset

The dataset newly introduced in this chapter is named ‘CityWalks’ as it extends
the well-known Cityscapes dataset by additional attribute classes that correspond to
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pedestrian’s walking orientations. In this study, as the construction process is done
manually, the ‘walking orientation’ in terms of a pedestrian is considered the same
as the ‘body orientation’. The CityWalks dataset was constructed to meet the need
of data availability for the extended task of Attribute-Aware Semantic Segmentation.
The following sections explain in detail the process of dataset creation, the result and
comparison, as well as describe the statistics of the dataset.

3.3.1

Construction process

The CityWalks dataset is constructed as an extension to the Cityscapes dataset to
simultaneously perform semantic segmentation and attribute recognition. The class
person is extended into four classes corresponding to the pedestrians’ orientations,
including back, right, front, and left. The class label of person is kept to refer to
pedestrians whose orientations are difficult to be identified (labeled as unknown). As
a result, CityWalks provides 23 labels representing object and attribute classes.
A previous work [64] initially tried to modify the Cityscapes annotations by utilizing
the CityPersons bounding box [48] to perform an automated re-annotation process.
However, the resulting annotation was unsatisfactory due to body parts of pedestrians which are not covered by the bounding box, and hence missed some important
pedestrian parts that might be significant to describe their orientations. This also
causes the quality of annotations on the ground truth to be not optimal and insufficient.
Therefore, the re-annotation process towards the Cityscapes ground truth is completely done manually. This leads to a much better quality re-annotated ground truth
by completing missing pedestrians as well as their small body parts such as toe,
hand, and head. In addition, through this manual re-annotation, the number of pixels
belonging to pedestrians with attribute values increased drastically, both in training
and validation sets, compared to the initial work [64].
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(a) Open and set up the ground truth and the correspoding RGB input

(b) Select the designated pedestrian area

(c) Apply the chosen color

(d) Ensure that the annotation is correct

(d) Check the whole image, then save the file

Figure 3.4: CityWalks’s annotation process using a conventional image editor.

(a) RGB input

(b) Cityscapes’ pedestrian
annotations

(c) CityWalks’ pedestrian
annotations

Figure 3.5: Details of boundaries when the region of a pedestrian crowd is resegmented into several regions accordingly to their orientations.
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In the construction of the CityWalks dataset, a conventional image editor, i.e. Adobe
Photoshop, was used for the re-annotation process. It involved three annotators who
conduct research on Pedestrian Attribute Recognition and Semantic Segmentation
tasks, so that they were used to observing pedestrians and their states. The annotation
process as practically shown in Figure 3.4 are generally described as follows:

1. Open an annotated ground truth in Photoshop and drag the corresponding RGB
input file into it. Set layer’s opacity of the RGB input to approximately 60%
so that both input and ground truth images are visible.
2. Use ‘Lasso’ tool to create a selection area of the designated pedestrian and to
precisely customize it; Set ‘Feather’ to 0px and uncheck the ‘Anti-alias’.
3. Use ‘Bucket paint’ tool to apply the chosen orientation colors; Set ‘Tolerance’
to 0, uncheck the ‘Anti-alias’, and check the ‘Contiguous’.
4. Set ‘Background’ (the ground truth) as the activated layer when applying the
orientation colors; Use ‘Zoom’ function for detailing. Delete the layer of RGB
input, then save the file to overwrite the original file of the ground truth.

Since the construction process was conducted manually to achieve high quality annotations, it took around 2 minutes per image for ‘easy’ or ‘moderate’ cases, including
those that covered quite a few number of persons in one image. However, for the
type of ‘difficult’ image containing crowds of pedestrians with various orientations,
it could take at least 10 minutes per image. Figure 3.5 visualizes some examples to
see how much effort went into re-annotating the Cityscapes dataset to generate the
new annotated ground truths for the CityWalks dataset.

3.3.2

Result and comparison

Results of the re-annotation process can be seen in Figure 3.6. It shows examples
of the annotated ground truths provided by the Cityscapes (Figure 3.6 (a)) and the
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(a) Cityscapes’ ground truth
pedest. (unknown)

pedest. (back)

(b) CityWalks’ ground truth
pedest. (right)

pedest. (front)

pedest. (left)

Figure 3.6: Comparing ground truths between the Cityscapes and the CityWalks
datasets correspondingly to RGB inputs in Figure 3.2; The bottom part shows the
annotation colors for pedestrians with various orientations.
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CityWalks (Figure 3.6 (b)) datasets. Some of the exemplified images indicate crowds
of pedestrians with various orientations. Images with these kind of conditions have
a high level of complexity to re-annotate. As for the images with a lower level of
complexity include a single pedestrian or some groups of pedestrians with the same
orientation.
In addition to producing new annotations, this process also provides some corrections to the original ground-truth annotation given in the Cityscapes dataset. There
are some incorrect annotations found before the Citywalks re-annotation, including
several labels swapped between objects, missed or ignored pedestrians, and inconsistent labels for items attached to a pedestrian such as umbrella, bag, and so on.
Figure 3.7 shows some examples of incorrectly annotated ground truths given by the
Cityscapes dataset, corrected in the CityWalks annotation (regardless the orientation
attribute should any).

CityWalks

Cityscapes

RGB input

Furthermore, details of the CityWalks labels are also described here as reference

(a)

(b)

(c)

(d)

(e)

Figure 3.7: Some of incorrectly annotated ground truths related to class person in
the original Cityscapes dataset (shown inside the yellow bounding oval) are then
fixed in the CityWalks dataset; These include (a) person annotated as car, (b) umbrella annotated as person, (c) car annotated as person, (d) pole annotated as person, and (e) person annotated as pole.
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Table 3.1: Labels for 23 classes in the CityWalks annotations, including objects and
attributes, and their color codes in RGB compared to the Cityscapes dataset.

Name
road
sidewalk
building
wall
fence
pole
traffic light
traffic sign
vegetation
terrain
sky
person/pedestrian
(unknown orientation)
rider
car
truck
bus
train
motorcycle
bicycle
pedestrian (back)
pedestrian (right)
pedestrian (front)
pedestrian (left)
ignored

0
1
2
3
4
5
6
7
8
9
10

CityWalks color
R
G
B
128 64 128
244 35 232
70 70
70
102 102 156
190 153 153
153 153 153
250 170
30
220 220
0
107 142
35
152 251 152
70 130 180

Cityscapes color
R
G
B
128 64 128
244 35 232
70 70
70
102 102 156
190 153 153
153 153 153
250 170
30
220 220
0
107 142
35
152 251 152
70 130 180

11

255

TrainId

12
13
14
15
16
17
18
19
20
21
22
255

0

0

220

20

60

0 250
0
0
0
0
0 60
0 80
0
0
119 11
171 121
237 125
220 100
118 214
0
0

0
142
70
100
100
230
32
66
49
110
255
0

255
0
0
0
0
0
119
—
—
—
—
0

0
0
0
60
80
0
11
—
—
—
—
0

0
142
70
100
100
230
32
—
—
—
—
0
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for future development. Table 3.1 shows labels and color codes for the CityWalks
annotations. The ‘TrainId’ for CityWalks’ four orientations (19∼22) succeeds the
Cityscapes’ 19-class ‘TrainId’ (0∼18). Except for only two previously existing classes,
i.e. person and rider, CityWalks uses the same color codes as Cityscapes.

3.3.3

Statistics of the CityWalks annotation

Statistics of the CityWalks dataset are summarized in Table 3.2. The person in the
table indicates all labels for a pedestrian annotated with four orientations (back, right,
front, and left) plus unknown or unidentified orientation. Percentages of images are
calculated by comparing them with the number of all images in each set; While
percentages of person and attribute pixels are calculated by comparing them with
the total pixels of all images in each set.
From this table, we can see that most of the images in the dataset (approximately 79%
and 80% of training and validation sets, respectively) produced new ground truths
for the CityWalks dataset. Among them, almost all the images were re-annotated by
overwriting the pixels labeled with person to be pedestrian with the corresponding
orientation, as described in the previous sections. The small percentages of pixels
shown in the table (around 1.00%) show that the object categories contained in the
image are commonly very diverse, while the pedestrians are a small part of them.
This makes the effort in the re-annotation process not trivial; However, it is still
Table 3.2: Statistics of the CityWalks dataset.

#image
#image with person
#image with four orientation attributes
%image with person in the dataset
%image with attributes in the dataset
%person pixels in the dataset
%attribute pixels in the dataset

Training set
2,975
2,345
2,083
78.82%
70.02%
1.08%
1.03%

Validation set
500
402
371
80.40%
74.20%
1.15%
1.09%
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5%

21%

5%

Back

25%

Right

22%

23%

Front

23% 26%

Left
Unknown

(a) Training Set

27%

23%

(b) Validation Set

Figure 3.8: Distributions of the pedestrian’s orientation labels, both in training and
validation sets.

executed manually and very thoroughly to maintain the quality of the resulting annotations.
Figure 3.8 shows distributions of the labels corresponding to the four pedestrian orientation, including the unknown one. It covers all ground-truth images in CityWalks’
training and validation sets. The charts show that the distributions between four orientation labels are quite balanced. Besides, from the charts, we can see that the
number of pedestrians with the unknown or unidentified orientation is minimized,
confirming that the CityWalks dataset tries its best to be able to annotate the orientations of pedestrians even though sometimes they may look very small.

3.3.4

Limitation and further consideration

There are some limitations identified in constructing the current version of the CityWalks dataset; Nevertheless, the corresponding ideas are also considered for planning further extensions.
• Limitation: Some pedestrians appear to be in a group or overlap with each
other. Sometimes, the manual method has difficulties when it comes to separating the pedestrians into detailed sub-regions corresponding to each pedestrian with different orientations. However, this was done carefully to maintain
the quality of resulting annotated ground truths, although it might take a long
time.

3.3. Construction of the CityWalks dataset

55

Either
front
or
right?

(a) Details of pedestrian orientation annotation
should be maintained manually.

?

(b) It might be difficult for an annotator to decide the
orientation of a pedestrian due to its confusing gesture.

Figure 3.9: Difficulties due to the limitation in the current dataset construction.

Further consideration: Use instance-level semantic segmentation that distinguishes between pedestrian objects. Some existing datasets that provide semantic segmentation annotations in instance-level were utilized by Mask RCNN [52] and Panoptic Segmentation [90]. This will boost the re-annotation
process, especially for adding pedestrian’s attribute annotations to class person
or even to more object classes such as rider, car, and so on.
• Limitation: Sometimes there are uncertainties in deciding which orientation
a pedestrian should be annotated with. In a particular position, a pedestrian
may appear to face between two orientations. Another difficult case in annotating pedestrian’s orientation is when the body’s orientation is not in line with
the head’s. These cases challenged the annotators in creating the CityWalks
dataset; Here, each image was re-annotated by only one annotator.
Further consideration: Cross checking by some annotators who work together
in the same dataset can be an alternative to reduce the ambiguity in the abovementioned cases.

Figure 3.9 exemplifies some cases regarding the limitations in the construction of the
CityWalks dataset. Manual re-annotation is important to maintain the precision, but
it costs big effort in some cases. Sometimes, the pedestrian’s gesture is confusing,
but an annotator should decide which class it belongs to.
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Summary

This chapter provided a solution to Research topic 1 which was the problem related
to the lack of sufficient dataset for the newly introduced Attribute-Aware Semantic
Segmentation task. The CityWalks dataset is introduced as an extended traffic scene
dataset constructed on top of the Cityscapes dataset. It provides extended annotations by re-annotating the ground truths in Cityscapes’ training and validation sets
with additional attribute labels that correspond to a pedestrian’s four orientations.
The effort involved during the process of creating the high quality dataset has been
demonstrated; The results and statistics of the re-annotated ground truths have been
also presented.
The CityWalks dataset is proposed to improve the capability of the trained model in
performing Semantic Segmentation and pedestrian’s Orientation Recognition tasks
simultaneously. Its construction demonstrated in this thesis is also expected to inspire
and become a guide to develop a dataset for further related tasks.

Chapter 4
Domain-Free Approach
Semantic segmentation has been utilized helpfully in environment perception tasks
for numerous applications such as autonomous driving, satellite imagery sensing,
and biomedical imaging. Particularly for the autonomous driving applications, attribute recognition on certain objects such as a pedestrian is also important to enhance the visual understanding. Therefore, the Attribute-Aware Semantic Segmentation task is introduced in this thesis to meet the increasing demand of simultaneously
combining Semantic Segmentation and Attribute Recognition tasks.
This chapter is related to Research topic 2 which is part of the three research topics discussed in this thesis. As mentioned in Chapter 1, the main problem raised
in this thesis is how to develop and realize the methods for the Attribute-Aware Semantic Segmentation task. After solving Research topic 1, which is the construction
of a sufficient dataset in Chapter 3, the next aspect of concern is how to develop a
method that is independent to the data domain, generally applicable, and powerful
in performance. It considers that this thesis is just the beginning of a study related
to the Attribute-Aware Semantic Segmentation task, while the existing models for
the conventional Semantic Segmentation task are publicly available and hence expandable as base models in developing a method which is independent to the data
domain.
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This chapter tackles those particular problems and discusses the proposed DomainFree approach by applying a so-called attribute-aware loss function [83]. This newly
introduced loss function can be applied to an arbitrary semantic segmentation base
model. The attribute-aware loss function is implemented during the training stage
for some existing base models and their experimental results are compared.
In this chapter, Section 4.1 describes the problem in general and the contributions
made. Details of the proposed method is explained in Section 4.2. Experimental
results and analyses are shown and discussed respectively in Sections 4.3 and 4.4,
followed by the conclusion of this chapter presented in Section 4.5.

