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ABSTRACT

Hand-Over-Face Segmentation

Sakher Ghanem, Ph.D.

The University of Texas at Arlington, 2020

Supervising Professor: Vassilis Athitsos

Accurate hand segmentation is vital in many applications in which the hands
play a central role, such as sign language recognition, action recognition, and gesture
recognition. A relatively unexplored obstacle to correct hand segmentation is when
the hand overlaps the face. The shortage of a dataset for this research area has been
one motivation for this work. However, this dissertation investigates and proposes
improvements for the hand-over-face segmentation task.

Toward an in-depth study of the hand segmentation problem, the work pre-
sented in this dissertation will yield several contributions. First, it introduces a
survey on sign language recognition systems using mobile phones, which shows a
recent practical example of the need for the hand segmentation dataset and com-
prehensive research work. Second, following the context of this work, a literature
review that covers and summarizes all available hand segmentation datasets will be
presented. Besides, I provide a public dataset (VLM-HandOverFace) for hand seg-
mentation task. This newly constructed dataset contains 4384 labeled frames and
includes color, depth, infrared streams recorded by Kinect. The performance of the

VLM-HandOverFace dataset is evaluated using several state-of-the-art architectures.
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Furthermore, this dissertation proposes the Multi-level Pyramid Scene Parsing Net-
work (MPSP-Net) for semantic segmentation. I also provide a thorough discussion
and evaluations of the new modeled-solution about the unique characteristics that
demonstrate its applicability for the hand-over-face segmentation challenge.

Several experiments were conducted to examine MPSPNet using two object
segmentation datasets and two hand segmentation datasets. The results show that
the proposed method achieves at least a 6% improvement in mIOU compared with
all state-of-the-art methods. Finally, various experiments conducted to measure the

impact of including temporal motion information on MPSPNet.
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CHAPTER 1
INTRODUCTION

Computer vision has shown an increasingly significant role while assisting com-
puters in extracting and analyzing various pieces of information from images. One
of the challenging problems in computer vision is hand segmentation. An additional,
yet relatively unexplored, challenge is when hands overlap the face. Hand segmenta-
tion is a crucial part of many computer vision applications such as human-computer
interaction, gesture recognition, activity recognition, and sign language recognition.
In practice, accurate hand segmentation encounters many challenges due to the high
variation of lighting, skin colors, and complex backgrounds.

Sign language recognition is a hot topic in computer vision that still desires
plenty of effort. Generally, there are two approaches employed in this field. First,
is by using gloves sensors, which is costly and not favored by users. Second, is a
vision-based technique that utilizes a camera as an input. Nowadays, a camera is
embedded with almost all electronic devices, making it a useful sensor in several ar-
eas. In the vision-based approach, there are two main steps to complete the task
of gesture recognition: (1) hand detection, and (2) classification of hand shape and
motion. Therefore, the hand(s) is the dominant element in any such model. Accord-
ing to the American Sign language Dictionary [1], there are numerous signs where
hand(s) overlap with the face. The availability of smartphones, which equipped with
a high-resolution camera and multi-processor CPU, encouraged many researchers to

benefit from mobility advantage [2]. Therefore, a designated chapter of this disser-



tation contributed a survey covering the sign-language recognition-system that uses
smartphones.

Research on computer vision topics benefits from the invention of challenging
public datasets. Those datasets can be used to benchmark existing methods and
to highlight lacks of enhanced performance. Two factors are essential to consider
in any hand segmentation dataset: pixel-wise ground truth labels, and the quantity
of annotated frames. There are several hand segmentation datasets for egocentric
purposes, but it is limited for hand-over-face segmentation. This dissertation ad-
dresses and compares all known public hand datasets. Also, it describes the new
constructed dataset that fulfills the emerge of shortage. The new dataset, which
called VLM-HandOverFace [3], contains more than 4000 labeled images, and it is
publicly available for academic purposes.

The process of identifying each pixel in an image belongs to which class is called
semantic segmentation. In this dissertation, I draw more attention to the hand-over-
face segmentation problem. Generally, two methods are adopted with the semantic
segmentation problem: (1) probabilistic approach, and (2) deep learning technique.
In recent years, Convolutional Neural Networks (CNN) archived promising results
in segmentation task. However, even though there are several hand(s) segmentation
attempts for egocentric application, fewer works are published for hand-over-face
segmentation. Therefore, several semantic segmentation state-of-the-art networks
are tested on the new VLM-HandOverFace dataset. And Multi-level Pyramid Scene
Parsing Network (MPSPNet) [4] is introduced to handle hand segmentation challenge.
The size cascading configuration of the network, as well as the pyramid scene parsing
processing, make it a unique design to enhance the segmentation results.

Since VLM-HandOverFace come up with the video files for advanced research,

it is relevant to measure the impact of adding temporal data to the MPSP-Net. Two
2



types of trails are investigated: (1) using optical flow, and (2) adding previous/next

RGB frames. (more information in chapter 5).

1.1 Dissertation Contributions

The focus in this dissertation is on hand-over-face segmentation problem. The

work presented in the following chapters will make the following contributions:

1.

2.

Reviewing all existing models for sign language recognition using smartphones.
Surveying all available hand segmentation datasets and explore the advantages
and disadvantages of each one.

Enriching the field with a challenging public dataset (VLM-HandOverFace) to
address the lack of having appropriate hand-over-face dataset.

Introducing the Multi-level Pyramid Scene Parsing Network (MPSP-Net) for
semantic segmentation.

Demonstrating the unique properties that make (MPSP-Net) suitable for hand-

over-face segmentation challenge.

. Applying MPSPNet on temporal video information from the VLM-HandOverFace

dataset and measuring its impact on the segmentation result.

1.2 Dissertation Organization

Chapter 2, aims to cover the most recent techniques in mobile-based sign lan-

guage recognition systems. It shows a survey on sign language recognition using

smartphones. The literature review primary focus is on two main aspects of sign

language recognition: feature detection and sign classification algorithms.

In Chapter 3, a survey on hand segmentation datasets is demonstrated. Then, a

challenging public dataset for the hand-over-face segmentation problem is presented.



The new dataset contains 4384 annotated frames and includes color, depth, and
infrared streams recorded by Kinect.

The Multi-level Pyramid Scene Parsing Network (MPSPNet) for semantic seg-
mentation is proposed in Chapter 4. An evaluation of MPSPNet is performed on
two object segmentation datasets (NYUDv2, PASCAL VOC) and two recently pub-
lished and challenging datasets focusing on scenarios in which the hands overlap the
face, VLM-HandOverFace and HOF. Additionally, a comparison between the new
method and several state-of-the-art hand segmentation methods such as RefineNet
and PSPNet is presented.

Finally, in chapter 5, I examine the impact of adding motion information from

the VLM-HandOverFace dataset to MPSPNet.

1.3 Published Papers
As a result of my research, some articles were published during my Ph.D. study.
The following are the published papers:
e S. Ghanem, C. Conly, and V. Athitsos, “A survey on sign language recognition

)

using smartphones,” in Proceedings of the 10th ACM International Conference
on PErvasive Technologies Related to Assistive Environments (PETRA). ACM,
2017, pp. 171-176.

e S. Ghanem, A. Imran, and V. Athitsos, “Analysis of hand segmentation on
challenging hand-over-face scenario,” in Proceedings of the 12th ACM Interna-
tional Conference on PErvasive Technologies Related to Assistive Environments
(PETRA). ACM, 2019, pp. 236-242.

e S. Ghanem, A. Dillhoff, A. Imran, and V. Athitsos, “Hand over face segmenta-

tion using MPSPNet,” in Proceedings of the 13th ACM International Confer-



ence on PErvasive Technologies Related to Assistive Environments (PETRA).

ACM, 2020, pp. 257-264.



CHAPTER 2
A Survey on Sign Language Recognition Using Smartphones

2.1 Introduction

According to a report from Gallaudet University, which is a prominent educa-
tional institution that serves people who are deaf or are hard of hearing, there are
approximately 38 million deaf individuals in the United States [5]. Many of those in-
dividuals use a sign language, typically American Sign Language (ASL), as a primary
or secondary form of communication. Sign languages (SLs) are necessarily visual
in nature. For sign language users, communicating with hearing people can be a
challenge. Similarly, important information technology and social connectivity tools
are not available to sign language users, unless the users are willing to access such
tools using a spoken and written language, such as English, with which they may not
be comfortable. Technological innovations in automated sign recognition have the
potential to help sign language users overcome such obstacles, by facilitating both
communication with hearing people, and human-computer interaction.