4.1

Introduction

Semantic segmentation technique and its importance for an intelligent vehicle have
been discussed in Chapter 1, including purposes and applications. However, additional information describing an object in details such as its attributes could help the
better understanding of scenes. This leads to a demand of realizing the AttributeAware Semantic Segmentation task. As previously explained, this thesis focuses on
pedestrian detection and selects body orientation as its attribute considering their
importance in the ITS field.
As previously explained in Chapter 2, especially in Section 2.2, various existing
methods have been developed for semantic segmentation purposes [12, 36, 39, 43,
45, 46, 52, 53, 62, 63]. The resulting models are basically trained through a similar
deep neural network training framework; The training mechanism is the same but
may include elements of different methods, for example in applying the loss function
used. Modifications such as addition of components to the loss function implies on
the resulting trained model so that it has improved capabilities as expected.
In this chapter, Domain-Free is an approach to solve the problem of attribute-aware
semantic segmentation regardless of the image data domain; An arbitrary domain
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can be used as training data to build the deep learning-based semantic segmentation model. The proposed Domain-Free approach basically takes advantage of these
factors: maintain the model architecture, customize the loss function that simultaneously handles the classes (objects) and sub-classes (attributes), and yield outputs
compatible with the goal of the Attribute-Aware Semantic Segmentation task.
In summary, the contributions in this chapter are as follows:

1. An attribute-aware loss function is introduced as the Domain-Free method for
the Attribute-Aware Semantic Segmentation task. It proposes a unified formula that is able to treat both object and attribute classes in the same manner
and hence is applicable to an arbitrary base model.
2. Experimental results are shown to prove that the proposed method achieves a
better performance over the baseline methods both in the conventional and the
attribute-aware semantic segmentation measuring metrics. The trained model
from the proposed method also provides qualitative results that successfully
show additional attribute information in the output segmentation.

4.2

Attribute-aware loss function

The Domain-Free approach is intended to produce a method for tasks that are independent of the data domain. Regardless of the data source, the model should be able
to learn from the given training data to carry out the assigned task. In this study, the
attribute-aware loss function is proposed for the Domain-Free approach to solve the
newly introduced Attribute-Aware Semantic Segmentation task, without any domain
restriction on the training data. In addition to classifying the objects captured in the
input image in pixel-level, this method trains the model to be able to recognize the
attribute information associated with a particular object.
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Training process
AASS output
(object + attribute)

RGB input

An arbitrary SS model
Attribute-aware loss
function

Figure 4.1: General view of the Domain-Free approach to solve the Attribute-Aware
Semantic Segmentation task (SS = Semantic Segmentation and AASS = AttributeAware Semantic Segmentation); During the training process, it utilizes the proposed
attribute-aware loss function which is applicable to any base semantic segmentation
model, resulting in a segmented image equipped with the attribute information.

Furthermore, the proposed method is also aimed at improving the model performance based on the attribute-aware semantic segmentation measuring metrics. Typically, the instances of a particular class, for example, person, have a high variance in
shape and appearance. This can make it difficult to classify heterogeneous instances
into a correct class. In the Attribute-Aware Semantic Segmentation task, such a particular class is divided into several sub-classes according to its attribute values such
as body orientations. This will reduce the diversity in each sub-class and thereby
simplify the classification task.
Instead of reconstructing the model architecture, the proposed attribute-aware loss
function basically deals with the combined Semantic Segmentation and Attribute
Recognition tasks during the training process. In the implementation, since the original class, i.e. person, might be necessary if its attribute value looks unknown, a number of sub-classes corresponding to the attribute values are simply added at the same
level of object classes in the base model’s output layer, yet maintain each attribute
as a still-derived class using the proposed loss function. Thus, an arbitrary semantic
segmentation base model can be made use of in the proposed attribute-aware loss
function. Figure 4.1 shows the general view of the Domain-Free approach.
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Formulation of the loss function

In the Semantic Segmentation task, the pixel-wise cross-entropy loss has been the
most commonly used loss function so far. The final layer of a segmentation model
produces output tensor channels as many as the number of object classes. Each
output channel representing a class contains the probabilities of all pixels to be classified into that class. The output loss (L) averages the individual loss of every pixel
by comparing its class predictions (ρk ) represented in a depth-wise pixel vector to
the encoded target vector (yk ) as follows:
N
1X
`i ,
L=
N i

`i = −

|C|
X

yk log(ρk ).

(4.1)

(4.2)

k

The log loss for the i-th pixel is calculated on the k-th class and then summed over all
possible object classes (C). This scoring is repeated over all N pixels and averaged to
obtain the overall image loss. Equation 4.1 is basically for the conventional Semantic Segmentation task and Equation 4.2 defines the standard cross entropy loss [91]
commonly used in a deep neural network training.
In the Attribute-Aware Semantic Segmentation task, a particular class is divided into
sub-classes corresponding to the attribute values. For that, an attribute loss is considered in addition to the object class loss when evaluating the prediction of pixels
that contain such an attribute information.



o
a


`i + `i
`i = 



`io

if the i-th pixel has an attribute

(4.3)

otherwise

For example, suppose that three objects form the target class set C = {X, Y, Z}, and
class X has two attribute sub-classes AX = {X1 , X2 }. Pixel areas or instances labeled
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as the attributed object XA will be valued additionally to either of those attributes.
However, in some conditions, due to visual limitation, it cannot always assign every
instance of an attributed class with an attribute value. To allow this, there will be
some pixels annotated as class X but with an unknown attribute. Thus, label X remains as a target class and the set of targets is obtained by combining C and AX (or
just A) to be C ∪ A = {X, Y, Z, X1 , X2 }. Given the defined C and C ∪ A, `io and `ia in
o
Equation (4.3) are distinguished based on which class set is used; `io = −Σ|C|
k yk log(ρk )

or `ia = −Σ|C∪A|
yk log(ρak ).
k
With the general class setting described above, two independent losses can be calculated: Lo penalizes every pixel across all object classes and La does so to all combined
object and attribute classes. These loss functions evaluate both object and attribute
classes simultaneously while maintaining the dependency of attributes to an object.
To solve the problem in one calculation flow, the two losses are combined via key
parameters of weights, namely β̂o and β̂a , to construct the attribute-aware loss L as
follows:
L=

β̂a
β̂o
Lo +
La ,
β̂o + β̂a
β̂o + β̂a

(4.4)

where the values for β̂o and β̂a can be arbitrarily assigned any real number to represent the amount of contributions from Lo and La toward the final loss calculation.
β̂o
β̂o +β̂a

and

β̂a
β̂o +β̂a

are then simplified as βo and βa , respectively, to equally reform the

formula as follows:
L = βo Lo + βa La .

(4.5)

According to Equation (4.4), βo and βa in Equation (4.5) should satisfy the condition
of βo + βa = 1. Since L is proportional to ` as defined in Equation (4.1), the loss for
each pixel is
`i = βo `io + βa `ia .

(4.6)
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Figure 4.2: Illustration of the proposed approach involving the attribute-aware loss
function, given a simple example.

By replacing yk log(ρk ) in Equation (4.2) with Ek for simplification, Equation (4.6) is
then derived with object and attribute classes mentioned in the above case as follows:
|C∪A| a
o
`i = βo Σ|C|
Ek ,
k Ek + βa Σk

= βo (EoX + EoY + EoZ ) +
βa (EaX + EaY + EaZ + EaX1 + EaX2 ).

The proposed framework puts object and attribute classes together in the output layer
so it is easy to calculate La . Meanwhile, to calculate Lo , the likelihood ρok for each
object class can be copied from ρak , since X, Y, and Z in the calculation for La are
designated to the same classes in the calculation for Lo . This makes ρoX = ρaX that
implies EoX = EaX , and the same also applies to EoY and EoZ to continue and simplify
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the derivation as follows:
`i = βo (EaX + EaY + EaZ ) +
βa (EaX + EaY + EaZ + EaX1 + EaX2 ),
= βo EaX + βo EaY + βo EaZ +
βa EaX + βa EaY + βa EaZ + βa EaX1 + βa EaX2 ,
= (βo + βa )EaX + (βo + βa )EaY + (βo + βa )EaZ +
βa EaX1 + βa EaX2 ,
= EaX + EaY + EaZ + βa EaX1 + βa EaX2 ,
|C|
|A|
X
X
Eak + βa
=
Eak .
k

(4.7)

k

The formula derivation along with the aforementioned scheme and class setting ensures that the proposed loss function with two entire-image losses in Equation (4.4)
will penalize each pixel with object and attribute losses as defined in Equation (4.6).
Hence, it should be able to treat both attributed and non-attributed objects simultaneously in one calculation flow.
Figure 4.2 illustrates the proposed method through the newly introduced attributeaware loss function. It interprets the segmentation output as having information on
what object and which attribute every pixel is classified to.

4.2.2

Implementation of the loss calculation

The difference between the conventional semantic segmentation and the proposed
attribute-aware semantic segmentation methods lies in the loss calculation process
in the training phase. Meanwhile, typical processes such as loading data, augmentation, and others, remain basically the same. Figure 4.3 depicts the block diagram
explaining the mechanism of the proposed attribute-aware loss function, particularly
for the case of the proposed CityWalks dataset.
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65
Mechanism of
the proposed attribute-aware loss function
In
Convert from 23 to 19

1. Loading images and
ground truths
2. Data augmentation
3. Training loop
a. Forward
propagation
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Figure 4.3: Block diagram showing the mechanism of the proposed loss function
in the model training, given a total of 23 classes including objects and attributes;
Pixels with class person are annotated as 11, the labels 19∼22 are for attributes
(four pedestrian’s orientations), while ignored pixels are annotated as 255.

In the Cityscapes dataset, images are annotated with 19 object classes. Then, in
the CityWalks dataset, four attribute values correspondingly to pedestrian body orientations (back, right, front, and left) are added which results in the ground-truth
labels re-annotated in 23 classes. Before separately calculating Lo and La in parallel,
the ground-truth maps and output channels are converted from 23-class to 19-class
mode. In the ground-truth conversion, the proposed algorithm maps all four orientation labels to one-person label, while in the output conversion, it selects channels
corresponding to 19 object classes or labels from 0 to 18. These converted results
correspond to the input for Lo , while the 23-class matrices are for La . The attributeaware loss, as explained in Section 4.2.1, combines these two losses with the respective weights (β̂o and β̂a ) to reflect the influence of each component.
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Algorithm 1: The attribute-aware loss function
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Function GtMapping(gt):
gt[(gt=attribute id)] ← person id
return gt
Function ChannelSelection(out):
num ← num all class − num attribute
out ← out[0:num]
return out
Function StandardLoss(gt, out):
return CrossEntropyLoss(gt, out)
Function AttributeAwareLoss(gt, out, β̂o , β̂a ):
gto ← GtMapping(gt)
outo ← ChannelsSelection(out)
Lo ← StandardLoss(gto , outo )
La ← StandardLoss(gt, out)
return (β̂o / (β̂o + β̂a )) Lo + (β̂a / (β̂o + β̂a )) La
Algorithm 1 shows sub-modules in the loss calculation. attribute id is the attribute labels (19∼22), person id is the label person (11), num all class is the
number of combined object and attribute classes (C ∪ A), and num attribute is the
number of attribute classes (A). GtMapping is to convert the ground truth from 23class to 19-class, ChannelSelection is to select the output channels corresponding to the object classes, StandardLoss is to calculate the standard cross entropy
loss [91], and AttributeAwareLoss is the proposed attribute-aware loss function.
The input parameters (target gt and output out) between the standard and the attributeaware loss functions are similar; They differ only in the presence of the weight parameters (β̂o and β̂a ). As a result, in terms of algorithm complexity, the proposed
method is not very different compared to the standard one as the attribute-aware loss
function has no significant modification. The actual codes for training and testing
implementations were based on the implementation [66] obtained from a GitHub
repository1 with some modifications to apply the proposed algorithm properly.

1

https://github.com/zijundeng/pytorch-semantic-segmentation/
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Experiment

This section presents the experiments carried out in this chapter with the DomainFree approach in Section 4.2 using the attribute-aware loss function that was introduced. It starts from the experimental objectives to the resulting outcomes.

4.3.1

Purpose of the experiment

Experiments are conducted upon the newly proposed attribute-aware semantic segmentation method. The experimental purposes are as follows:

1. Apply the attribute-aware loss function to train semantic segmentation base
models using the CityWalks’ training set and evaluate each resulting model
with the validation set.
2. Compare the segmentation performances between the proposed and the baseline methods for each base model.
3. Observe the values assigned to the weights (βo and βa ) as the influential parameters in performing the attribute-aware loss function.

4.3.2

Experiment setup

Technical details of the experiments are as follows.

• Dataset: Two datasets are prepared, namely the original Cityscapes and the
newly constructed CityWalks. Both datasets share exactly the same images of
RGB input; In this experiment, a total of 2,475 images are used. As for the
targets, the Cityscapes dataset provides annotated ground truths designated for
19 object classes, while the CityWalks dataset provides the extended ground
truths for the combined 23 classes of objects and attributes. Both datasets are
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Figure 4.4: Resizing the ground truth into halves for each axis. It finds the most
frequent label among four labels in each 2 × 2-sized cell; If there are two or more
major labels, one of them will be selected randomly.

composed of training and validation sets. The training set is composed of 2,975
RGB input images and the corresponding annotated ground truths to train the
model, while the validation set is composed of the remaining 500 RGB input images and the corresponding annotated ground truths for the purpose of
testing or evaluation to obtain the performance of the trained model.
• Image: To reduce the computation complexity, all input RGB images are
rescaled from 2, 048 × 1, 024 pixels to 1, 024 × 512 pixels. Accordingly, all the
corresponding ground truths are resized by majority sampling in each 2 × 2sized cell (see Figure 4.4). During the training phase, the window cropping
size is set to 512 × 512 pixels as default.
• Training parameters: The experiment in general sets the batch size (b) of 4
and the maximum iteration (Imax ) of 50,000 as default. With the given 2,975
images of training set (Ntrain ), there will be 743 iterations in each epoch (ie ).
Consequently, it results in the maximum epochs (Emax ) of 67 for completing
every training routine. This is explained in the following equations:
ie =

N

train

b



,

$

Emax

%
Imax
.
=
ie

(4.8)

(4.9)
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Other training parameters such as initial learning rate, learning rate decay,
weight decay, and momentum are set to 0.05, 0.9, 0.0001, and 0.9, respectively.
In addition, especially for the implementation of the proposed attribute-aware
loss function, the default values for βo and βa are equally set as 0.5.

4.3.2.1

Base models

Some existing models have been briefly introduced in Chapter 2, especially in Section 2.2. In this experiment, FCN8s, that is considered as the best variant of Fully
Convolutional Networks (FCN) architectures [36], and Pyramid Scene Parsing network (PSPNet) [45] are used as the base models in the experiments. These two
baselines are chosen because they represent a model that was built in the early days
of semantic segmentation research as well as a model developed with a more recent
architecture.

Convolutionalization

(a) FCN [36]

Input image

Concatenation

Feature map

Final prediction

Pyramid Pooling Module

(b) PSPNet [45]

Figure 4.5: Network architectures of the base semantic segmentation models.
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FCN was introduced in the early days of the semantic segmentation research as
a model that is able to be trained in an end-to-end process. It adapts the famous
VGG16 network architecture [34]. FCN extends the existing models containing
fully-connected layers for the Classification task to the Semantic Segmentation task.
This model takes an arbitrary size of input image and produces a pixel-wise segmentation map.
Meanwhile, PSPNet introduced a new idea known as the pyramid module pooling
while using ResNet [42] as its backbone in the beginning layers. It extracts features
from four different scales, and then merge them after up-sampling each feature to
the same resolution. This pipeline effectively produces combined multi-scale feature
maps without performing multiple convolutions. It showed remarkable performances
on PASCAL VOC [30] and Cityscapes datasets [37, 41].
Figure 4.5 shows the network architectures for both FCN8s and PSPNet from the
original papers [36, 45]. The proposed attribute-aware loss function is applied on top
of these two base models in order to perform Semantic Segmentation and Attribute
Recognition tasks.

4.3.2.2

Methods comparison

Given the base models that are previously explained, the experiments compare the
following methods:

(1) Baseline: This method uses the base models, FCN8s [36] and PSPNet [45] retrained using the standard loss function and the Cityscapes dataset including
its original annotations to output 19 object classes. This is to re-evaluate the
base models for the conventional Semantic Segmentation task.
(2) Baseline-23: This method basically uses the same models and the standard
loss function as in (1) Baseline, but trained with CityWalks annotations to
output 23 combined object and attribute classes.
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(1) Baseline
Training (Standard Loss Function)

RGB Input
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SS/AASS Output (23 classes)
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(Attribute-Aware Loss Function)

RGB Input

Deep NN Model

AASS Output
(19 + 4 classes)

(4) Domain-Free (Proposed)

Figure 4.6: Comparing the four methods used in the experiments (NN = Neural
Network, SS = Semantic Segmentation, and AASS = Attribute-Aware Semantic
Segmentation).

(3) Comparative: This method is a comparative method representing a simple
Multi-Task Learning (MTL)-based architecture; It modifies the PSPNet base
model by splitting the final layer to separately output object and attribute segmentation tasks. With the same training set as used in (2) Baseline-23, each
object and attribute branch uses the standard loss function to yield 19 and 4
classes independently.
(4) Domain-Free (Proposed): This method is the implementation of the DomainFree approach proposed in this thesis which utilizes the same base model as in
(2) Baseline-23, but applies the attribute-aware loss function during the training process to obtain (19 + 4) classes of the segmentation output.
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See Figure 4.6 that clearly compares the four methods. Baseline and Baseline-23
methods basically share the same architecture with the only difference in the number of output channels (19 and 23 classes). The Domain-Free method exactly uses
the same model architecture as Baseline-23 method, but trained using the proposed
attribute-aware loss function to be capable of performing the Attribute-Aware Semantic Segmentation task.

4.3.2.3

Performance measurement

Performances of the methods are evaluated in two ways:
• Object segmentation: It evaluates the models whose outputs are designated
for 19 classes of objects. The object segmentation performance is basically
an evaluation for the conventional Semantic Segmentation task upon the standard Cityscapes pixel-wise labeling task. This evaluation uses global Accuracy
(gAcc), per-class Accuracy (cAcc), Intersection over Union (IoU), and mean
IoU (mIoU). The metric cAcc is similar to gAcc but calculated for each class,
then averaged over all classes. Note that all gAcc, cAcc, and mIoU are calculated for 19 object classes. Moreover, IoU for the class person (IoUp ) is shown
to particularly see how the prediction of pedestrian orientations affects the segmentation model in classifying the object class from which those attributes are
derived. Detailed definitions on these metrics are provided in Chapter 2, especially in Section 2.4.
• Attribute segmentation: It evaluates the models on the 4 classes of attributes
correspondingly to the four pedestrian orientations. In particular, IoU19 , IoU20 ,
IoU21 , and IoU22 are the IoU scores for orientations back, right, front, and
left, respectively. Moreover, mIoU4 is also shown as the average IoU over
these four orientations. The attribute segmentation performance represents
whether the model is able to perform the pedestrian’s Attribute Recognition
task simultaneously with the Semantic Segmentation task.
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The performance of models trained using the Cityscapes dataset is measured with the
object segmentation evaluation only since the model’s output is limited to the 19 object labels. Meanwhile, the models trained with the CityWalks dataset are evaluated
with both object and attribute segmentation performances. These CityWalks-trained
models yield outputs designated for 23 labels including all objects and attributes.
Therefore, to calculate the object segmentation performance, the output and groundtruth labels are converted from 23-class mode to 19-class mode by substituting all
attribute labels (19∼22) with the person label (11). As for the attribute segmentation performance, output and ground-truth labels are converted into 4-class mode
by ignoring all labels from 0 to 18, and then the IoU’s of each orientation are calculated. Especially for the Comparative method, the trained model already provides
two separated outputs corresponding to object and attribute segmentation tasks, thus,
the output and ground-truth label conversions are not required.

4.3.3

Results

This section shows the experimental results, including the comparison of methods’
performances evaluated in both object and attribute segmentation, as well as the
observation of weight parameters for the proposed method that uses the attributeaware loss function.
Simply put, each model learns from the training set and then is evaluated on the
validation set. For the object segmentation evaluation, it utilizes the corresponding
ground-truth sets provided in the Cityscapes dataset which contains 19 object classes.
Meanwhile, for evaluating the object and attribute segmentation evaluations, it requires the corresponding ground-truth sets containing 23 classes of combined objects
and attributes given in the CityWalks dataset. The RGB inputs set for both evaluations are the same, which is originally from the Cityscapes dataset. Between the base
models, there will be basically no cross-comparisons; The performances from each
of FCN8s and PSPNet basis are compared independently in this experiment.
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4.3.3.1

Performance comparison on the validation data

This experiment is conducted to fulfill Purposes 1 and 2 mentioned in Section 4.3.1.
With the methods described in Section 4.3.2.2, each model is trained using the training set from either Cityscapes or CityWalks dataset.
Performances of object segmentation between the compared models measured on
the validation set are shown in Table 4.1. It highlights the Domain-Free method that
uses the proposed attribute-aware loss function and the CityWalks training set. The
table shows gAcc, cAcc, mIoU, and IoUp as the measuring performance metrics; one
highest score per metric is highlighted in bold for each base model.
In terms of attribute segmentation, the performance comparison is presented in Table 4.2. All models are trained with the CityWalks training set. Four IoU’s corresponding to the four orientations as well as the average of them are presented in the
Table 4.1: Performances of object segmentation on the Cityscapes’ validation set.

Method
FCN8s (Baseline)
FCN8s (Baseline-23)
FCN8s (Domain-Free)
PSPNet (Baseline)
PSPNet (Baseline-23)
PSPNet (Comparative)
PSPNet (Domain-Free)

Loss
Training
function
data
standard Cityscapes
standard CityWalks
proposed CityWalks
standard Cityscapes
standard CityWalks
standard CityWalks
proposed CityWalks

gAcc

cAcc

mIoU

IoUp

88.44
88.72
88.84
94.94
94.87
92.54
94.97

57.12
57.05
57.73
78.02
78.68
71.45
79.89

46.33
47.08
47.64
70.25
70.56
59.02
71.21

48.01
44.80
47.45
74.08
72.22
63.72
74.26

Table 4.2: Performances of attribute segmentation on the CityWalks’ validation set.

Method
FCN8s (Baseline-23)
FCN8s (Domain-Free)
PSPNet (Baseline-23)
PSPNet (Comparative)
PSPNet (Domain-Free)

Loss
function
standard
proposed
standard
standard
proposed

mIoU4

IoU19

IoU20

IoU21

IoU22

19.53
21.34
59.94
42.02
60.77

27.64
28.52
57.11
59.12
57.64

6.98
5.58
64.87
24.98
67.92

18.78
25.51
50.37
57.74
51.89

24.70
25.75
67.38
26.24
65.65

4.3. Experiment

75

table as the measuring performance metrics. Similar to the previous table, for each
base model, the best score per metric is highlighted in bold.
As seen in Table 4.1, the Domain-Free method wins in common metrics; It only loses
versus the Baseline method in terms of IoUp . Probably, this is due to the limitation of
the FCN8s itself which is instable in classifying a certain situation. In more general
measurements, i.e. gAcc, cAcc, and mIoU, the Domain-Free method is better than
the others. Meanwhile, with the PSPNet base model, the Domain-Free method outperforms both the Baseline and the Comparative methods in all performance metrics.
Then, based on Table 4.2, the Domain-Free method via the proposed loss function
applied to both base models generally works better than those using the standard
function; It can be seen in mIoU4 for each base model. Using FCN8s as the base
model, the Domain-Free method is better than the Baseline-23 method in almost all
orientations despite the loss in IoU20 . Meanwhile, for the PSPNet base model, the
three compared methods appear to compete with each other based on each orientation’s IoU; For orientations right and left, the IoU’s yielded by the Baseline-23 and
the Domain-Free methods are relatively higher than orientations back and front; The
opposite condition occurs in the Comparative method. Nevertheless, the DomainFree method for the PSPNet base model is still considered stabler compared to the
other methods since the highest mIoU4 is won by the Domain-Free method.
Furthermore, Table 4.3 shows the object segmentation performance for each class.
For each object’s name, one highlighted score indicates the best performer per base
model. In the table, the Domain-Free method shows its ability to yield the best IoU
in more object classes compared to those yielded by the others. This demonstrates
that the best object segmentation result for any base model is obtained from the
Domain-Free method.
Overall, these three tables show how the proposed Domain-Free method can manage
to generally outperform other methods in both evaluations, i.e. object segmentation
and attribute segmentation. Even though some particular metrics show competition
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Table 4.3: Comparison of object segmentation performances on the validation set
shown in each class’s IoU and mIoU.

mIoU
road
sidewalk
building
wall
fence
pole
traffic light
traffic sign
vegetation
terrain
sky
person
rider
car
truck
bus
train
motorcycle
bicycle

Baseline
46.33
93.56
60.57
80.45
27.31
33.28
12.26
16.93
28.89
81.42
40.53
75.47
48.01
28.23
80.70
32.11.
41.95
34.51
17.03
47.10

FCN8s-based
Baseline-23 Domain-Free
47.08
47.64
93.57
93.59
60.67
60.34
80.94
81.20
29.10
28.80
34.30
34.42
12.43
12.63
18.93
19.07
29.10
29.26
81.80
81.81
41.91
42.44
76.89
77.60
44.80
47.45
27.86
27.93
80.29
80.57
33.30
36.69
39.04
39.90
44.09
42.08
18.28
22.02
47.12
47.36

Baseline
70.25
97.59
80.89
90.50
49.25
50.22
51.24
59.83
71.02
90.89
60.85
93.82
74.08
53.18
93.15
67.01
79.55
46.25
55.26
70.14

PSPNet-based
Baseline-23 Comp.
70.56
59.02
97.40
95.93
80.07
71.27
90.58
87.10
50.27
31.03
51.83
37.57
52.01
38.65
59.10
41.80
70.67
53.35
91.70
88.19
62.19
53.94
93.40
91.25
72.22
63.72
53.00
38.30
93.23
88.66
67.82
48.59
79.64
63.03
52.70
44.09
54.07
25.22
69.70
59.73

Domain-Free
72.21
97.60
80.66
90.55
53.95
50.61
52.42
59.80
70.70
90.96
61.26
93.74
74.26
53.89
93.22
69.47
79.06
55.32
55.32
70.17

with other methods, the performance of the Domain-Free method can still be optimized by controlling the parameters β̂o and β̂a with more optimal values.

4.3.3.2

Performance by adjusting β̂o and β̂a

This experiment is conducted to satisfy Purpose 3 described in Section 4.3.1. The
weights β̂o (for the object loss) and β̂a (for the attribute loss) are the key parameters
of the proposed attribute-aware loss function. In this section, the proposed attributeaware loss function is applied for training the FCN8s and the PSPNet base models
with various combinations of β̂o and β̂a .
The values for each weight are between 0.0 and 1.0. In this case, assigning β̂o and β̂a
with 0.0 and 1.0, respectively, means that the base model is trained with 23 classes
but using the standard loss function, which actually corresponds to the Baseline-23
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Table 4.4: Comparison of object segmentation performances on the validation set
using the proposed Domain-Free method with various combinations of β̂o and β̂a .