Mobile computing has entered a new era where mobile phones are powerful
enough to be used in such advanced applications as gesture and sign language recog-
nition. Many of the newly designed smartphones are equipped with multi-core pro-
cessors, a high-quality GPU, and a high-resolution camera that can reach 12MP and
more. These high-tech features allow the devices to execute computationally intensive
tasks in less amount of time. In the last decade, many applications of computer vision

have been limited to desktops, and now with the availability of advanced processor-



equipped smartphones, computer vision is primed to experience a transformation to
provide new experiences via mobile devices.

Research has shown that ASL has four basic manual components: finger con-
figuration of the hands, movement of the hands, orientation of the hands and the
location of the hands with respect to the body [1]. Any automated sign recognition
system needs two main procedures: the detection of the features and the classifica-
tion of the input data. With mobile phones, the detection process can be affected
by the movement of the phone, which causes extraneous motion around the signer.
Some techniques use a sensor-based technology which tracks the gestures via hand
movement using embedded sensors. Other techniques utilize vision-based approaches
to process images of the captured gesture. Also, several researchers suggest using a
client-server architecture to speed up processing time.

This literature review covers existing sign language recognition systems designed
to run on smartphones. The lack of a clear overview in this area is the primary
motivation to present this work. This survey presents several existing methods and
groups them in different categories. The methods are discussed with a focus on the
feature detection and classification algorithms.

The rest of the paper is organized as follows. Section 2.2 discusses the datasets
used in this area. Section 2.3 describes existing approaches for sign language recogni-
tion in portable devices, including sensor-based and vision-based approaches. Finally,
conclusions and possible future directions of the technology are discussed in Section

24.

2.2 Sign Datasets

In general, there are two types of signs: dynamic and static. Dynamic signs

exhibit motion, whereas static signs are characterized by a specific static posture. We
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Figure 2.1: ASL signs representing numbers 0-9 and letters of the English alphabet.

did not find any dataset that was designed exclusively for sign language application
in portable devices. Some researchers use a static set of gestures, capturing signs for
letters of the English alphabet and numbers 0-9, e.g., [6]. Figure 2.1 depicts Amer-
ican Sign Language signs representing numbers and letters. In many implemented
methods, a customized dynamic dataset is utilized, e.g., [7]. It is difficult to handle
the available datasets that were designed for personal computers due to the limited

storage capacity of mobile phones.
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Figure 2.2: Basic System Architecture.

2.3 Sign Language Recognition Using Smartphones

In sign language recognition, the motion and posture of the human hand can
observed via different approaches. In the sensor-based approach, the movement of
the hand is tracked via sensors attached to wireless gloves or sensors embedded in
smartphones, and appropriate techniques are used to process the responses from the
sensors. In the vision-based approach, the gestures are observed via a mobile camera,
and multiple processing steps are applied to recognize the signs that appear in the
video stream.

Any sign recognition system contains three major steps; see Figure 2.2 for an
overview. First, the input data is acquired, for example via the phone camera or from
some sensor. The next step is to extract the features from the input data. Finally,
the sign is classified using some appropriate algorithm that is compatible with the
extracted features. For each method we examine, we take a close look in how that

method approaches the problems of feature extraction and recognition/classification.



Table 2.1: A Comparison of Available Sensors Based Systems

System Sensors Classification Method | Gesture Type | Processing | Voc. Size | Dependency
Kau 2015 [7] Gloves Template Matching Dynamic Local 5 user-independent
Preetham 2013 (8] Gloves Minimum Meal} Square Static Local - -
Error Algorithm
Seymour 2015 [6] Gloves SVM Static Local 31 user-independent
Choe 2010 [9] Phone Irn‘r,ernal DTW Dynamic Local 20 user-independent
Sensors
Phone Internal . .
Gupta 2016 [10] DTW Dynamic Local 6 user-independent
Sensors ’
Joselli 2009 [11] Phone Internal HI\VIMHOIW&Fd Dynamic Local 10 user-independent
Sensors -backward algorithm
Niezen 2008 [12] Phone Internal DTW Dynamic Local 8 user-independent
Sensors
Wang 2012 [13] Phoéljnlszzzmal own statistical method Dynamic Local 21 user-dependent

2.3.1 Sensor-Based Approach

The usage of sensors simplifies the detection process and makes it faster. At
the same time, sensor-based systems can be expensive and cumbersome to use, and
these factors discourage adoption by a large number of users. Table 2.1 demonstrates
a comparison between existing sensor-based models that use the phone as a platform.
Sensor-based approaches can be broadly categorized based on whether they use ex-
ternal sensors, such as gloves, or internal sensors built into the smartphone. The

following two subsections discuss these two categories.

2.3.1.1 Using Gloves

Glove-based approaches have been implemented using sensors that track hand
gestures. Multiple sensors embedded in the gloves are used to track the fingers, palm
and their location and motion. Such an approach provides coordinates of the palm
and fingers for further processing. These devices may be connected wirelessly via
Bluetooth.

The detection of hand parameters in this approach relies on a customized glove

[7, 8] that contains ten flex sensors to track the posture of each finger. Moreover, a

10



G-sensor is used to monitor the orientation of the hand. Hand motion is detected by
using a gyroscope sensor that calculates angles of the hands in space. These sensors
continuously trace the signal to get hand data. The data are transferred wirelessly to
the mobile device. From the gathered data, the state of the hand is estimated. This
state can be decomposed into four independent components: hand posture, position,
orientation, and motion.

The recognition methods vary by the available input data and the dataset used.
Template matching was used in [7] as a classification method using five dynamic sign
classes. In [6], a comparison is made between SVM and neural network methods using
two different activation functions: log-sigmoid and symmetric Elliott functions. The
experiment was done using static hand gestures, representing letters and numbers.
In the results, SVM produced better accuracy, but it required 16 times more time for
classification, compared to Log-sigmoid neural network and symmetric Elliott neural
network. The advantage of this method was memory usage: only 4 MB of memory

were required, which makes this method usable even with low-end smartphones.

2.3.1.2 Smartphone Internal Sensors Approach

Recently, new smartphones have been embedded with sensors that help to detect
the posture and motion of the device. Numerous researchers utilize this feature to
create gesture recognition models. The main issue with this approach is the limitation
of signs details provided by the sensors.

Gestures recognized using such sensors can be decomposed into sequences of
two simpler gesture types [13]. Turn gestures correspond to a change in the 3D
orientation of the device. An example is rotating the device from the face up to face
down position. Translation gestures correspond to the phone moving in 3D space.

Moving the phone up and down is an example of such a gesture. Segmentation of
11



the motion is performed to detect the start and end point of the movement. Since
the accelerometer continuously reads data of the three axis point in space, a vector
containing the sum of derivatives of the current axis with the previous axis can be
used to detect motion, as done in [11, 12, 13, 9]. To speed up the calculation time,
Gupta 2016 [10] change mean floating values to integer values by using a probability
density function.

One of the better-known classification methods is the Dynamic Time Warping
(DTW) algorithm, which is applied to measure the cost of a selected gesture compared
with training data [14, 15]. One of the main advantages of this algorithm is that it
does not need large amounts of training data, as it can be used even when only a
single training example per class is available. DTW is used by [12, 10, 9] to achieve
high accuracy, under the assumption that the start and end times for every sign are
known. Joselli 2009 [11] adapted foreword-backward algorithm to classify dynamic
input signs using Hidden Markov Models (HMM), and using a database containing
ten classes with a total of 400 samples. Wang 2012 [13] process the data from the
sensors to develop a sinusoid-like curve that can be used to extract the pattern of the
movement. The axis of the largest variance between peak and valley is the movement

direction.

2.3.2 Vision Based Approach

In recent years, the availability and simplicity of smartphones has encouraged
researchers to utilize them in vision-based sign language recognition applications.
The vision-based approach uses the phone camera to capture the image or the video
of the hand performing signs. These frames are further processed to recognize the
signs, so as to produce text or speech output. Vision-based approaches risk producing

relatively low accuracy compared to sensor-based approaches, due to multiple chal-

12



Table 2.2: A Comparison of Available Vision Based Systems

System Features Extraction Classification Method | Processing \sz)zc;. Dependency
Elleuch 2015 [17] Sl?;ﬂjg:j;?g;iig SVM Local 5 | user-independent
Gandhi 2015 [18] Background subtraction Template matching Local - -
Hakkun 2015 [19] | Viola-Jones Haar Filters KNN Local 8 user-dependent

Hays 2013 [20] Skin dcegsi;ioé:i;ecrch SVM Cheiifgi’rver 32 | user-independent
Jin 2016 [21] Sf;in(;eteif;?nsggg ’ SVM Local 16 user-dependent
Joshi 2015 [22] PCA SVM Local 5 | user-independent
Kamat 2016 [23] Skin detection RGB Template Matching Local 4 user-dependent
Lahiani 2015 [24] Slil:ni:;;;l?;;fii]g SVM Local 10 user-dependent
Prasuhn 2014 [25] | Skin detection HUV, HOG | Brute-force Matching | Client-Server | 26 user-dependent
Raheja 2015 [26] Sobel Edge Filter, PCA Template Matching Client-Server | 10 user-dependent
Rao 2016 [16] Gaussﬁﬁi?i %)g/il Edge MDC Local 18 | user-independent
Saxenal 2014 [27] Sobel Edge Filter Bacigsgifiltion Client-Server 5 user-dependent
Saxena2 2014 [28] | Skin detection RGB, PCA Template Matching Client-Server | 10 user-dependent
Warrier 2016 [29) Skin detection RGB Geometric Matching Client-Server | 11 user-dependent

lenges in image processing, like light variations, dependency on the skin color of the
user, complex backgrounds in the image, etc. Table 2.2 shows a comparison between
currently existing vision based methods. It is important to note that all approaches
listed in this table use static signs, except Rao 2016 [16] which includes dynamic
signs.

Extracting accurate hand features is a major challenge for the vision-based
approach. Extraction is affected by many factors, such as lighting condition and
background noise. The more accurate the detection and extraction is, the better the
recognition results become. Orientation and position of the hand can be detected in
different ways, for example using skin detection or Viola-Jones cascades of boosted
rectangle filters [30]. Detecting the position and orientation of the hand at each frame

accurately also allows us to detect the motion of the hand for dynamic signs.

13



Skin segmentation algorithms, which often depend on specifying thresholds [31],
are widely used in Computer Vision applications. The researchers either specify
skin thresholds manually or automatically by taking a skin color sample before the
experiment. Several available models use RGB color space, e.g., [21, 23, 24, 28, 29].
To solve brightness and lighting problems, [20] use YCrCb color space, [17] employ
HSV color space, and [25] benefit from HUV color space.

The Viola-Jones detection method [30], which uses cascades of boosted rect-
angle filters, is a well-known method, that is commonly used for detecting hands.
Some researchers [19, 17] implement the Viola-Jones method on portable platforms,
as Viola-Jones is relatively easy to implement and has low hardware requirements.
Another alternative, used by [22, 26, 16, 28], is Principal Component Analysis (PCA).

Additional hand details are also extracted by various methods. Examples of
such details are the number of open fingers (measured by finding contours), finding
the palm area (by finding the largest circle that fits in the hand region), detecting
the convex hull, and getting convexity defects [17, 20, 24]. Canny edge detection
[32] can also be used to identify the hand area [21]. Likewise, a Sobel Edge filter,
which measures the changes in value in the highest moving direction, has been used
26, 16, 27].  Prasuhn 2014 [25] apply a Histogram of Orientation Gradients
(HOG) method, which is sensitive to the angle of the object, to extract the features
from the input image. Another method, used by [18], is background subtraction using
a motion detection method. In Jin 2016 [21], Speeded-Up Robust Features (SURF)
is used as an extra feature to improve accuracy.

Once the features describing a sign have been extracted, there are numerous
recognition procedures that can be applied. Support Vector Machines (SVM) define
decision boundaries between classes, which are linear in some transformed feature

space, but can be highly nonlinear in the original feature space [33]. Several papers use
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SVMs, e.g., [17, 20, 21, 22, 24]. Hakkun 2015 [19] use K-Nearest Neighbor (KNN)
for classification. Another simple technique for classification is template matching,
used by [18, 23, 29, 26, 22]. The Backpropagation algorithm [34] can lead to very
efficient classification timewise, but it needs more training data to minimize error
rate. Backpropagation is used by [27] as the recognition method. In Rao 2016
[16], because the speed of processing in portable devices is a major factor, a minimum
distance classifier (MDC) was chosen as a classification method. The experiments use
sentences of signs as training and test data.

Some systems assume that the only visible object in the captured image is the
hand [19, 17], while the more advanced models manage to capture both hands and
face. One way to remove the confusion between a face and hand area is to subtract or
isolate the face, so that the detection of hand details will be more precise [17]. Another
issue that can be considered is hand angle and hand distance from the mobile device.
In tests conducted in [19], optimal results were achieved with no more than 50 cm
distance between the hand and the camera, and the hand being in the upright state.

Due to slow processing time in some models, a client-server framework is used.
In such a framework, the phone is connected to a regular computer via wireless
network. Such an approach was implemented in [25, 26, 27, 28, 29]. A cloud service
can be used to execute part of recognition operations, as done in [20]. Moreover,
Elleuch 2015 [17] implement a multithreading technique by running face subtraction
and hand pre-processing at the same time, thus decreasing the processing time by

half.

2.4  Conclusion

In this paper, we have provided a survey of existing techniques for sign language

recognition in smartphones. We discussed sensor-based approaches, which track hand
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motion and/or posture using hardware-based trackers installed in a glove or inside a
smartphone. We also discussed vision-based approaches, which use the phone camera
for observing the hand. In discussing both types of approaches, we focused on the
detection and feature extraction module as well as the classification module of each
approach.

Regarding vision-based methods, significant challenges remain to be overcome
by future research, regarding accuracy of hand detection and articulated hand pose
estimation, as well as classification accuracy. Most existing vision-based methods only
recognize static gestures, and we expect new methods to be proposed for handling
dynamic gestures. Similarly, existing methods typically cover no more than a few tens
of signs, and there is significant room for improvement until methods can cover the
several thousands of signs that users of a sign language employ in their daily usage.
Extending vision-based recognition systems to cover dynamic gestures and thousands
of signs may strain the hardware capabilities of smartphones. While smartphone
hardware specs are expected to continue to improve rapidly, cloud processing could
push the boundaries further ahead by alleviating the hardware requirements on the
mobile device. However, maintaining interactivity and low latency while using cloud
processing can also be challenging, and these are also issues that we expect future

research to focus on.

16



CHAPTER 3
Hand Over Face Dataset

3.1 Introduction

In recent years, computer vision has been playing an increasingly important role
in assisting computers extract and analyze a variety of information from images. One
of the challenging problems in computer vision is hand segmentation, particularly
when hands are placed in front of a face. Hand segmentation can be defined as the
problem of determining, given a picture containing a hand, for each pixel in the image
whether it is part of the hand or not. Hand segmentation is a useful operation for
numerous applications such as sign language recognition, action/ activity recognition,
and recognition of objects that hands interact with. In the past, probabilistic methods
such as Conditional Random Fields (CRF) [35] were used in image segmentation
problem. Deep learning architectures have dominated the research in the field in
recent years. A key advantage of deep neural networks is the ability to automatically
extract expressive features from a dataset. In egocentric application, where the hand-
over-face problem does not appear, there are numerous research works about hand
segmentation using CNN algorithms[36, 37, 38]. Hand over face segmentation research
did not capture enough attention, although a few methods have been proposed [39,
40]. Even though some of the methods used for egocentric applications can be utilized
to solve hand segmentation in a normal scene, the similarity of skin color between
hand(s) and face make it a challenging problem that needs further consideration.

Work on various computer vision topics typically benefits from the creation of

challenging public datasets, that can be used to benchmark existing methods and
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to highlight needs for improved performance. Two factors are important to consider
in any hand segmentation dataset: pixel-wise ground truth data, and the quantity
of annotated frames, which is an important attribute for CNN-based algorithms.
For hand segmentation, there are many egocentric datasets, but there is a lack for
datasets where hand(s) appear in front of or near to the face. To the best of our
knowledge, HOF [37] is the only available dataset that can be utilized for hand-over-
face segmentation model, but the amount of annotated frames is small.

The shortage of a dataset for this research area is the major motivation for the
work described in this paper. In summary, our first contribution is to enrich the field
with a challenging dataset (VLM-HandOverFace) to address hand over face problem.
Secondly, we manually annotate hand(s) at a pixel level over more than 4300 video
frames taken in normal environments condition. Finally, the performance of our new
dataset is evaluated using two state-of-the-art methods.

The rest of the article is arranged as follows. Section 3.2 discusses the related
work including used methods and related datasets. Section 3.3 describes the new
dataset (VLM-HandOverFace) in details and in section 3.4 we present our analysis of
the new dataset using recent state-of-the-art methods. Conclusions and future works

are discussed in Section 3.5.