β̂o

β̂a

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

gAcc19
88.72
88.63
88.77
88.72
88.73
88.64
88.69
88.84
88.64
88.40
88.44

FCN8s-based
mIoU19 IoUp mIoU4
47.08 44.80 19.53
47.16 46.57 21.34
46.91 46.70 21.09
46.79 47.02 20.15
47.00 47.52 20.43
47.08 47.11 20.40
46.85 47.36 19.17
47.64 47.45 18.60
46.56 47.51 17.82
46.71 47.41 13.30
46.33 48.01
—

gAcc19
94.87
94.83
94.89
94.81
94.96
94.97
94.88
94.88
94.90
94.98
94.94

PSPNet-based
mIoU19 IoUp mIoU4
70.56 72.22 59.94
69.84 73.57 61.01
70.05 73.92 59.70
70.62 73.52 58.85
70.57 74.14 59.40
71.21 74.26 60.77
70.51 74.23 58.12
71.14 73.77 54.48
70.31 73.50 54.35
71.96 73.74 46.70
70.25 74.08
—

method. On the other way, assigning the two weights with 1.0 and 0.0, respectively, is equivalent to the base model trained with 19 classes using the standard loss
function (the Baseline method), since the loss only considers the object loss in the
learning process.
Table 4.4 shows the results of this experiment, comparing object segmentation performances based on gAcc19 , mIoU19 , IoUp and mIoU4 metrics. The first and the last
rows of the results correspond to the Baseline-23 and the Baseline methods, respectively. Numbers in bold indicate the top two scores in each performance metric.
With the FCN8s base model, the pattern of the performance appears not so clear on
which pair of β̂o and β̂a results in the best performance among all settings. However,
we may see on the table in more detail; If the value of β̂o is too large over β̂a , then
mIoU19 and mIoU4 yielded by the method seem to decrease.
On the other hand, with the PSPNet base model, we can see that the better performances commonly yield from β̂o and β̂a approximately set to 0.5 for each. Compared
to the first and the last rows which do not practically involve both object and attribute
losses, the Domain-Free method via the proposed attribute-aware loss function with
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various β̂o and β̂a has better results in general. Especially for the orientation-wise
performance, we can see that the smaller the value set to β̂a , the lower the mIoU4
score yielded.

4.4

Discussion

Table 4.1 shows that for both base models, the Domain-Free method that uses the
proposed attribute-aware loss function outperforms other methods in the Object Segmentation task. This is also reinforced by what is shown in Table 4.3 where the
proposed methods for both base models dominate the higher scores over all object
classes.
The experimental results also show that the Comparative method performs pedestrian’s attribute segmentation quite well in particular orientations, but loses much in
performing object category segmentation; It is as shown in Table 4.2. This winning
case might be reasonable since the comparative method splits the Attribute Segmentation task away from the Object Segmentation task. Nevertheless, the Domain-Free
method is still able to compete with it. In contrast, the performance of the comparative method in classifying 19 object classes is much worse than the other methods.
Moreover, the Domain-Free method appears to be stabler considering its consistent
performance on each orientation’s IoU, resulting in the highest mIoU4 score compared to the others.
Meanwhile, the Baseline-23 method yields a quite good performance in the Attribute
Segmentation task, but is still lower than the Domain-Free method. In consequence,
by adding attributes to enrich the information of a particular type of object and treating it with a suitable loss function as provided by the Domain-Free method, the
segmentation performance improves. Here, the Domain-Free method not only provides more semantic information by introducing the pedestrian orientations, but also
increases the ability to perform pixel-wise classification, and furthermore, improves
the global segmentation accuracy.
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Based on the experimental results, the gAcc of around 85∼90% commonly yielded
by using the FCN8s base model is considered sufficient to detect and locate some
objects, but insufficient for the pixel-wise segmentation task. This means that with a
gAcc of around these levels, it is sufficient to predict whether pedestrians exist or not,
but still insufficient to help plan future actions since it sometimes requires more precise classification. Therefore, a higher accuracy of around 95% commonly yielded
by using the PSPNet base model is expected for a better environmental understanding. With a higher pixel-level accuracy, it will be able to precisely locate the objects
including their surrounding areas and helpful in predicting a vehicle’s future path to
avoid collisions. Thus, a more accurate segmentation result is helpful for complex
ITS applications.

4.4.1

Qualitative comparison

Qualitative results are presented to see the actual advantages of the proposed method
and to confirm its quantitative performance. Accuracy improvement in the segmentation output is important to better classify two or more similar objects but destined
to have different labels. Simply put, person and rider are the same object in the real
world, i.e. human, but designated as two different classes. In this case, a more accurate segmentation helps the autonomous driving system to distinguish those two
classes and make a correct decision. A detailed improvement is also important to
make clearer boundaries between person and surrounding pixels that can help predict an alternative path to avoid obstacles or other further actions.
Figure 4.7 shows some results that indicate how the proposed method enhances the
segmentation outputs. Some parts of person pixels are often misclassified as rider
since they are quite similar. In sample (1), the proposed method performs better
while the baseline method labels incorrectly in the hand of a person pushing a cart.
In another case, the Baseline is also confused to label a rider who stands and looks
like a person as seen in sample (2), while the Domain-Free method can handle it
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Ground truth
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Domain-Free method

Figure 4.7: Qualitative results in the object segmentation task, comparing the Baseline and the Domain-Free methods; The difference is seen inside the yellow-dashed
boxes.

correctly. This figure demonstrates that the proposed method is capable of improving
the segmentation accuracy by considering the pedestrian’s attribute.
In terms of objects combined with attribute segmentation, Figure 4.8 presents some
sample results of the proposed method. A pedestrian group with the same orientation is shown in row (1), while a pedestrian with a different orientation from a group
is shown in row (2). Rows (3) and (4) represent cases of crossing pedestrians; The
proposed method shows its capability to correctly distinguish pedestrians with orientations left or right. Row (5) also shows the advantage of the proposed method in
segmenting a crowd of people with various orientation attributes.
Overall, Figure 4.8 verifies that the results yielded by the model trained using the
attribute-aware loss function are in good quality thanks to the multi-tasking segmentation by combining object and attribute recognitions.
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pedest. (back)
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(1)
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RGB input

Ground truth

Domain-Free method

Figure 4.8: Some results of the Domain-Free method with the PSPNet base model
for the Attribute-Aware Semantic Segmentation task; It shows various conditions,
from the simplest (uniform) to the complex (heterogeneous) cases.
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4.4.2

Effect of applying data augmentation

To extend the research, an additional experiment using different settings of data augmentation is conducted, involving two data transformations: horizontal flipping and
center-cropping. The results are then observed to see a preferable augmentation
method used in the training that improves the performance of the model.
One thing to consider here is that when an image is horizontally flipped, the annotations of pedestrian orientation in the corresponding ground truths for right and left
classes need to be swapped as well. Thus, it is particularly called as ‘orientationaware horizontal flip’.
Meanwhile, for the center-crop transformation, the image is cropped with half-size
of image height and width dimensions, positioned in the center of the original image.
This data augmentation option is to make the learning process more focused on the
middle area of the image, considering that the area is usually more decisive due to the
traffic obstacles. Figure 4.9 depicts these transformations for augmenting an RGB
input and its ground truth correspondingly. In the implementation, the number of
Center-crop transformation

Ground truth

RGB input

Orientation-aware horizontal flip

Before flipping
(512×1,024)
Pedestrian’s orientations:

After flipping
(512×1,024)
back

right

front

Center-cropped area
(256×512)

Resized, after cropping
(512×1,024)

left

Figure 4.9: Transforming the RGB input along with the ground truth in the train
loader by applying horizontal flip and center-crop data augmentations. When the
image is flipped, the ground truth is flipped too and the left-right annotations are
swapped. Cropping and resizing are applied to the center-crop transformation to
keep the original size of the image.
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Table 4.5: Evaluation results on the validation set using different training settings.

Setting for training
Horizontal flip Center-crop
—
—
X
—
—
X
X
X

Ground truth

Horizontal flip ―,
Center-crop ―

gAcc19
94.78
94.97
94.92
94.86

Horizontal flip ✓,
Center-crop ―

Performance [%]
mIoU19 IoUp mIoU4
69.71 73.56 55.16
71.21 74.26 60.77
71.36 73.96 60.41
71.12 74.24 59.73

Horizontal flip ―,
Center-crop ✓

Horizontal flip ✓,
Center-crop ✓

Figure 4.10: Qualitative results and comparison in the ablation study involving the
two data transformations.

data used during the training loop is maintained to be the same as the number of data
in the original training set.
Using the attribute-aware loss function, the models are trained with different settings
to ablate the two abovementioned transformations. To measure the models’ performances, gAcc19 and mIoU19 are used to evaluate each model in performing the Object Segmentation task, given the 19 classes of objects accordingly to the Cityscapes
annotations. In addition, IoUp and mIoU4 are shown to specifically measure the IoU
of class person and the averaged IoU of attributes, respectively. The mIoU4 is calculated based on the four orientation classes including back, right, front, and left
accordingly to the CityWalks annotations.
Table 4.5 shows the performance comparison between the models trained using different settings of data transformation. The top-two scores in each performance metric are highlighted in bold. We can see in the table that applying augmentation
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through data transformation enhances the performance of the attribute-aware semantic segmentation. The performance improves with the orientation-aware horizontal
flip and the center-crop methods. However, applying both transformations seems not
the best performer; Probably, since it will generate more variations in the augmented
training data, more epochs are required to achieve better performance.
Moreover, the result in a qualitative view is shown in Figure 4.10 to observe the actual advantage of the data augmentation. The segmentation output on the pedestrian
with the body orientation is improved along with applying the data transformations.
As shown in the figure, the ambiguity in predicting the pedestrian’s body orientation is reduced in object-level. This is important, especially when the attributeaware semantic segmentation method is applied for Advanced Driver-Assistance
Systems (ADAS). A more precise segmentation in predicting pedestrian orientations
improves the ability to decide a preventive action and thus helps to realize safer
ADAS.

4.4.3

Versatility of the method on a new collected dataset

Furthermore, the proposed method is challenged for domain adaptation with additional data collection. A set of new images were collected by a team in Nagoya
University, Japan using a car-mounted camera which traveled around the city in daytime. The data was pre-processed and 186 images from several traffic scenes were
annotated with 23 class labels, including 19 objects and 4 body orientations, following the CityWalks annotations. These additional RGB image and ground-truth pairs,
or so-called ‘NUset-186’, is included in the training process along with the 2,975
pairs given in CityWalks’ training set.
Two models are compared; The first model is trained with the CityWalks dataset
and another one is trained with the CityWalks+NUset-186 datasets. Both models
are then tested on some images from the NUset-186 dataset. Some of the results
are qualitatively shown in Figure 4.11. As presented in the figure, the model trained
using both CityWalks and NUset-186 dataset is much better compared to that trained
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RGB input
Ground truth
From the NUset-186 dataset
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Trained using
CityWalks

Trained using
CityWalks+NUset-186

Figure 4.11: Comparing the outputs in the domain adaptation challenge.

using only the CityWalks dataset. Although the number of additional images from
a new environment is relatively small, it has a good impact when tested on that new
environment. Here, the existence of the NUset-186 dataset plays an important role
in performing domain adaptation for a new traffic scene.

4.4.4

Computation cost

The load of computation to execute the training process becomes an important point
as well. Space and time consumed in the training loop with several settings are
compared according to the GPU memory usage and the number of epochs completed
per day. The training process used NVIDIA GeForce GTX 1080 Ti GPU, and the
summary of computational costs recorded during the training of each model is shown
in Table 4.6. The first three rows indicate the costs to run the baseline, comparative,
and the proposed methods, respectively.
We can see in the table that there is no significant difference among the three methods
as long as the image and window cropping sizes are the same. The Domain-Free
method applying the attribute-aware loss function is capable of building a model that
performs the combined tasks but takes no risk on the computational cost. This is in
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Table 4.6: Computation costs of the model trained in several settings.

Method
PSPNet (Baseline)
PSPNet (Comparative)
PSPNet (Domain-Free)
PSPNet (Domain-Free)
PSPNet (Domain-Free)
PSPNet (Domain-Free)

Image size
Crop size
[pixels]
[pixels]
1,024 × 512 512 × 512
1,024 × 512 512 × 512
1,024 × 512 512 × 512
2,048 × 1,024 512 × 512
2,048 × 1,024 713 × 713
2,048 × 1,024 916 × 916

GPU memory
usage [GB]
∼10
∼10
∼10
∼11
∼20
∼30

Training speed
[epochs/day]
∼33
∼33
∼33
∼7.2
∼8.4
∼6.7

accordance with the explanation in Section 4.2.2. In addition, for the comparative
method, although it splits the layers, the cost of computation is not affected much
since the additional branch is placed in the final layer.
The computational cost in the training process is, however, mostly influenced by the
image size and the window cropping size. In the fourth row of Table 4.6, when the
image size is doubled, the training speed is much slower, but the GPU memory usage
only increases slightly as the cropping size is still the same. Meanwhile, the cropping
size has more influence on the GPU memory usage. As the cropping size increases,
the space required on the GPU increases sharply. It also affects on the training speed,
but not too significant when the image size remains the same.
For real ITS applications, processing speed in the inference stage is also considered.
Since the Domain-Free method practically just modifies the training process, not
the model’s architecture, the computational cost of testing will not be influenced by
the attribute-aware loss function. Using the computer with same specifications as
mentioned earlier, it is counted that the FCN8s and PSPNet base models are able
to process around 4.31 and 2.62 frames per second (fps), respectively. These costs
were calculated for images with a size of 1, 024 × 512 pixels. That FCN8s runs
faster than PSPNet is presumably noticed since the latter performs multi-scale feature
extraction, while the former does not. So, it is just the matter of the base model used.
The processing speed here is apparently very slow if being compared to a video
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that commonly has 20∼30 fps, and hence insufficient for common vehicle based vision in real-time. Since a real self-driving car requires high accuracy, as well as
fast processing on a limited hardware, it is recommended to implement the semantic
segmentation models on a Field-Programmable Gate Array (FPGA), which is extensively used in embedded applications. The FPGA implementation can be a solution
for the real-time speed problem since it is faster and more efficient but still maintains
the method’s performance [67].

4.4.5

Limitation and further consideration

Regarding the Domain-Free method with the proposed attribute-aware loss function,
there are some limitations as well as considerations for its development in the future.
• The proposed method is designed for the Attribute-Aware Semantic Segmentation task with a pedestrian and its four orientation attributes as the targeted
class and its attribute type. It is easily-expandable for one targeted object and
one type of attribute. However, customizing the number of targeted objects
needs modifications on the formula. It is expected that someday there will be
a easier-to-customize formula that applies the Attribute-Aware Semantic Segmentation task.
• A pixel-wise labeling task for pedestrian objects and their attribute values
simultaneously may lead to an ambiguity in predicting the attribute of one

(a) Input image

(b) Domain-Free method’s output

Figure 4.12: Inaccurate segmentation output shown inside the yellow-oval boundary; The ambiguity in object-level occurs due to the pixel-level prediction for the
pedestrian’s orientation.
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pedestrian as whole (see Figure 4.12). Therefore, learning the characteristics
of pedestrian distributions in the input domain such as images captured by an
in-vehicle camera is one of future considerations. Besides, re-designing or customizing a deep neural network model dedicated for attribute-aware semantic
segmentation might be beneficial to solve this limitation.

4.5

Summary

A Domain-Free approach to solve the new task of Attribute-Aware Semantic Segmentation was proposed by using the attribute-aware loss function. This work corresponds to Research topic 2, which requires to develop a method in a general perspective. The proposed approach allows a deep neural network model trained in
an end-to-end process to perform Semantic Segmentation and Attribute Recognition
tasks simultaneously. The main contribution in this chapter is the proposal of the
attribute-aware loss function as a Domain-Free approach which is capable of handling segmentation loss for both object and attribute classes in one calculation flow.
The proposed method can be generally applied to an arbitrary base model.
Experiments with various settings were conducted and the results showed that the
proposed method successfully outperforms the baseline methods. It shows that the
proposed method is able to work well in recognizing pedestrian attributes and improving the performance of semantic segmentation for object classes as challenged
in various competitions. A further improvement in the method specifically considering the input domain will be discussed in the next chapter as a proposed solution
to boost the model performance in reducing the ambiguity in segmenting pedestrian
orientations.

Chapter 5
Domain-Specific Approach
This thesis mainly proposes a new task named Attribute-Aware Semantic Segmentation. As explained in Chapter 1, in order to realize it, there are three important
research topics that need to be addressed, where the first two have been discussed in
the previous chapters. This chapter becomes an important part in this thesis that provides a solution to Research topic 3, which is how to enhance the method’s performance by optimally utilizing the special characteristics of the data domain. Since the
task requires to handle pixel-wise object class estimation with its attributes such as
a pedestrian’s body orientation, the Domain-Free method had difficulties to handle
ambiguous attributes such as body orientations in object-level, especially when segmenting the pedestrians with their attributes correctly. The problem of orientation
ambiguity is tackled in this chapter.
Unlike the attribute-aware loss function proposed in Chapter 4, this chapter introduces a novel method that corresponds to a Domain-Specific approach to specifically
handle image data collected from an in-vehicle camera. The ColAtt-Net is proposed
as an attribute-aware semantic segmentation model augmented by an additional layers branch to predict a pedestrian’s orientation in column-wise; The model takes
advantage of the special characteristics of pedestrian pixel distribution in the images
captured from an in-vehicle camera [101]. It assumes that the pixels composing a
pedestrian observed from an in-vehicle camera are distributed horizontally so that
89
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for each column of the input image, the pedestrian pixels can be uniformly labeled
with one orientation. In the Domain-Specific method, the output of the semantic
segmentation model is split into two branches; One branch for segmenting the object
categories, while the other one, as the novel column-wise attribute branch, is to map
the prediction of a pedestrian’s orientation to be distributed horizontally.
This method successfully enhances the performance of attribute-aware semantic segmentation by reducing the ambiguity on segmenting the pedestrian orientations. Improvements on the pedestrian orientation segmentation are confidently shown by the
method proposed in this chapter through experimental results, both in quantitative
and qualitative views. This chapter also discusses how the improved performance
becomes an advantage in an autonomous driving system.

5.1

Introduction

Chapter 4 showed that the method proposed for attribute-aware semantic segmentation improves not only the semantic segmentation performance in general, but also
enriches the output information, compared to the conventional semantic segmentation method. Basically, in the task of Attribute-Aware Semantic Segmentation, the
solution model simultaneously predicts two classes for each pixel of an image, i.e.
the object category and its attribute.
As previously explained, for predicting a pedestrians’ body orientation in pixel-level,
the difficulty is to obtain a consistency in the orientation segmentation. The ambiguity of pedestrian attributes in object-level occurs when there are two or more body
orientations encountered in one pedestrian; For example, the upper and lower body
parts of a pedestrian may be segmented as different orientations. Meanwhile, in images captured by a car-mounted camera as well as the reality in traffic situations, pixels composing a pedestrian are typically distributed horizontally due to the camera
positioned at the driver’s viewpoint and the pedestrians standing on the same ground
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(a) Input image

(b) Ground truth

(c) Domain-Free method

(d) Domain-Specific method

Figure 5.1: Comparing outputs between (c) the Domain-Free method proposed in
the previous chapter and (d) the Domain-Specific method proposed in this chapter.

level as the vehicle; It is unlikely that two or more pedestrians and with different
orientations are distributed vertically in the image’s spatial dimension.
Predicting a pixel-wise orientation may cause ambiguity as a result of inaccurate
orientation prediction in some parts of the pedestrian’s body. Meanwhile, we can
expect that performing a column-wise prediction on pedestrian orientations will be
more effective to avoid the ambiguity of orientation in one pedestrian body. With this
assumption, it is sufficient to predict one orientation class uniformly for pedestrian
pixels along each column in the input image. This idea becomes a key basis of the
method proposed in this chapter to handle the ambiguity in segmenting the pedestrian
orientations along with the object classes simultaneously. For some applications in
an autonomous driving system, reducing the ambiguities of pedestrian orientation
recognition is very important. Thus, it becomes a major concern in this chapter.
In this chapter, ColAtt-Net is proposed as the Domain-Specific approach model for
the Attribute-Aware Semantic Segmentation task from an in-vehicle camera. The
ColAtt-Net treats all pedestrian pixels in each column to belong to the same orientation class. This model divides the tasks into two parts; The first part is in charge
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of segmenting images into predetermined object categories, while the second part is
aimed at predicting the orientation labels of the segmented pedestrian.
The ColAtt-Net is a Multi-Task Learning (MTL)-based model trained in an end-toend process to perform the two tasks simultaneously in a network. This means, the
two branches of the model that perform the Object Category Segmentation and the
Pedestrian Orientation Prediction tasks are trained together with a combined loss
function. In the end, the two outputs need to be post-processed to be combined.
Figure 5.1 exemplifies that the ColAtt-Net produces a better segmentation as it successfully eliminates the ambiguity in segmenting the pedestrian orientations.
To sum up, contributions carried out in this chapter are as follows:
• The ColAtt-Net, a novel model based on the MTL framework, is proposed as
the Domain-Specific approach by introducing a column-wise pedestrian orientation prediction module to particularly improve the performance of an object’s
attribute (a pedestrian’s orientation) segmentation.
• Some experiments are conducted to optimally train the ColAtt-Net model to
show the performance improvements compared to the method proposed in the
previous chapter both in quantitative metric and in qualitative perspective. The
advancement shown by the ColAtt-Net is quite significant thanks to its ability
to reduce the ambiguity in predicting a pedestrian’s orientation.

The rest of this chapter explains details of the proposed Domain-Specific method,
i.e. ColAtt-Net, in Section 5.2. In Section 5.3, experimental results are shown, and
the advantages of the Domain-Specific method are discussed in Section 5.4. Finally,
Section 5.5 concludes this chapter in correlation with the big view of this thesis.
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• Forward propagation
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• Backward propagation

Trained model

Post-processing:
Pedestrian attribute overwriting

Testing stage

Training stage

5.2. Column-wise Attribute Network: ColAtt-Net

Final output and
performance metrics

Figure 5.2: General steps for building the ColAtt-Net model.

5.2

Column-wise Attribute Network: ColAtt-Net

ColAtt-Net is proposed here as a method of Domain-Specific approach following the
shortage of the previously proposed Domain-Free method in maintaining consistency
of a pedestrian’s orientation. It is a custom model based on the MTL framework
which splits the network’s output into two branches for two purposes: The object
category segmentation and the column-wise prediction of the pedestrian’s attribute
(orientations). Note that in this chapter, using the ColAtt-Net, the Segmentation task
for pedestrian’s orientation is considered the same as the Prediction task because it is
performed for one-dimensional output, i.e. the column-wise orientations of the input
image.
Figure 5.2 shows the general steps for building the proposed ColAtt-Net model. The
two output branches are trained during the training stage to perform these two tasks
simultaneously. Meanwhile, in the testing stage, the network has two steps; The inference step that yields two network’s outputs including the object segmentation and
the column-wise orientation prediction, and the post-processing step which combines
the two inference outputs to yield the final attribute-aware segmentation output. Before going through the main part of the proposed method, a preliminary investigation
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is introduced as one important cue to understand the novelty of the Domain-Specific
method.

5.2.1

Preliminary investigation

Figure 5.3 displays an output of the attribute-aware semantic segmentation by the
Domain-Free method proposed in Chapter 4. From here, pixels with different orientations appear in some parts of a pedestrian. Although only a small part, it still
causes ambiguity in recognizing the pedestrian’s attribute in object-level. Suppose
that the minor pixels with different orientations are incorrectly classified and overwritten with the major orientation label. In addition, since pedestrians in the input
image are assumed to be distributed horizontally, one orientation attribute is sufficient for all pedestrian pixels in each column of the image. Thus, the segmentation
output can be post-processed by re-annotating the pedestrian pixels along each column with the most frequent orientation predicted in the corresponding column. This
mechanism is illustrated in Figure 5.3; The number of ambiguous pixels is significantly reduced.
This phenomenon typically occurs in the outputs of the Attribute-Aware Semantic
Segmentation task, and thus, this post-processing mechanism is applicable for general cases. Table 5.1 shows that applying this simple post-processing method to the
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Figure 5.3: Before and after applying a preliminary post-processing to an output
produced in the Domain-Free method. 19∼22 are the labels for pedestrian orientations, while X is the label for non-person classes (ignored).
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Table 5.1: Performance of pedestrian orientation segmentation with and without the
preliminary post-processing mechanism.

#
1
2
3

Preliminary
post-processing
No
Yes
No
Yes
No
Yes

mIoU4

IoUback

IoUright

IoUfront

IoUleft

45.63
46.71
48.71
49.64
41.01
42.48

43.23
44.70
45.91
46.89
44.19
45.26

50.95
52.60
54.17
55.41
44.53
46.19

44.11
44.59
44.55
45.08
43.93
44.19

44.24
44.96
50.222
51.18
31.37
34.29

validation results yielded by the Domain-Free method is able to improve the performance metrics quantitatively. However, this effort may fail if the correct orientation
does not sufficiently dominate the pedestrian’s body part in the vertical spatial dimension; Adding this simple post-processing may even worsen the results; It depends on
the output of the pixel-wise prediction of pedestrian orientations. Therefore, a model
based on the MTL framework can be developed. The segmentation model needs to
be specifically trained in order to have two simultaneous abilities: Perform semantic
segmentation for object categories and predict the orientation for each pedestrian as
uniformly as possible.
Based on this preliminary investigation, some ideas can be drawn as follows:
• Since the pixels composing a pedestrian are horizontally distributed based on
the characteristic of in-vehicle camera images, applying one orientation class
for one column of the image can be sufficiently effective to reduce ambiguities
in segmenting the pedestrian’s orientation.
• To avoid failures, the tasks of Object Segmentation and Pedestrian Orientation
Prediction need to be performed simultaneously in two separate sub-tasks.
• This encourages the study to develop an MTL-based deep neural network
model for the Attribute-Aware Semantic Segmentation task which is trainable
in an end-to-end process.
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5.2.2

Key assumption

The proposed model named ColAtt-Net stands for ‘Column-wise Attribute-aware
semantic segmentation Network’. It is built to enhance the performance of attributeaware semantic segmentation, especially in reducing the ambiguity of pedestrian
orientation prediction. The proposal of ColAtt-Net is based on the preliminary investigation carried out in Section 5.2.1, resulting in the following assumptions:
• Ambiguity in segmenting the pedestrian’s orientation occurs when two or more
orientations are predicted to pixels composing one pedestrian instance, e.g. the
upper and the lower body parts of a pedestrian have different orientations.
• In traffic scene images captured by an in-vehicle camera positioned at the
driver’s viewpoint, pedestrian pixels are distributed horizontally, making them
separated between instances on the horizontal axis.
• Two or more pedestrians can exist in the same horizontal axis if they step on
different ground levels, which is not common in a traffic scenario. Another
possible case is when some pedestrians have different distances from the camera; In such a condition, the closer pedestrians will appear visually dominating,
and in reality, they will be prioritized for collision prevention.
• The segmentation model only needs to predict one orientation value for each
column of the input image to sufficiently represent the class as well as its
attribute value for all pedestrian pixels in the corresponding column.
• Predicting orientations of the pedestrians might be supported by their position
relatively to other object categories. Spatial information in the input image can
be utilized to predict pedestrian’s orientation in column-wise.