3.2 Related Work

Recently, several methods have been proposed to solve the hand segmentation
problem. To discuss the previous works in hand segmentation, we review it into two

sections: related methods and related datasets.
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3.2.1 Related Methods

Hand segmentation can be considered as a semantic segmentation problem,
where the goal is to assign a single label from a target set of class labels to each
pixel. Semantic segmentation is important for understanding the content of images
and finding target objects.

In recent years, very deep residual networks have been showing promising per-
formance for semantic segmentation. RefineNet [41] exploits activation maps at
different levels to produce high-resolution semantic maps. RefineNet proposes a
multi-path refinement network that feeds all available input data towards the down-
sampling procedure to enable the prediction of a high-resolution result by applying
long-range residual joints. RefineNet has demonstrated the usefulness of models based
on encoder-decoder architecture on several semantic segmentation benchmarks.

SegNet [42] proposes a simple encoder-decoder based architecture for semantic
segmentation. It was originally designed for road scene understanding, but SegNet
can be used for any pixel-wise semantic segmentation task. It consists of an encoder
network which is a standard CNN like VGG-16 [43] and a corresponding decoder
network which is used for up-sampling the output from the encoder [44, 45, 46, 47].
In the end, there is a pixel-wise classification layer. It applies unpooling operations
to un-sample the low-resolution features and learns deconvolutional layers to improve
the up-sampling process.

U-Net [48] is a very popular bio-medical imaging segmentation method and it
is generally useful for the semantic segmentation problem. The architecture of U-Net
involves a contraction path and expansive path. The contraction path contains 4
blocks of (a) two 3x3 convolution layers, (b) ReLU layer, and (¢) 2x2 max pooling
layer. Then, there is an intermediate downsampling step that contains 2 simple

convolution layers. The expansive path starts with upsampling of the features using 4
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blocks and each block contains (a) 2x2 de-convolutional layer, (b) two 3x3 convolution
layers, and (c¢) ReLU layer. In the end, one convolution layer is used to map the feature
vector to output classes.

The above methods mostly perform one-shot segmentation. In other words, the
source image is passed only once through the network, which directly outputs the

segmentation map.

3.2.2 Related Datasets

Several datasets have been proposed for the hand segmentation task. The list of
datasets is shown in table 3.1 with brief information about each one. The only dataset
that addresses the hand-over-face problem is HOFdataset [37], which is created from
random images collected from the internet. The images contain hands in front of the
face or near the face. The people in the images are from different ethnic backgrounds,
colors, gender, and ages. The size of the dataset is 300 frames, which might not be
enough to train deep neural network. On the other hand, our dataset contains more
than 4300 pixel-level annotated frames, which are extracted from videos that represent
random hand movements in front of or near the face. Also, our dataset includes depth
frames that may help in future research.

In the next paragraphs we discuss some datasets that are to an extent related
to the dataset we propose in this paper. The key differences and advantages of the
proposed dataset will be clarified in the next section, where we provide a detailed
description of our dataset.

The NYU Hand pose dataset [40] was created using 3 Kinect cameras (front
and two sides views), resulting in a total number of 81000 frames. To simplify the
annotation step, the hands of the performer were painted with red paint. Training

data were recorded from a single subject. That same user and another one are the
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only two subjects in the test data. Each frame may contain one hand, two hands, or
no hand. Hand locations are diverse and around 10% are in front of the face or near
the face. The main advantages of our new dataset compared to the NYU dataset for
the purposes of hand-over-face segmentation are, first, that in our dataset almost all
frames show the hand over the face, and, second, that our dataset contains videos
from 42 subjects, and thus allows user-independent evaluations, where the subjects
in the test set are different from the subjects in the training set.

The Caltech Occluded Faces in the Wild (COFW) dataset [49] is mainly for
detection of face parts in cases where the face is occluded by hands, objects, and
other faces. The images were collected from the internet and face landmarks were
annotated manually. This dataset does not contain annotation of hand locations
at the pixel level, so it does not provide the required ground truth information for
evaluation of hand segmentation methods.

The ICVL Hand posture dataset [50] and ICVL Big Hand dataset [51] are used
for hand pose estimation. It contains labels for the 21 joints of the hand, and no
pixel-level segmentation ground truth.

The Video Corpus HandOverFace dataset [52] was recorded for 6 participant (3
male, 3 female). It contains 138 videos with about 450 frames each. Each frame was
annotated by dividing it into 9 regions, and each region was labeled with 1 if the hand
was present in that region, or labeled with 0 otherwise. The dataset contains facial
expressions and head motion gestures including hand(s) in front of the face or near
the face. This annotation method does not provide pixel-level information, which is
important for evaluating segmentation accuracy.

The authors of Hand2Face dataset [53] created the dataset following these steps:
first, selecting an existing face dataset (the LEPW dataset [56] was chosen). Second,

extracting hand and other objects such as glasses, hat, scarves, etc. from a group of
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Table 3.1: A Comparison of Available Related Datasets

et Number Hand over . . Depth User
Dataset Name Availability of frames face Egocentric | Pixel level Info. | Independent
1 VLM-HandOverFace Public 4384 Yes No Yes Yes Yes
HandOverFace . . . « )
2 (HOF) [37] Public 300 Yes No Yes No Yes
NYU Hand pose . Yes, 10% . )
3 dataset [40] Public 81000 of the dataset No Yes Yes No
Caltech Occluded Faces . Yes but also
4 in the Wild (COFW) [49] Public 1852 other objects No No No Yes
5 [CVL Hand Posture Public 180K Some Yes No Yes Yes
Dataset [50]
Video Corpus . 138 Videos * . .
6 HandOverFace [52] Public 450 Frames Yes No No No Yes
7 Hand2Face [53] Private 9912 Yes No Yes No Yes
8 ICVL Big Hand Public 2.2M Some Some No Yes Yes
Dataset [51]
9 MSRGesture3D [54] Public 12 gest}l N by Some No No Yes Yes
10 participant
10 LSF Dicta-Sign Private 50 Yes No Yes No Yes
corpus [39]
11 Cam3D corpus [55] Public 108 videos 25% No No Yes Yes
12 EgoHands [36] Public 4800 No Yes Yes No Yes
. EgoYouTubeHands . ) X
13 (EYTH) [37] Public 1290 No Yes Yes No Yes
14 GTEA [38] Public 663 No Yes Yes No Yes

images taken from the internet. Third, generating new images that include a face and
one of the occlusions. The choice of suitable occlusion was measured by many factors
including color illumination of face and occluder, quality of both face and occluder,
region to be inserted in, the scale of the occluder, and pose of the face. An advantage
of our dataset compared to Hand2Face is that our dataset consists of real images, as
opposed to combinations of unrelated real images, which is the case in Hand2Face.
The MSRGesture3D dataset [54] is a small dataset with only 12 classes. The
number of frames is not reported. The depth information is available. The authors of
LSF Dicta-Sign corpus dataset [39] created a small subset of this dataset where the
hand(s) are in front of face with only 50 manually annotated frames. The Cam3D
corpus dataset [55] made for emotion description application. They found out that

25% of the data is hand over face. It was done by 7 participants and 12 emotional
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expressions. Our new dataset is 6 times bigger in the number of participants and
focused only on hand over face problem.

EgoHands [36] is an egocentric dataset that focuses on playing activity. The
recording region of interest is around the object of the game, which is not near to the
face. EgoYouTubeHands (EYTH) [37] is an egocentric dataset created from YouTube
videos that record real-life activities. This dataset focuses on hand activities and the
hands do not appear in front of a face. The GTEA [38] is well known egocentric
dataset recorded in a static background, doing 7 daily activity, performed by 4 people.

It is mainly used for activity recognition.

3.3 The New Hand Over Face dataset

In this work, we introduce a new dataset, that we call the VLM-HandOverFace
dataset, that targets the hand segmentation problem where hands are in front of or
near the face. Our new dataset was recorded inside a lab. A Kinect v2 camera was
used for, and RGB, depth, and skeleton streams were recorded. This camera was
attached to a stand in front of the subject. Also, a Leap Motion sensor was used to
register hand(s) parts as an additional resource that can be used in future. This sensor
was placed on a table to record any hand(s) movement in the range of it. SenseCap
[57] was used as a tool for recording both sensors simultaneously. The frame size of
RGB stream is 1920x1080 and the frame size of depth and label streams is 512x424.
Moreover, the frame size of the leap motion right and left streams is 640x240. The
Kinect skeleton information, that contains the position of 25 body joints in the 3D
space, and Leap motion hand joints data, which include the 3D positions of all bones
in each finger, are saved as text files. Figure 3.1 shows an example of recorded streams.