5.2.3

ColAtt-Net’s network architecture

The ColAtt-Net divides the two tasks into Object Category Segmentation and Pedestrian Orientation Prediction. The model is trained in an end-to-end process. As the
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Figure 5.4: Network architecture of the proposed ColAtt-Net.

pedestrian pixels in each vertical axis are sufficiently represented by only one orientation value, the ColAtt-Net puts a branch to predict the pedestrian orientations in
column-wise working in parallel with the branch that segments the object categories
in pixel-level.
The conceptual approach proposed in this chapter is applicable to any base model,
but here, ColAtt-Net uses PSPNet [45] as the base model. An extended version of
PSPNet [83] was previously introduced for the Attribute-Aware Semantic Segmentation task and trained with the CityWalks dataset [68] which contains 23 classes
consisting of 19 object categories (road, building, car, person, etc.) and 4 object’s
attributes (pedestrian orientations, i.e. back, right, front, and left). Here, the ColAttNet is proposed as a modification from the PSPNet basis, having a multi-tasking
capability that improves the extended PSPNet in running the Attribute-Aware Semantic Segmentation task.
Figure 5.4 depicts the network architecture of the proposed ColAtt-Net model. The
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green blocks (the block paths which produce Y1 and A1 from X) represent the same
modules used in the base PSPNet model. It begins with some layers copied from
the ResNet-101 [42], followed by a Pyramid Pooling Module (PPM), and enclosed
with the segmentation output branch to yield the main output Y1 . In addition, the
model has a ‘side’ stream or a so-called auxiliary stream that produces an auxiliary
output. This is basically adopted from the original PSPNet model [45]. The auxiliary
branch is to check the model’s performance using the intermediary features given by
the neural networks. Calculating loss from the auxiliary output helps improve the
extracted image features in the middle of the neural networks, thus accelerating the
learning process. This mechanism will not interfere too much with the learning on
the main stream since the auxiliary loss will be back-propagated to only a few front
layers of the model. The auxiliary branch is extended in the proposed ColAtt-Net to
produce two auxiliary outputs; A1 represents the auxiliary output for the pixel-wise
object segmentation task, while A2 is for the column-wise orientation prediction task.
By relying only on the main loss, a standard performance might be achievable. However, applying the auxiliary loss with an appropriate weight could further increase the
performance of the trained model [45].
The yellow blocks (the block paths which produce Y2 and A2 branching from the
main stream) show main contributions with the proposed ColAtt-Net. It separates
the task of Pedestrian Orientation Prediction from the Object Category Segmentation
task by adding the output branches for the column-wise prediction of pedestrian
orientations; These branches produce Y2 at the main output and A2 at the auxiliary
output. In the segmentation branches that yield Y1 and A1 , the size of the output
channel is set to 19; Each result in a 19 × H × W tensor. Meanwhile, the columnwise prediction branch at the main stream adopts the final and up-sample modules,
inserts a column average pooling module to shrink the size in the vertical axis but still
keeping the spatial information of the tensor, and then adjusts the up-sample module
size to yield Y2 with the shape of 4 × 1 × W. Its channel’s size, i.e. 4, corresponds
to the number of pedestrian orientations. The same modification is applied to the
column-wise prediction branch at the auxiliary stream that produces A2 . A column
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average pooling module is inserted between the adapted auxiliary and up-sample
modules. Note that these auxiliary outputs (A1 and A2 ) are utilized together with the
main output only in the training stage; While in the testing stage, the ColAtt-Net uses
only the main output (Y1 and Y2 ).

5.2.4

Converting the ground truth for the training stage

The CityWalks dataset [68] provides sets of ground truths that contain 23 classes,
including 19 categories of objects (labeled from 0 to 18) and 4 attributes of pedestrian
orientations (labeled from 19 to 22). Here, the original ground truth (G) needs to be
converted separately into a 19-class ground truth for the object segmentation (G0 )
and a 4-class ground truth for the column-wise orientation prediction (G00 ). G is a
two-dimensional matrix with the size of H × W and contains integers ranging from
0 to 22. As the conversion result, G0 has the same size as G but with labels ranging
from 0 to 18 that correspond to the object categories, while G00 is a matrix with the
size of 1 × W and labels ranging from 0 to 3 that correspond to the four pedestrian
orientations.
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Figure 5.5: Finding the orientation targets for ground truth G00 with two options;
All orientation labels are converted from [19∼22] to [0∼3], respectively; X is an
ignored label for all non-person classes. This is executed along all columns.
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First, to obtain G0 , simply all orientation labels in G (19∼22) are overwritten with
the label for the class person, i.e. 11. Secondly, to convert from G to G00 , the method
needs to find one orientation label that represents the target for each column in G.
The chosen orientation is the most frequent label of orientation which is observed
in a window of pixels. If two or more labels become the most frequent orientation,
then one of them is selected randomly; In the case of the CityWalks dataset, the
occurrence of two or more labels becoming the most frequent orientation is very rare
with approximately 0.05% of the total images in training and validation sets. Thus,
the effect of this can be ignored and is considered having no serious impact on the
training process.
In the implementation, there are two choices of method, ‘Option 1’ and ‘Option 2’.
With Option 1, the orientation target is found in every single-column window, whereas
with Option 2, the orientation target is found in every three-column window. Figure 5.5 illustrates this mechanism in more detail. For example, column 5 in G00 with
Option 1 is obtained by finding the most frequent orientation in the window of column 5 of G; Meanwhile, column 5 in G00 with Option 2 is obtained by finding the
most frequent orientation in the window of columns 4∼6 of G.
The process of finding the most frequent orientation label is only for pedestrian orientations classes. If there is not a single orientation label in the window, then the
corresponding column for G00 is assigned with the ignored label (255) and hence
will not be involved in the loss calculation. From these converted ground truths, G0
is used to train the ColAtt-Net’s branch for the object category segmentation task,
while G00 is for the column-wise orientation prediction task.

5.2.5

Calculating the training loss

In the training loop stage, the ColAtt-Net considers both outputs: main and auxiliary;
Each yields two sub-outputs, which are the 19-class object segmentation and the
4-class column-wise attribute prediction. From each branch, the respective loss is
calculated using a standard cross-entropy loss function [91]; L1 is for the object
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segmentation loss and L2 is for the column-wise orientation prediction. Weights of
the loss, β1 and β2 , are applied to multiply each loss, respectively. These weights are
important parameters in the training process to determine how much the portion of
each loss will be counted for the back-propagated loss.
L x = β1 L1x + β2 L2x ,

(5.1)

x ∈ {main, aux}
The two losses for both main and auxiliary outputs are then combined to obtain the
final loss L as formulated in Equation (5.2) and used for the backward propagation;
A constant parameter α is applied for the auxiliary loss to balance these two losses.
L = Lmain + α Laux

(5.2)

The parameter α is set to 0.4 by default since it empirically yielded optimal performance as described in the PSPNet paper [45]. Algorithm 2 shows the algorithm that
elaborates how this loss calculation works. StandardLoss is as defined in Algorithm 1. ColattLoss is the proposed ColAtt-Net’s loss function. Y1 , Y2 , A1 , and A2
are as described in Section 5.2.3. G0 and G00 are as explained in Section 5.2.4.
Algorithm 2: ColAtt-Net’s loss calculation
2

Function StandardLoss(gt, out):
return CrossEntropyLoss(gt, out)

3

Function ColattLoss(Y1 , Y2 , A1 , A2 , G0 , G00 ):

1

4
5
6
7

Lmain
← StandardLoss(Y1 , G0 )
1
0
Laux
1 ← StandardLoss(A1 , G )
main
L2 ← StandardLoss(Y2 , G00 )
00
Laux
2 ← StandardLoss(A2 , G )

10

Lmain ← β1 Lmain
+ β2 Lmain
1
2
aux
aux
L ← β1 L1 + β2 Laux
2
L ← Lmain + α Laux

11

return L, Lmain , Laux

8
9
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Figure 5.6: Post-processing performed by the ColAtt-Net.

5.2.6

Post-processing for the final output

In the testing stage, the ColAtt-Net only considers the main output consisting of Y1
and Y2 , and omits the auxiliary outputs. As previously explained, Y1 represents the
semantic segmentation output that contains 19 classes of object categories of which
one of them (class 11) is person; Meanwhile, Y2 predicts the pedestrian’s orientations
in column-wise. These two outputs are then combined in the post-processing step to
yield the final output of the attribute-aware semantic segmentation. This is realized
by overwriting all pixels classified as class person in Y1 with the orientation class
from the corresponding column in Y2 ; Other classes are not overwritten with any
orientation label. Figure 5.6 illustrates the post-processing mechanism to obtain the
final output Y from the proposed ColAtt-Net.

5.3

Experiment

This section presents the experiments carried out in this chapter with the DomainSpecific approach using the proposed ColAtt-Net.
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Purpose of the experiment

Experiments are conducted by using the proposed ColAtt-Net. The experimental
purposes are defined as follows:

1. Analyze the implementation of ColAtt-Net by observing some influential parameters to obtain the optimal results.
2. Summarize the results and compare with the Domain-Free method proposed
in the previous chapter regarding the main objective of the Domain-Specific
method (ColAtt-Net) which is to reduce the ambiguity in segmenting pedestrian’s orientations.

5.3.2

Experiment setup

5.3.2.1

Parameter setting

All experiments in this chapter generally apply the same setting as previously described in Chapter 4 (Section 4.3.2), including the dataset, image, and training parameters as follows, to ensure that the Domain-Specific method is considered comparable to the Domain-Free method.
• Dataset: CityWalks (training: 2,975 images; testing: 500 images)
• Image size: 512 × 1, 024 pixels
• Window cropping size: 512 × 512 pixels
• Maximum iteration (Imax ): 50,000
• Batch size (b): 4
• Maximum epoch (Emax ): 68
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• Initial learning rate, learning rate decay, weight decay, and momentum: 0.05,
0.9, 0.0001, and 0.9, respectively

For the purposes of evaluation and observation, the optimal parameters related to the
ColAtt-Net are analyzed, including the training option (1 or 2) and the pair values
assigned for β1 and β2 .

5.3.2.2

Performance measurement

Basically, the focus of the method proposed in this chapter is to repair the pedestrian’s orientation segmentation, while maintaining the overall performance on the
Object Segmentation task. To evaluate the resulting model quantitatively, the IoU
metric is used. Meanwhile, comparing the output segmentation is also important in
the experiments to confirm and compare the method performances.
In particular, the observed IoU is more focused on the attribute classes, including the
four pedestrian orientations. A more general assessment is also carried out by including mIoU4 for the average IoU scores of the four orientation classes (attributes),
mIoU19 for the 19 object classes, and mIoU22 for the object plus attribute classes;
To obtain the mIoU22 , the score for the original class of person is omitted, while the
four orientations’ scores are included. All measured scores are shown in percentage
(%).

5.3.3

Results

This section presents the results of the experiments. First, it observes the ColAttNet’s adjustable parameters, including the variable Option as described in Section 5.2.4
and the weights of β1 and β2 as described in Section 5.2.5. It also compares the summarized performances between the Domain-Specific method (ColAtt-Net), and the
Domain-Free method (attribute-aware loss function).
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Table 5.2: ColAtt-Net’s performance trained with either Option 1 or 2.

Option
1
1
2
2
5.3.3.1

b
4
8
4
8

mIoU4
63.43
62.76
64.22
63.43

IoUback
59.95
59.18
60.21
60.41

IoUright
71.01
70.12
70.17
68.26

IoUfront
54.80
54.78
57.08
56.53

IoUleft
67.95
66.95
69.42
68.52

Choosing the training option

First, some experiments are conducted to see which training option, between 1 or 2,
is preferable to train the ColAtt-Net model. The selected Option determines which
method is used in converting the ground truth to train ColAtt-Net; The difference
between Options 1 and 2 can be seen in Figure 5.5. Meanwhile, β1 and β2 are set
with default values, which are 0.9 and 0.1, respectively. Additionally, for each of
these options, the training is run using batch size b of either 4 or 8. Every training
setting is run once with the default Imax of 50,000.
Performances of the trained model is measured with the IoU of each attribute and
the mIoU4 as previously explained. Table 5.2 shows the performance comparison
of the trained models; Bold numbers are the top scores over each column. From
this experiment, we can see that Option 2 generally performs better than Option 1
and thus, Option 2 is selected as the default training option for further experiments.
Further explanation will be discussed in the next section.

5.3.3.2

Adjusting the parameters β1 and β2

Next, an experiment is conducted to choose optimal values for the loss weights;
β1 for L1 (Object Category Segmentation task) and β2 for L2 (Orientations Prediction task). These parameters are assigned with β1 ∈ {0.8, 0.9, 1.0, 1.1, 1.2} and
β2 ∈ {0.1, 0.2}. Since the trend shown in Figure 5.7 indicates that L2 is always lower
than L1 , β2 is set to a smaller value than β1 ; This is to maintain the proportional influences of these losses in training the two output branches of ColAtt-Net according

Loss
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Figure 5.7: Main losses for the two tasks during the training process; Lmain
is
2
main
always below L1 .
Table 5.3: Observing the values assigned to β1 and β2 .

β1
0.8
0.8
0.9
0.9
1.0
1.0
1.1
1.1
1.2
1.2

β2
0.1
0.2
0.1
0.2
0.1
0.2
0.1
0.2
0.1
0.2

Option
2
2
2
2
2
2
2
2
2
2

b
4
4
4
4
4
4
4
4
4
4

mIoU19
69.77
67.28
69.91
68.23
70.27
69.37
71.22
70.19
70.09
69.80

mIoU4
61.72
61.59
64.22
61.01
63.11
61.92
62.57
61.49
61.84
60.11

IoUback
58.63
57.26
60.21
56.73
59.38
58.37
60.35
57.83
59.33
58.29

IoUright
68.17
65.36
70.17
66.51
70.00
67.84
67.69
68.55
67.94
63.63

IoUfront
52.90
54.59
57.08
53.64
54.70
54.23
55.75
54.37
54.20
52.95

IoUleft
67.18
69.16
69.42
67.15
68.34
67.24
66.50
65.21
65.89
65.58

to their respective tasks. The performances are measured to observe how the values
assigned to β1 and β2 affect both branches of the model’s output, including the object semantic segmentation (represented in mIoU19 ) and the column-wise orientation
prediction (represented in mIoU4 and each orientation’s IoU).
Table 5.3 shows the experimental results. One-time training is performed for each
pair of β1 and β2 values with default settings for b and Imax . Two scores for each column in the table are highlighted in bold, showing the top-2 ranks for each performance metric. From the table, we can see that the pair of (0.9, 0.1) for (β1 , β2 ) is
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the best for the column-wise orientation prediction task, while to maintain the object semantic segmentation performance, (1.1, 0.1) deserves the best pair values for
(β1 , β2 ). A further explanation on these results will be discussed in the next section.

5.3.3.3

Summarizing multiple results for method benchmarking

The performances of the Domain-Specific method are then benchmarked with the
performances of the Domain-Free method. Each of the methods with its setting is
trained ten times and then summarized to analyze the consistency of its performance. Three kinds of comparisons are presented in Tables 5.4, 5.5, and 5.6. For
the Domain-Specific method, three combinations for parameters β1 and β2 , including (0.9, 0.1), (1.0, 0.1), and (1.1, 0.1), are chosen based on their achieved mIoU4
and mIoU19 in Table 5.3. Back to Section 5.3.3.2, (0.9, 0.1) and (1.0, 0.1) become
mIoU4 ’s first and second ranks, respectively, while (1.1, 0.1) and (1.0, 0.1) achieve
mIoU19 ’s first and second ranks, respectively.
Especially for the Domain-Free method, the parameters β1 and β2 in Tables 5.4, 5.5,
and 5.6 actually correspond to weight parameters of βo and βa , respectively. They
are set to some pairs of values assigned in the model training based on the previous
outcomes in Chapter 4.
From each method and its corresponding setting, ten records of performance metrics are collected. Among those, first, the standard deviations are calculated as
shown in Table 5.4; On the table’s header, σ22 , σ19 , σ4 , σback , σright , σfront , and σleft
represent the standard deviations for mIoU22 , mIoU19 , mIoU4 , mIoUback , mIoUright ,
mIoUfront , and mIoUleft , respectively. Next, average performances among ten records
of performance metrics are calculated and the results are shown in Table 5.5. Finally, one out of the ten results is selected, representing the best record based on the
achieved mIoU4 . From the obtained ten records of performance metrics, the best one
is chosen by looking at the corresponding mIoU4 score to obtain one best record for
one particular setting. Then, all of the top records collected from each method and
setting are shown in Table 5.6.

108

Chapter 5. Domain-Specific Approach

Table 5.4: Standard deviations in each performance metric from multiple trainings
conducted for the Domain-Specific and the Domain-Free methods; This is particularly to confirm whether the performance of each method in several tries is stable
or not.

Method
Domain-Free
Domain-Free
Domain-Free
Domain-Specific
Domain-Specific
Domain-Specific

β1
0.1
0.5
0.9
0.9
1.0
1.1

β2
0.9
0.5
0.1
0.1
0.1
0.1

σ22
0.56
0.40
0.69
0.60
0.72
0.43

σ19
0.64
0.43
0.37
0.68
0.82
0.50

σ4
0.76
0.95
3.60
0.97
0.96
1.00

σback
1.17
1.71
1.87
0.91
1.43
1.41

σright
1.85
1.82
8.80
1.09
1.98
1.37

σfront
0.68
0.73
2.43
0.00
1.41
1.32

σleft
1.61
1.21
7.86
1.51
1.21
1.83

Table 5.5: Comparison of the average performances between the Domain-Specific
and the Domain-Free methods.
Method
Domain-Free
Domain-Free
Domain-Free
Domain-Specific
Domain-Specific
Domain-Specific

β1
0.1
0.5
0.9
0.9
1.0
1.1

β2
0.9
0.5
0.1
0.1
0.1
0.1

mIoU22
67.56
67.50
65.17
67.03
67.16
67.42

mIoU19
70.69
70.89
70.85
69.77
70.01
70.23

mIoU4
59.94
59.33
44.47
62.18
61.71
62.03

IoUback
56.83
55.29
46.71
59.04
58.47
59.28

IoUright
66.57
66.59
46.19
67.97
68.07
67.85

IoUfront
51.19
51.04
43.74
54.34
53.97
53.83

IoUleft
65.17
64.39
41.23
67.34
66.34
67.16

Table 5.6: Comparison of the top performances, based on the achieved mIoU4 ,
between the Domain-Specific and the Domain-Free methods.
Method
Domain-Free
Domain-Free
Domain-Free
Domain-Specific
Domain-Specific
Domain-Specific

β1
0.1
0.5
0.9
0.9
1.0
1.1

β2
0.9
0.5
0.1
0.1
0.1
0.1

mIoU22
66.90
67.93
65.55
67.48
67.59
67.61

mIoU19
69.84
71.21
70.43
69.91
70.27
70.13

mIoU4
61.01
60.77
49.19
64.22
63.11
64.10

IoUback
58.21
57.64
46.77
60.21
59.38
61.27

IoUright
67.63
67.92
55.45
70.17
70.00
70.18

IoUfront
51.08
51.89
45.13
57.08
54.70
55.34

IoUleft
67.11
65.65
49.39
69.42
68.34
69.62
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In Table 5.4, standard deviations of more than 1.5 are highlighted in bold. The lower
the standard deviation, the stabler the method’s performance; The results shown in
Tables 5.5 and 5.6 are considered more reliable, and vice versa. Especially in the
Domain-Free method with (βo , βa ) set to (0.9, 0.1), the performance on pedestrian
orientation segmentation looks unstable due to the high values in its σ4 , σback , σright ,
σfront , and σleft . Nevertheless, for more generalized metrics, i.e. mIoU22 and mIoU19 ,
both methods are quite stable in yielding their performances, shown by σ22 and σ19
for all rows.
In Tables 5.5 and 5.6, one score in each column is highlighted in bold to show which
method gains the first rank for the corresponding performance metric. We can see
that the Domain-Specific method’s performance is slightly below that of the DomainFree method in segmenting the object categories as shown in mIoU22 and mIoU19
metrics. Other than that, the Domain-Specific method manages to excel far enough
from the Domain-Free method in terms of the mIoU4 and the IoU of every orientation
class.
Some validation results are also investigated in a qualitative view to find several
common cases that confirm the advantages of the Domain-Specific method over the
Domain-Free method, which will be discussed later in the next section.

5.4

Discussion

This section discusses more details about the experimental results presented in the
previous section. Not only the comparisons of results between methods, but also a
discussion on the training parameter used during the experiment as well as the characteristics that can be recognized from the newly proposed ColAtt-Net is provided
here.
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Evaluating the performances

To obtain valid comparisons and hence satisfy the experimental goals, the methods’
performances are evaluated both quantitatively and qualitatively.

5.4.1.1

Quantitative evaluation

In the first experiment, the variable Option in training the ColAtt-Net model is observed, as shown in Figure 5.5. The focus of this observation is on the model’s
branch for the column-wise orientation prediction. Table 5.2 indicates that applying
Option 2 generally yields better results compared to Option 1 in terms of giving an
accurate prediction of the pedestrian orientations. It is shown by mIoU4 and most
of the orientation classes’ IoU’s. From this experiment, we realize that when the
model is in the training process, especially to predict the orientation of a pedestrian
in column-level, Option 1 acts stricter as it focuses to find the target from exactly one
column. Meanwhile, Option 2 gives more relaxation as it also considers its neighboring columns. It means that Option 2 has more spatial awareness, thus, it performs
better and is preferable compared to Option 1.
In the next experiment, the results in Table 5.3 show that there is a trade-off between
β1 and β2 in affecting the performances of two output branches. For β1 , there are
conditions when mIoU19 increases but mIoU4 decreases, and vise versa. Whereas
for β2 , we can see that assigning it with 0.1 performs better for both mIoU19 and
mIoU4 compared to 0.2. Moreover, we can see that the pair of (1.0, 0.1) is considered
optimal for (β1 , β2 ) based on mIoU19 and mIoU4 metrics in this experiment.
Some comparisons are also quantitatively shown between the Domain-Specific and
the Domain-Free methods. First, in terms of the performance stability, Table 5.4
indicates that the Domain-Specific method is generally stabler than the DomainFree method; In a certain (βo , βa ) setting, the Domain-Free method looks unstable,
especially in handling the Pedestrian Attribute Recognition task. However, in terms
of mIoU22 and mIoU4 , the performance of both methods is equally stable.
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Next, Tables 5.5 and 5.6 show the accuracy comparisons achieved by both DomainSpecific and Domain-Free methods. The concentration of the proposed ColAtt-Net
model is divided into two sub-tasks as mentioned in Section 5.2. The DomainSpecific method’s performance is slightly below that of the Domain-Free method in
the Object Segmentation task, indicated by mIoU22 and mIoU19 which both involve
accuracies for the 19 object categories. In contrast, the Domain-Specific method
outperforms the Domain-Free method in the orientation prediction task thanks to the
additional branch for predicting the pedestrian orientations in column-wise.
The Domain-Specific method assigns an orientation label to every pixel of person,
whether the pixel is correctly or incorrectly labeled as so. Nevertheless, the small
differences in mIoU22 and mIoU19 indicate that the Domain-Specific method struggles to maintain its performance in the Object Segmentation task while increasing its
accuracy in the Orientation Prediction task as indicated by mIoU4 and each orientation’s IoU. This generally shows that the Domain-Specific method is able to improve
the performance in predicting the pedestrian orientations, which means eliminating
the ambiguity, without affecting the Object Category Segmentation task too much.

5.4.1.2

Qualitative evaluation

Furthermore, qualitative results are investigated to confirm the advantages of the
Domain-Specific method over the Domain-Free method in some typical cases, as
shown in Figure 5.8. In the figure, row 1 shows the cases of a single pedestrian facing
right and left, where the Domain-Free method outputs ambiguous orientations, while
the Domain-Specific method successfully segments all the pedestrian pixels with a
correct orientation. Row 2 exemplifies a common case where pedestrians cross the
road in front of the in-vehicle camera viewpoint. In this condition, there is ambiguity
in the Domain-Free method’s output as it shows the legs of pedestrians classified in
the wrong orientation.
On the other hand, the Domain-Specific method can handle these conditions well
to correctly segment between pedestrians crossing to the left and to the right. The

112

Chapter 5. Domain-Specific Approach
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Figure 5.8: Qualitative results and comparisons between the Domain-Free and the
Domain-Specific methods.
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third typical case represented in rows 3 and 4 is a group of pedestrians walking on
a sidewalk in the same direction. We can see that the Domain-Free method failed to
label all pedestrians correctly; This might be due to different looks and leg positions.
Meanwhile, the Domain-Specific method had no ambiguity and managed to label all
pedestrians in the correct direction thanks to its ability in examining the neighboring
pedestrian pixels.
Besides, there is a case in row 5 where a group of pedestrians with three different
orientations are not properly segmented by both methods. It is still difficult for the
Domain-Specific method to handle crowds of pedestrians facing various orientations.
Nevertheless, it is at least slightly better than the Domain-Free method at separating
the pedestrians’ orientations in object-level.
All of the abovementioned examples show that, in fact, the two methods are good
at segmenting pedestrian objects, but the Domain-Specific method outperforms the
Domain-Free method in segmenting the pedestrian orientations. Additionally, row 6
shows a case where both methods incorrectly segmented a rider into a pedestrian. In
a situation that a cyclist is mixed with pedestrians, both methods get confused and
hence are difficult to yield an accurate segmentation.

5.4.2

Observing the initial learning rate

An additional experiment tries to enhance ColAtt-Net by optimizing one of its training parameters, which is the initial learning rate (µ). Here, this value is adjusted to
0.025, 0.01, 0.0025, and 0.001; For each of these values, a training process is executed once. The top result from the default µ of 0.005 and (β1 , β2 ) = (0.9, 0.1) as
shown in Table 5.6 is selected for comparison. From Table 5.7, we can see that µ of
0.01 improves ColAtt-Net in terms of mIoU22 and mIoU19 , but still cannot surpass
the default µ in terms of mIoU4 and all orientations’ IoU. From this experiment, it
seems quite difficult to find a certain value for µ that increases the performance of
ColAtt-Net in all aspects. The µ of 0.005 is still considered a reasonable setting,
particularly for the orientation classes.
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Table 5.7: Observing the values assigned to the initial learning rate (µ) in training
the ColAtt-Net model.

µ
0.025
0.01
0.005
0.0025
0.001

mIoU22
65.01
68.25
67.48
67.13
65.68

mIoU19
67.62
71.02
69.91
70.26
68.80

mIoU4
61.96
62.86
64.22
60.91
58.84

IoUback
56.71
59.35
60.21
55.83
54.71

IoUright
68.55
70.09
70.17
66.29
66.26

IoUfront
54.01
54.27
57.08
54.00
50.77

IoUleft
68.58
67.72
69.42
67.51
63.63

Nevertheless, the overall results in the experiments and observations show that ColAttNet can improve the performance of the Attribute-Aware Semantic Segmentation
task. It implies that ColAtt-Net successfully reduces the inaccuracy in segmenting
the pedestrian orientations while still maintaining the accuracy in segmenting the object categories. By applying ColAtt-Net to the applications related to an autonomous
driving system, the reluctance to recognize pedestrian attributes can be drastically
diminished. This is certainly important for a computer vision technique embedded
in such a system so that it can accurately understand the traffic situation, especially
the pedestrian movement, and thereby improve anticipation and prevention of the
potential risks.