There are 42 participants with a variety of skin colors, gender, and races. In

addition, all contributors are free to wear any accessories that they normally use such

23



e

(a) KINECT RGB Stream

7: Ll et

(b) KINECT Depth Stream (c) KINECT Label Stream

(d) Leap Motion Left Stream (e) Leap Motion Right Stream

Figure 3.1: example of recorded streams.
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(a) HOF (b) VLM-HandOverFace

Figure 3.2: Heatmaps for HOF dataset and VLM-HandOverFace dataset

as eyeglasses, watch, ring, ...etc. For each volunteer, two videos were recorded. First,
with a white wall background. Second, with complex lab background. In each video,
the subject mimics a video of random hand movements and shapes where hand(s)
are in front of or close to the face. Each video contains these parts: (1) some hand
shapes and movement with one hand in front of the face but away from it. (2)
numerous hand shapes and movements with one hand touching the skin of the face.
(3) a collection of hand shapes and movement with two hands in front of the face but
away from the face. (4) Two hands touching the face and performing some actions.
Furthermore, to make it a more challenging dataset, we include some hand shapes
that cover the whole face. The dataset includes many cases with hand(s) touching
the side of the face, which makes it a hard task to distinguish between face skin and
hand skin. Moreover, our dataset includes occlusion between right and left hand.
The total number of frames for all videos is (317764) frames. Figure 3.2 shows the
heatmap of hands locations in our VLM-HandOverFace dataset and HOF dataset.
Clearly, in our dataset, hands locations are within the center of frames where the face
are normally located. The small white area at the bottom represent the nondominant

hand in the case of one hand only in front of or near to the face.
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(a) RGB frame (c) Right/Left Hand

Figure 3.3: An example of dataset masks.

As a part of our contribution, we annotate a total of (4384) frames randomly
extracted from the dataset videos. There are several annotation tools that can be used
for creating a ground-truth data. To the best of our knowledge, Ratsnake [58] is the
suitable pixel-wise annotation tool because it is easy to use, open source, and fulfill
our needs. For each frame, a binary hand-background mask was created indicating
if a pixel belongs to a hand or not. In addition, a three-label mask was created for
each frame, where each pixel was annotated as belonging to the left hand, to the right
hand, or to the background. For all these masks, “background” simply means “not

hand”. Figure 3.3 demonstrate examples of hand(s) masks.

3.4 Analysis and Experiments

Since neural network algorithms run much faster on an advanced graphical
processor, we use a computer that contains a NVIDIA GeForce GTX 1080 GPU
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that can perform matrix operation faster. To analyze our new dataset, we made two
experiments. First, segmentation of hand(s) from an input image. Second, pixel level
segmentation of right and left hands from an input picture. Both experiments are
performed in a user-independent fashion, where humans appearing in training data
do not appear in test data. In the two experiments, we use RefineNet and SegNet
as segmentation methods. Before applying any method, all images are resized to
480x272. To evaluate the segmentation result, we report three metrics: pixel-wise
mean Intersection Over Union (mIOU), mean Recall (mRec), and mean Precision

(mPrec).

3.4.1 Hand-No Hand Experiment

The Hand-No Hand experiment aims to predict hand pixels in an input image.
We show results obtained both on our dataset and on the HOF dataset of Urooj and
Borji[37]. In HOF, the data is split to 80% as training data and 20% as testing data.
Also, they used 5e-5 as a learning rate. In our experiment, we use the same data
split ratio and the same learning rate. We perform RefineNet and SegNet on both
datasets, our new VLM-HandOverFace dataset, and the HOF dataset. The training
for each method stopped in epoch 200. Table 3.2 shows the segmentation results for
both experiments. From results metrics, RefineNet is 19% mIOU and 27% mPrecision
better than SegNet. Indeed, the ratio still low, which increase the challenges to solve
this segmentation problem using our new dataset. Figure 3.4 demonstrates examples

of prediction results.

3.4.2 Right Hand-Left Hand-No Hand Experiment

Another experiment was done for right and left hands segmentation. Our new

dataset equipped with the labeling of right and left hands. Many applications can
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Table 3.2: Hand-Background experiment using RefineNet and SegNet on VLM-
HandOverFace and HandOverFace2018 Datasets

VLM-HandOverFace HandOverFace2018

mIOU | mRec | mPrec | mIOU | mRec | mPrec
RefineNet | 0.7951 | 0.8993 | 0.8338 | 0.7676 | 0.8832 | 0.8559

SegNet 0.4398 | 0.9790 | 0.4442 | 0.4902 | 0.7248 | 0.6076

(a) Ground Truth (b) SegNet (c) RefineNet

Figure 3.4: Examples of predicted images after performing semantic segmentation
methods on HandOverFace2018 (first two rows) and VLM-HandOverFace datasets.
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Table 3.3: Right hand-Left Hand-Background experiment using RefineNet and SegNet

mlIOU | mRec | mPrec
RefineNet | 0.6984 | 0.8100 | 0.8491
SegNet 0.4318 | 0.9813 | 0.4352

(a) Ground Truth (b) SegNet (c) RefineNet

Figure 3.5: Examples of predicted images after performing semantic segmentation
methods on VLM-HandOverFace datasets.

benefit from this type of experiment, including sign language recognition. The same
data split was used, 80% training and 20% for testing, as in the first experiment.
All models were trained until epoch 200. SegNet and RefineNet were applied to our
VLM-HandOverFace dataset. Table 3.3 displays the result matrices of the experi-
ment. Again, RefineNet outperformed SegNet by more than 14% mIOU and 34 %
mPrecision. However, mRecall in RefineNet is 30% less than SegNet. Figure 3.5

shows examples of right and left hand segmentation result.

3.5 Conclusions
In this paper, we have proposed a new annotated video dataset for segmenting

hands appearing in front of faces. We provided a review of several existing datasets
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related to hand segmentation research, to motivate the need for the new dataset.
Our VLM-HandOverFace dataset includes more than 4300 annotated frames with
RGB, depth, infrared streams, captured by a Kinect camera. Moreover, the provided
dataset includes hand(s) finger coordinates recorded by Leap Motion sensor. Perfor-
mance on our new dataset was measured for two state-of-the-art methods: SegNet
and RefineNet, which are used for semantic segmentation. In our experiments, the
RefineNet algorithm achieved better results than the SegNet algorithm. However,
the attained accuracy is far below from the human-eyes regular ability distinguish-
ing different objects, and thus these results illustrate that there is wide room for
improvement of the state of the art for hand-over-face segmentation.

Although recent research associated with hand segmentation primarily focused
on egocentric applications, the hand-over-face segmentation problem remains chal-
lenging. Directions that should be covered in related future research include improv-
ing the accuracy of hand segmentation, as well as handling occlusions, hand(s) size,
and the lighting condition. The availability of abundant and in-depth information
can help overcome occlusion problem in future methods. Also, we believe research
can benefit from Leap motion sensor to accurately recognize hand(s) shapes. Finally,
distinguishing between right and left hand is an important task for applications such
as sign language recognition systems. Also, analyzing the appearance of many hands
appearing together in the scene and possibly overlapping is an interesting challenge

in this field of research.
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CHAPTER 4
Hand Over Face Segmentation using MPSPNet

4.1 Introduction

Hand segmentation is an essential part of many computer vision applications,
such as human-computer interaction, gesture recognition, activity recognition, and
sign language recognition. Accurate hand segmentation is challenging, due to the high
variation of lighting and skin color as well as complex backgrounds. An additional,
yet relatively unexplored, challenge is the case of hands overlapping the face. The
similarity of the skin color results in inaccurate segmentation, especially with RGB-
based segmentation methods.

In this work, we address the problem of segmenting the hands, with a special
emphasis on examples where a hand overlaps with the face. Hand segmentation is
commonly formulated as classifying each pixel in an image as belonging to a hand or
not. Methods for solving hand segmentation can generally be categorized into two
tracks: (1) probabilistic approaches and (2) deep learning approaches. Probabilistic
methods, such as Conditional Random Fields [35], were dominant in earlier work.
Recent approaches utilize Convolutional Neural Networks (CNNs) for hand segmen-
tation in egocentric scenes [36, 38, 37]. Despite their contributions on challenging
standard benchmarks, few approaches have focused on the hand over face setting
(39, 40].