5.4.3

Computation cost

As discussed in Chapter 4, the computational cost required to run the training or testing process is very important. This is related to the capacity of the device used and
the feasibility of applying the Domain-Specific method in real-time. With the same
device specifications and the same setting of image data as described in Section 4.4.4,
Table 5.8 shows the computational cost comparison between the Domain-Free and
the Domain-Specific methods.
For the training phase, we can see that there is no noticeable difference in the computation time between the two compared methods. As previously described, the
Domain-Specific method via ColAtt-Net uses a custom model with some additional
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Table 5.8: Comparison of the computation costs between the Domain-Free and the
Domain-Specific methods.
Method
Domain-Free (PSPNet-based)
Domain-Specific (ColAtt-Net)

Training’s GPU usage
[GB]
∼10
∼12

Training speed
[epochs/day]
∼33
∼33

Testing speed
[fps]
2.62
2.02

convolutional layers. However, it turns out that these additions do not really have
an impact on the complexity of the algorithm in the training phase because only a
number of additional layers are placed at the end of the network architecture.
However, a quite noticeable difference between the two compared methods is in
terms of space consuming required for training the model. In Table 5.8, we can see
that there is a gap of about 2 GB between the Domain-Specific and the Domain-Free
methods in GPU usage. Having two additional branches on ColAtt-Net requires
more space to store the values for the trainable parameters. Nevertheless, GPU with
a memory capacity of more than 12 GB is commonly available on the market nowadays, so it is not difficult to implement the Domain-Specific method.
In the testing phase, there is only forward propagation or no repeated computations
in the network. As a result, in Table 5.8, we can see that there is a difference of
around 0.62 frames per second (fps) in the processing speed between the two methods; the Domain-Specific method is slightly slower than the Domain-Free method.
This might be due to two reasons: (1) The ColAtt-Net architecture is more complex
as some layers are added for the column-wise pedestrian orientation prediction; and
(2) The post-processing step that combines the two outputs yielded by the ColAttNet prolongs the processing time. However, the difference in the testing speed is not
too significant because the additional workload on ColAtt-Net is not too complex,
so that the Domain-Specific method is still considered to be competitive with the
Domain-Free method.
From this, it is clear that there is a difference in the computational cost between the
two compared methods because the number of network parameters increases due to
ColAtt-Net’s additional layers proposed by the Domain-Specific method compared
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to the model trained by the Domain-Free method. However, if the space resource
provided by the computing device is sufficient, it will not necessarily affect the computation time seriously.

5.4.4

Comparing the two proposed methods

Above all that has been previously discussed, both the Domain-Free and the DomainSpecific methods are proposed in this thesis as a solution to the task of AttributeAware Semantic Segmentation. In addition to answering the challenges of Research
topic 3 in this thesis, the Domain-Specific method designed the ColAtt-Net model
architecture to overcome the ambiguity problem encountered by the Domain-Free
method. Although the Domain-Specific method in general has advantages over the
Domain-Free method, both have their respective advantages and disadvantages.
Compared to its competitors, the Domain-Specific method is better at predicting the
attributes of pedestrian instances in object-level; Thus, it is more accurate in segmenting pedestrians’ orientations. This is very important to reduce the ambiguity in
the Attribute-Aware Semantic Segmentation task regarding ITS applications. With
the Domain-Specific method, it takes not much different time to train ColAtt-Net,
compared to the Domain-Free method, although it costs slightly more at the inference stage. This method is also more flexible in implementing the loss functions
used during the training phase.
On the other hand, the Domain-Free method, which was previously proposed in
Chapter 4, is easier and more flexible to apply to various baseline methods and data
domains compared to its competitors. Based on the experimental results, this method
is also more accurate in running semantic segmentation for all object categories in
general, although it is less stable and less accurate in segmenting the pedestrian’s
attribute in object-level attributes. In addition, the Domain-Free method requires
fewer resources than its competitors, both in terms of time and space consumption.
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However, it is still possible for the two proposed methods to be optimized by conducting further observations of the parameters and variables that may affect their
performances.

5.4.5

Characteristics and limitations

In particular, ColAtt-Net as the Domain-Specific method showed the following characteristics.

1. It is highly accurate in segmenting pedestrians and their directions which are
not obstructed by other pedestrians nearby.
2. It is highly accurate for a group of pedestrians with the same orientation, but
might be less accurate if the pedestrians have different directions.
3. It is less accurate in distinguishing pedestrians and cyclists when they are congregating or close to each other; In fact, they are the same object of human,
but differ in their activities.
4. It is easier to segment pedestrians and their orientations because of the columnwise orientation prediction performed by the ColAtt-Net and the pedestrians
which are horizontally distributed.

Figure 5.9: Future consideration of using the same model as ColAtt-Net.
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The limitation identified regarding the proposed Domain-Specific method is that it is
specific to the domain of images captured from an in-vehicle camera, positioned in
a fixed place to capture the scene from a certain viewpoint. Therefore, it is not sufficient to expand the method to other data domains such as images from a surveillance
camera or an in-aerial-device camera. However, in the same domain of in-vehicle
camera, there might be other objects that appear to be horizontally distributed, such
as traffic poles or traffic signs as illustrated in Figure 5.9; This can be an insight for
further development of ColAtt-Net in different purposes and applications.

5.5

Summary

This chapter has provided a solution for Research topic 3, which corresponds to the
improvement of the performance of attribute-aware semantic segmentation by utilizing specific characteristics on the data domain collected from an in-vehicle camera.
This completes the solutions to the particular problems mentioned in Chapter 1.
The limitations in the Attribute-Aware Semantic Segmentation task for traffic scene
understanding that occurred in Chapter 4, have been conveyed in this chapter. Related to this, a novel model called ColAtt-Net, as a Domain-Specific approach, was
proposed to overcome the ambiguity in segmenting pedestrian orientations with the
input images captured by an in-vehicle camera. ColAtt-Net is a deep neural network
model based on the MTL framework that simultaneously performs two tasks including the Object Category Segmentation and the Column-wise Orientations Prediction
tasks.
Several experiments were performed to observe the optimal parameters for training
ColAtt-Net. The Domain-Specific method was demonstrated to be effective to reduce
the ambiguity in segmenting the pedestrian orientations in object-level, which is very
important when applying to an autonomous driving system.

Chapter 6
Conclusion
This chapter concludes this thesis by summarizing the discussions in the previous
chapters. This connects the research objectives mentioned in Chapter 1 and Chapters 3, 4, and 5, respectively, then briefly summarizes solutions and answers correspondingly to each research topic. In addition, further ideas are also described as
clues for research development when the Attribute-Aware Semantic Segmentation
task is solved in the future.

6.1

Research summary

In general, this thesis aimed to introduce a new technique in the fields of Computer
Vision and Machine Learning, namely attribute-aware semantic segmentation, given
the input of images from an in-vehicle camera, which is useful for traffic scene understanding in ITS applications. The development of methods for the new task takes
into account several aspects that are stated as problems in this study.
The research problems have been explained along with the objectives to be achieved
through this thesis in the first chapter. Each of the research topics has been discussed
in detail in the following chapters as follows.
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1. The first problem corresponding to Research topic 1 concerned the lack of a
sufficient dataset for the newly introduced Attribute-Aware Semantic Segmentation task. This has been discussed and solved in Chapter 3 that introduced
a new dataset named the CityWalks as an extension on top of the popular
Cityscapes dataset. The proposed dataset contains 23 labels including 19 objects and 4 attributes corresponding to the four pedestrian’s body orientations.
Process in the dataset construction to yield a high quality pixel-wise annotations on pedestrian orientations has been presented, along with the resulting
ground truths and the dataset statistics.
2. The second problem corresponding to Research topic 2 focused on a general
approach in developing a model capable of performing Semantic Segmentation and Attribute Recognition tasks simultaneously without necessarily modifying the existing semantic segmentation models. Chapter 4 has discussed and
solved this problem by a Domain-Free approach using an attribute-aware loss
function. Experiments with various settings showed that the proposed method
is applicable to an arbitrary base model without any modification required and
capable of improving the performance of the baseline methods.
3. The third problem corresponding to Research topic 3 focused on the improvement of the performance in the Attribute-Aware Semantic Segmentation task,
especially with pedestrian and its body orientations as the targeted class and
attribute. This problem has been discussed and solved in Chapter 5 by a
Domain-Specific approach that introduces a novel ColAtt-Net model. Several
experiments to observe the optimal parameters in training the ColAtt-Net were
provided. The experimental results showed that the new model is effective in
reducing the ambiguity of pedestrian orientation segmentation in object level,
thanks to the network architecture that splits the two tasks between pixel-wise
Object Segmentation and column-wise Orientation Prediction.

6.2. Future work
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Furthermore, with the two methods presented in this thesis, including the DomainFree and the Domain-Specific methods, performing attribute-aware semantic segmentation has been proven to improve the performance of the conventional semantic segmentation model, in addition to adding important information to the yielded
segmentation, i.e. pedestrian orientation, that is useful for an autonomous driving
system.
Both methods showed their advantages and disadvantages. The proposed DomainFree method with its attribute-aware loss function can be applied very easily and
cheaply to train an arbitrary base model without any modification, so that the conventional semantic segmentation model is upgraded to perform the Attribute-Aware
Semantic Segmentation task. However, this generally applicable method has a few
shortcomings in maintaining its consistency when segmenting pedestrian attributes,
and hence might yield ambiguity of pedestrian’s orientation in object-level.
Meanwhile, the proposed Domain-Specific method with its ColAtt-Net is limitedly
intended for attribute-aware semantic segmentation which targets pedestrian’s body
orientation in the domain of in-vehicle camera image. Nevertheless, this method is
proven to be able to effectively and efficiently increase the accuracy of the pedestrian
attribute recognition significantly. Therefore, the Domain-Specific method successfully reduces the ambiguity of pedestrian’s orientation in the object-level segmentation, while maintains the overall performance of the Attribute-Aware Semantic Segmentation task.

6.2

Future work

With the introduction of the Attribute-Aware Semantic Segmentation task, in the future, researchers will consider not only to perform semantic segmentation to discover
what the objects captured in the image are, but also to better understand the states of
the segmented objects. In fact, it is not sufficient to differentiate between one instance
and another of the same class; To understand the segmented objects, it is necessary to
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also recognize the attributes that describe these objects. This will be very interesting
because researchers and the communities of Computer Vision and Machine Learning fields are very active in developing latest algorithms and techniques to promptly
answer real-world challenges.
The research related to the Attribute-Aware Semantic Segmentation task is still relatively new in the fields of Computer Vision and Machine Learning. Therefore, there
is still a large room available to answer questions and problems related to the topic.
Some of them include the following points.
• How to optimize unobserved training parameters for the methods.
• How to develop cases involving other objects and other types of attributes.
• How to extend the models to be more accurate and reliable for real-time usage.
• How to expand the method to be applicable in domain adaptation problems.
• How to build a system that integrates attribute-aware semantic segmentation
for objects with multiple attributes, and not only for the ITS field, but for other
fields outside of it.

Furthermore, when the Attribute-Aware Semantic Segmentation task is completely
solved in the future and reliable to be implemented in real-time applications, technologies that utilize machine learning and computer vision will be more advanced.
One of the example, the realization of a driverless intelligent vehicle will be greatly
helped because its ability to perceive the environment surrounding the vehicle improves, so that the decision making will be much better and safer. Nevertheless, the
usage is not limited to cars or vehicles in general; It will be much more beneficial
for people with certain limitations, for example people with disabilities, who need
devices to help themselves move around in public spaces. A smart device equipped
with an attribute-aware semantic segmentation capability can not only detect or recognize, but also more comprehensively understand the states of surrounding objects.

6.3. Closing remarks

6.3
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It has come to the very end of this thesis. The following are general findings that can
be conveyed based on the empirical studies that has been presented in the previous
chapters. A new task of Attribute-Aware Semantic Segmentation has been introduced in this thesis. Various experiments were conducted to realize it and show its
advantages over the conventional Semantic Segmentation task. The lack of sufficient
dataset for the Attribute-Aware Semantic Segmentation task has been solved by the
proposed CityWalks dataset. Then, a Domain-Free approach has been developed
using the proposed attribute-aware loss function to train an arbitrary base model to
be capable of performing the Semantic Segmentation and the Pedestrian Attribute
Recognition tasks simultaneously. Finally, the problem of ambiguity in segmenting
pedestrian orientations has been successfully solved by a Domain-Specific approach
with the proposed ColAtt-Net model, according to the input domain of images captured by an in-vehicle camera.
Human intelligence and vision cannot be replaced by any technology in this world.
However, there are times when humans have limitations and obstacles that make this
technology exist as an aid or just a guide for humans. In the future, technology that
utilizes attribute-aware semantic segmentation technique will be of great benefit to
those who need it. This thesis has answered a part of the ultimate problems that may
exist when solving the Attribute-Aware Semantic Segmentation task. Since the topic
is just initially introduced, there will be several ideas for further development as well
as other challenges as previously explained.
The studies that have been presented in this thesis are developed based on the recently trending research by introducing new ideas to increase the usefulness, as well
as becoming the starting point for developing related research in the future. Outcomes of this thesis answer parts of the ultimate goals that have been expressed at
the beginning of this thesis. As a wise word saying that the best people are the ones
providing the most benefits, this thesis is also expected to be able to contribute its
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benefits to the advancement of science and knowledge in the fields of Computer Vision and Machine Learning. Constructive criticism and suggestions are welcomed to
develop better ideas and research in the future.
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