RefineNet [41] and PSPNet [59] are two well-known semantic segmentation ar-
chitectures. RefineNet can extract the core and in-depth features of the object of

interest while PSPNet is a lightweight framework that investigates global and local
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context features. Although RefineNet exhibits state-of-the-art performance on PAS-
CAL VOC 2012, it has a high computational cost and struggles with determining
edge features. The pyramid pooling technique, introduced in PSPNet, successfully
detects the edges of the target object. However, PSPNet falls short with noisy sam-
ples. In this paper we introduce a novel approach, that combines the benefits of
the above-mentioned state-of-the-art frameworks. This new model, which we call the
Multi-level Pyramid Scene Parsing Network (MPSPNet), relies on two main ideas:
(1) the cascading of multi-level tuned features and (2) pyramid-pooling encapsulated
blocks, introduced in PSPNet [59].

Our work is motivated by the challenging scenario in which the hands overlap
the face. We empirically evaluate MPSPNet on two recently published datasets for
hands-over-face segmentation [3, 37]. These evaluations test the network under two
settings. In the first setting, each image pixel is labeled as hand or non-hand. In the
second setting, there is a separate label for the left hand and a separate label for the
right hand. Also, we evaluate our MPSPNet on two standard object segmentation
datasets: PASCAL VOC [60] and NYUDv2[61].

The remainder of the paper is organized as follows. Section 4.2 surveys prior
work related to hand segmentation. Section 4.3 reviews RefineNet and PSPNet, as
both of them are strongly related to our work. Section 4.4 details our proposed archi-
tecture (MPSPNet). In section 4.5, we present our results on four semantic segmenta-
tion datasets including two challenging hand over face datasets: VLM-HandOverFace

and HOF'. Discussion and conclusion are in Section 4.6.

4.2 Related Work

In general, there are two broad categories of methods to handle the hand seg-

mentation problem. The first category comprises probabilistic approaches, which can
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be classified into four sub-categories; (1) relying on local appearance features, for
example, skin color [62, 63, 64]. (2) based on global appearance features such as hand
template matching [65, 66, 67]. (3) tracking the motion of the hand(s) [38, 68, 69].
(4) derived from the combination of skin color and edge features from the hand(s)
and face when tracking hand motions [39]. In general, more work is needed in this
area to address the broad possible variations in illumination and skin color. Many
papers adopt depth information to segment the hand(s) [40, 70, 71, 72], but in many
real-world scenarios (for example, translating sign language in YouTube videos) depth
information is simply not attainable.

The second category of hand segmentation methods utilizes deep learning. Sev-
eral well-known architectures that are based on convolutional neural networks (CNNs)
have been proposed in the field of semantic segmentation. FCN [73] is a popular net-
work, that first encodes and merges features from different stages, and then applies a
deconvolutional operation to get the maps of the upsampled semantic features. The
drawback of FCN is the long processing time, and the loss of some feature information
during the transition within the network layers. In U-Net [48], upsampling and down-
sampling layers are combined via a skip-connection technique to concatenate features
from the base and developed paths. Furthermore, this network requires more mem-
ory usage due to the entire feature map being transferred between encoders and the
corresponding decoders.

SegNet [74] is a simple encoder-decoder architecture, which varies by the de-
sign of the decoder. More specifically, the decoder in SegNet consists of a group of
upsampling and convolution layers followed by a softmax layer at the end to label
each pixel in the output. The accuracy of SegNet tends to be lower than that of
other existing approaches. AdapNet [75] adds a convolution layer before ResNet,

which allows the architecture to learn high-resolution features more quickly. Also,
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the Convoluted Mixture of Deep Experts (CMoDE) was introduced in AdapNet to
fuse multiple modalities and spectra in order to learn deeper robust kernels. Bilat-
eral Segmentation Network (BiSeNet) by Yu et al.[76], contains two parts: a spatial
part to extract deep semantic information and a context part to produce a sufficient
receptive field. DeepLabv3 [77] is a cascading atrous convolution that collects multi-
scale context by utilizing multiple atrous rates. DeepLabv3+ [78] is an extended
version of DeepLabv3 by adding a decoder module, where the feature is upsampled
by four rather than 16 and concatenated with the corresponding low-level features
from the network. Also, depth-wise separable convolution is applied to decrease com-
putational complexity. RefineNet [41] is another encoder-decoder based architecture.
It introduces a multi-path refinement network that loads all input data across the
downsampling process to enable the prediction of high-resolution output by execut-
ing long-range residual joints. PSPNet [59] uses spatial pyramid pooling to collect
global and local feature maps from four different bin sizes before upsampling and
concatenating them to obtain the final prediction output.

The number of publicly available datasets for the hand over face problem is
limited. The size and the variety of recorded samples are a vital attribute in any
deep learning dataset. Also, pixel-wise annotation is the most crucial element in
segmentation datasets. Ghanem et al. [3], provided a detailed discussion about hand
segmentation datasets. Also, they created a VLM-HandOverFace dataset and made
it available to the public for future use by the research community.

For our research project, the most interesting and relevant work was done by
Urooj and Borji [37]. They fine-tune the RefineNet architecture to do segmentation
of hand(s) in egocentric and hand over face applications. They adopted RefineNet-
Res101, which pre-trained on Pascal-Person-Parts. Also, Urooj and Borji [37] intro-

duced a small hand over face dataset that contains 300 frames.
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4.3 Background

MPSPNet is inspired by two well-known hand segmentation networks, Re-
fineNet and PSPNet. Additionally, our proposed method is adapted to the chal-
lenging hands-over-face scenario. Due to the strong relationship between our work
and these two models, a brief overview of each one is highlighted as follows:
RefineNet [41] is based on an encoder-decoder architecture consisting of two main
components. The first component is the RefineNet block which includes three units:
residual convolution unit, multi-resolution fusion unit, and chained residual unit.
The second is multi-path refinement where four different sizes of feature maps are
downsized. In each path there is a RefineNet block which receives the input in the
current path and the output of the RefineNet block in the previous path. In this way,
all blocks are cascaded to predict high-resolution semantic maps.
PSPNet [59] is a promising lightweight model for pixel-wise segmentation. Its ar-
chitecture can be summarized in three stages. (1) ResNet [79] is employed to extract
visual features from the input image. (2) The visual features are passed to the pyra-
mid pooling module which joins features within four different pyramid dimensions.
The idea of applying the pyramid pooling procedure is to capture both local context
features at different scales (using the receptive field of 1x1, 2x2, 3x3 and 6x6 respec-
tively) and the global context features (the entire image as a receptive field). The
generated features from all levels are upsampled to match the size of the input feature
map and concatenated. (3) The last stage applies a convolutional layer to get the
final prediction result. Despite the fact that the final feature map contains valuable
semantic information, the object boundary information is still missing.

RefineNet and PSPNet use ResNet [79] as a feature extractor. Their feature

networks are pre-trained on the Pascal Person-Part dataset. After pre-training, the
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Figure 4.1: MPSPNet architecture.

entire hand segmentation network, including the pre-trained feature extractors, is

fine-tuned in an end-to-end fashion.

4.4 Proposed Method

MPSPNet incorporates two basic concepts. The first is multi-level processing
and fusion of different sizes of feature maps, discussed in Section 4.4.1. The second is
the MPSPNet block that extracts global and local context attributes from each level,

described in Section 4.4.2.

4.4.1 Multi-level MPSPNet

A multi-level processing hierarchy yields successful outcomes in the pixel-wise
hand segmentation [41, 37]. Figure 4.1 shows the design of our proposed architecture.
First, we use ResNet to generate four sets of feature maps of the original image scaled
by 1/4, 1/8, 1/16, and 1/32. Each feature map is handled through a single level of

processing using an MPSPNet block. The workflow of the network is starting from
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Figure 4.2: MPSPNet block and the details of each individual component. (a) is the
input feature map. (b) the red box is the modified pyramid pooling module. (c) is
the convolution unit. (d) is the multi-resolution consolidation unit. (e) is the feature
map after processing.

(c)

the first level in the right, which examines the smallest size of feature map (1/32).
The MPSPNet block in the first level receives only one feature map input and the
output in this level are considered as the initial weights of the network. The remaining
levels 2,3, and 4 are attached to feature maps 1/16, 1/8, and 1/4, respectively. Each
MPSPNet block in those three levels acquires two inputs. The first came from the
output of the MPSPNet block in the previous level, which is considered as a low-
resolution feature map. And the second is the feature map in the current level which
is rated as a high-resolution feature map. By applying this technique, the MPSPNet
block will produce a high-resolution feature map by cultivating the two input maps.
Finally, the resulting feature map from the last level is forwarded to a Softmax layer

for prediction.
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4.4.2 MPSPNet Block

The design for a single MPSPNet block is shown in Figure 4.2. Depending on
which level the block occurs at, the input for the module is either one or two feature
maps as described in section 4.4.1. Following the same procedure of the Pyramid
Pooling Module in [59], we execute a max-pooling step to generate four different bin
sizes of feature representations. Each bin passes through a Convolution Unit (CU),
which is described in Section 4.4.2.1. The resulting feature maps are upsampled to
match the original size of the input feature map. The four feature maps produced by
the previous step are then concatenated with the original input feature map before
being processed by an additional CU. Finally, the concatenated feature maps are
used as input to a Multi-resolution Consolidation Unit (MCU), described in section
4.4.2.2. The final result from the block is a high-resolution feature map with the same

dimensions of the high-resolution input.

4.4.2.1 Convolution Unit (CU)

The main goal of this unit is to preserve the quality of the global features in
the input map. To do that, we apply two sets of the following three layers: a 1x1
convolution layer, a batch-normalization layer, and a ReLU activation function. In
the end, the outcome map is added to the input map in the unit. The design of this

unit is shown in figure 4.2 (c).

4.4.2.2 Multi-resolution Consolidation Unit (MCU)

The fusion of different sizes of feature plans is the target of the MCU. This unit
receives two feature maps as inputs: (1) the high-resolution map that came from the

pyramid pooling module, and (2) the low-resolution map from the previous level (if
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available). Both are processed by 3x3 convolution layers. Then the low-resolution
plan is upsampled to the size of the higher resolution map. Finally, a summation of
the two feature maps is done to complete the consolidation procedure. Figure 4.2 (d)

demonstrates the structure of MCU.

4.5 Experiments

To show the validity of our new proposed architecture, we use four public
datasets to perform two types of segmentation experiments: object and hand(s) seg-
mentation. In each experiment, we compare our network with several state-of-the-art
architectures. Also, in hand(s) experiments, we make ablation studies for the two
added units (CU and MCU).

To evaluate the quality of our segmentation, we provide three metrics. The first
and most popular value is the mean Intersection Over Union (mIOU), which
presents the overlap between the prediction mask and the ground truth mask.The
second reported measurement is the mean Precision (mPrec), which represents
the quality of object pixel detection with respect to the ground-truth label. The last
value to report is the mean Recall (mRecall), which illustrates the quantitative

value of correct pixel prediction.

4.5.1 Object Segmentation

4.5.1.1 PASCAL VOC 2007

PASCAL VOC 2007 [60] is a popular segmentation dataset which comprises 20
object classes and a background. The pictures were taken from a variety of places with

different lighting conditions, and each image includes a random number of objects. In
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Table 4.1: Results on PASCAL VOC 2007 testing set.

Network mIOU | mRecall | mPrec
AdapNet[75] 0.2365 0.3545 0.3732
BiSeNet[76] 0.3273 0.4803 0.4685

DeepLab-v3[77] | 0.2594 | 0.3822 | 0.4212
DeepLab-v3Plus[78] | 0.2870 | 0.4115 | 0.4604
RefineNet[41] 0.2876 | 0.4226 | 0.4677
PSPNet[59] 0.2630 | 0.4063 | 0.4066

MPSPNet (our) 0.3341 | 0.4660 | 0.5188

this work, we adopt the same splitting criteria used in the PASCAL VOC challenge;
209 training, 213 validation, and 210 testing sets.

The experiments on PASCAL VOC 2007 are arranged to be independent. To
examine our proposed architecture, we compare MPSPNet with six state-of-the-art
networks. We use ResNet-101 in all networks for fine-tuning. The learning rate for
the training is set as le-4, and each network is trained until convergence. As presented
in Table 4.1, MPSPNet achieved 33% in terms of mIOU, which is the highest result

using the same settings in all architectures.

4.5.1.2 NYUDv2

The NYU-Depth V2 dataset [61] includes 1449 RGB-D images captured form
interior scenes of commercial and residential structures in multiple US cities. We
apply the segmentation labels presented in [80], where all labels are mapped to 40
classes instead of 894. In our work, we only use RGB frames with the standard

training/validation/testing split with 381, 414, and 654 images, respectively.
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Table 4.2: Segmentation results on NYUDv2 test set.

Network mIOU | mRecall | mPrec
AdapNet[75] 0.2072 0.3629 0.4467
BiSeNet[76] 0.3119 0.4505 0.5832

DeepLab-v3[77] 0.2315 0.3580 0.4900
DeepLab-v3Plus[78] | 0.2541 0.3837 0.5173
RefineNet[41] 0.2415 0.3673 0.5006
PSPNet[59] 0.2689 0.3917 0.4697

MPSPNet (our) |0.3332 | 0.4585 | 0.5788

To check the performance of our MPSPNet on NYUDv2, we compare it with
several state-of-the-art networks. We employ ResNet-101 in all architectures for fine-
tuning. The learning rate applied for training is le-4, and each network trained until
it converged. As shown in Table 4.2, MPSPNet reached 33% in terms of mIOU, which

outperformed BiSeNet, which is the second-highest network, by 2%.

4.5.2 Hand(s) Segmentation

Since our main interest is in hand over face segmentation, we have conducted
two experiments on a challenging hand over face pixel prediction problem. A single
class (hand(s)) vs. background segmentation, and dual-class (right hand, left hand)
vs. background segmentation, as discussed in Section 4.5.2.2 and Section 4.5.2.3
respectively. It is worth noting that both experiments are user-independent. Two

public hand datasets are utilized in this work, as described in section 4.5.2.1.
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4.5.2.1 Hand Datasets

To the best of our knowledge, there are two datasets designated for the hand
over face problem. We use both of them in our work, and the following are the details
of each one:

HOF HandOverFace (HOF) dataset by [37] has 300 pictures collected from the in-
ternet. All images contain hand(s) occlusion with the face in different shapes, sizes,
and locations. The people in the dataset are from a variety of ethnicities, ages, and
genders. Each image has a pixel-wise mask that are labeled as hand or background
entity. Similar to Urooj and Borji [37], we choose the ratio of data split as 70%
training, 10% validation, and 20% testing in our experiments.

VLM-HandOverFace The Vision Learning Mining Hand Over Face (VLM- Han-
dOverFace) dataset was created by Ghanem et al. [3]. There are 42 subjects from
different ethnicity’s, genders, and ages. The recording was in a lab scene with diverse
lighting conditions. The dataset contains 4384 frames with pixel level annotations.
They provide two types of masks: (1) binary hand /background mask which denotes
for each pixel whether it belongs to a hand(s) or not. (2) three classes of masks where
each pixel is labeled as the right hand, left hand, or background. In our experiments,

the data divided into 70%-10%-20% for training, validation, and testing, respectively.

4.5.2.2 Hand(s) Experiment

A one-class (hand(s)) segmentation experiment is performed to show the per-
formance of our new proposed network (MPSPNet) along with several state-of-the-art
architectures. VLM-HandOverFace and HOF datasets are used in this experiment.
ResNet-101 pre-trained on Pascal Person-Parts employed in all networks for fine-

tuning. The learning rate used for training is le-4, and each network trained until
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Table 4.3: Hand(s) segmentation results on VLM-HandOverFace and HOF Datasets
including the ablation experiments for newly added unites in our proposed architec-
ture

Network VLM-HandOverFace HOF
mlIOU | mRecall | mPrec | mIOU | mRecall | mPrec
AdapNet[75] 0.7617 | 0.8393 0.8463 | 0.6109 0.6828 0.7601
BiSeNet[76] 0.7837 | 0.9068 0.8292 | 0.7306 | 0.8791 | 0.7928
DeepLab-v3[77] 0.7478 0.8308 0.8292 | 0.6374 | 0.6997 0.8093
DeepLab-v3+[78] 0.7983 0.9261 0.8369 | 0.6974 | 0.8049 0.8030
RefineNet[41] 0.7951 0.8993 0.8338 | 0.7676 0.8832 0.8559
PSPNet[59] 0.8141 0.9294 0.8534 | 0.6543 0.7237 0.8115
PSPNet+CU 0.8254 0.9338 0.8648 | 0.6747 | 0.7422 0.8342
PSPNet+MCU 0.8355 0.9335 0.8760 | 0.7866 0.8486 | 0.8976
(PSPl\lI\;If—SgIlj'Ij—tMCU) 0.8560 | 0.9482 | 0.8898 | 0.8044 | 0.8783 0.8933

convergence. Table 4.3 shows the pixel prediction results for hand(s) experiments. For
VLM-HandOverFace dataset, MPSPNet achieves a ratio of 85% in terms of mIOU,
which is 6% better than RefineNet and 4% better than PSPNet. Moreover, mPrec in
MPSPNet improved by 5% and 3% over RefineNet and PSPNet, respectively. In the
HOF dataset, the mIOU metric of MPSPNet has 4% improvement when compared
to RefineNet and a 15% better than PSPNet. Also, MPSPNet improved by at least
4% in terms of mPrec more than the other networks. In Figure 4.3, the first three
rows show examples of the prediction results using RefineNet, PSPNet, and MPSP-
Net on HOF dataset, and the rest of rows are for VLM-HandOverFace dataset. From
the experiment, we notice that PSPNet performs better in a large dataset while Re-
fineNet handles the smaller dataset. Our approach, MPSPNet successfully manages
both sizes of datasets.

Ablation study for newly added units To evaluate our proposed architecture,
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we conduct experiments on two added units: CU and MCU. We consider PSPNet
as a baseline, and we perform (1) PSPNet+CU, (2) PSPNet+MCU, and (3) PSP-
Net+CU+MCU (which is our MPSPNet). As shown in Table 4.3, each unit gained
at least 1% in all evaluation matrices on VLM-HandOverFace. Moreover, in HOF

dataset, each added unit increased (mIOU, mRecall, mPrec) attributes by at least
2%.

4.5.2.3 Right/Left Hands Experiment

As a matter of fact, the detection and segmentation of the right and left hand
is important information for many applications such as sign language recognition.
We evaluate our MPSPNet by performing two classes of (right hand and left hand)
pixel-level segmentation and compare it with multiple state-of-the-art networks. Since
the VLM-HandOverFace dataset contains labeling information for the right and left
hand, we employ it in this experiment. Similar to the hand(s) experiment, we tune
the network using ResNet101 pre-trained on Pascal Person-Parts and adopted the
same learning rate, le-4.

As shown in Table 4.4, MPSPNet outperformed RefineNet by 11% and PSPNet
by 4% in regard to mIOU. Also, mRecall improved using our network by 9% compared
with RefineNet and by 3% contrasted with PSPNet. Figure 4.4 presents detection
examples using the three architectures.

Ablation study for newly added units To show the effect of CU and MCU, we
performed experiments on each. We place PSPNet as a baseline, and we execute
(1) PSPNet+CU, (2) PSPNet+MCU, and (3) PSPNet+CU+MCU (MPSPNet). As
presented in Table 4.4, mIOU, mRecall, mPrec improved by at least 1% in each unit.

Addition of the two units improved the overall results.
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Table 4.4: Right Hand-Left Hand segmentation results using VLM-HandOverFace
dataset including the ablation experiments for newly added unites in MPSPNet

Network mlIOU | mRecall | mPrec
AdapNet[75] 0.6503 0.7433 0.7529
BiSeNet|[76] 0.7191 | 0.8440 | 0.7912

DeepLab-v3[77] 0.6612 0.7575 0.7592
DeepLab-v3Plus[78] | 0.7421 | 0.8627 | 0.8025
RefineNet[41] 0.6984 0.8100 0.8491
PSPNet[59] 0.7556 0.8707 0.8171
PSPNet+CU 0.7632 0.8839 0.8140
PSPNet+MCU 0.7879 0.8965 0.8399

® Spé\gffgng cuy | 0:8009 | 0.9082 | 0.8458

4.6 Discussion and Conclusion

Accurate hand segmentation is a crucial task for several human interaction ap-
plications. In this work, we have addressed the challenging scenario of segmenting
hands overlapping with the face, and we have introduced the Multi-level Pyramid
Scene Parsing Network (MPSP-Net) for semantic segmentation. The Multi-level in-
tegration successfully extracts high-level features that help to predict the core region
of the target. The pyramid pooling module was utilized to obtain global and local
features that help to recognize the edges of the object of interest. MPSP-Net was
evaluated and compared with RefineNet and PSPNet, both of which are among the
state-of-the-art frameworks for semantic segmentation. Two types of experiments
were conducted. First, a single class (hand) pixel-wise prediction was performed us-
ing two datasets: HOF and VLM-HandOverFace. The second evaluation considered

two-class (right/left hands) segmentation using VLM-HandOverFace. In both exper-
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iments, our model achieved better outcomes in all metrics as compared to RefineNet
and PSPNet.

Our proposed network employs the pyramid pooling module, which helps to
extract the edge features of the hand palm and fingers. Our ablation studies ex-
perimentally show that the additional unit CU and PSPNet (as a baseline of our
method), which represents the pyramid pooling module, improves the segmentation
accuracy by at least 1%. Furthermore, the usage of the multi-path cascading tech-
nique, expressed by MCU in our architecture, assists in differentiating between hand
and face as well as other objects in the scene. The implementation of MCU increases
the segmentation accuracy in term of mIOU by more than 3%, as shown in Tables

4.3 and 4.4. The combination of these ideas leads to an overall improvement of over

4%.
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(a) Ground Truth (b) RefineNet (c) PSPNet (d) MPSPNet

Figure 4.3: Examples of hand(s) predicted images after performing semantic segmen-
tation methods on HOF (first three rows) and VLM-HandOverFace datasets.
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(a) Ground Truth (b) RefineNet (c) PSPNet (d) MPSPNet

Figure 4.4: Examples of predicted images after performing right /left hands semantic
segmentation experiment on VLM-HandOverFace dataset.
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CHAPTER 5
Evaluation of MPSPNet with Motion Information

Video data can be useful for improving the segmentation result, where motion
information adds an extra layer of worthy features. Recently, several attempts have
been made to implement an unsupervised or semi-supervised semantic segmentation
model based on the motion clue [81]. Many applications handle time sequence input
data, such as sign language recognition, where the segmentation process is an essential
step that influences the overall results. In this chapter, I discuss my observations
about the impact of including motion information on MPSPNet, where optical flow
and temporal RGB frames are included as an additional input in the conducted
experiments.

The rest of this chapter will be organized as follow: related work is reviewed
in section 5.1. Then I demonstrate the case of using FlowNet in section 5.2. The
temporal frames experiment is presented in section 5.3. Finally, in section 5.4, I

discuss the experimental results and the possible track of future work.

5.1 Related Work

One of the advantages of the VLM-HandOverFace dataset [3] is the availability
of the source videos. Therefore, this valuable data can be used to study and im-
prove the segmentation results using any Motion Segmentation techniques. We can
define Motion segmentation as the process of classifying each pixel (or superpixel) in
an image as a static or a dynamic point within the associated dimensions [82, 83].

The efforts in the motion segmentation domain can be categorized into three groups.
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The first and the simplest, among other categories, is the image difference technique,
where the pixel-wise difference between two frames is computed. The noises and
lighting condition are challenging problems in this group. Examples of this cate-
gory are employed in [84, 85]. The second group of motion segmentation techniques
is the statistical approach. Several principles are utilized in this category, such as
Maximum A posteriori Probability (MAP) [86, 87, 88], Particle Filter (PF) [89], and
Expectation-Maximization (EM) [90]. The third category in motion segmentation
tactics is the optical flow, which defined as the motion vector for each pixel in an im-
age based on the brightness pattern from two consecutive frames. Optical flow is an
old principle that was introduced by Horn and Schunck in 1981 [91]. Subsequently,
many researchers enhanced the optical flow algorithm, but the most popular one
was presented by Tomasi and Kanade in 1992 using the factorization technique [92].
Consequently, optical flow gained more attention, and it was utilized in several ap-
plications, such as identifying moving objects using the motion vector [83] and using
the 3D motion vector [93]. Since the invention of Deep Neural Network, researchers
applied it in various fields of studies, including the optical flow. Dosovitskiy et al.
[94] introduce FlowNet for optical flow. The design of FlowNet includes two network
architectures. First is FlowNetS, which is built by stacking two chronological frames
as an input for the model. The second network architecture is FlowNetC that takes
the two feature maps from the first architecture as input and contrasts them using
a correlation layer. In [95], FlowNet 2.0 was proposed by stacking FlowNetS, and

FlowNetC then runs them in a deeper network.

5.2 FlowNet

The latest state-of-the-art DNN optical flow algorithm is FlowNet 3.0 [96]. It

was designed on the base of FlowNet 2.0 with some modifications. The new network
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: ! —  FlowNet 3.0

RGB Occlusion

Motion Boundaries

Figure 5.1: FlowNet 3.0 input/ output example.

architecture is consists of three stacked networks: FlowNetC and two FlowNetS. In
the beginning, a fusion layer is utilized as a refinement of the input images. The first
network (FlowNetC) is modified to perform dual forward and backward estimation
with warping. In this stage, flows and occlusions are jointly detected by adding a
two warping correlation between the forward and backward networks. The second
network in the stack is the same as FlowNet 2.0, but it is redesigned to be dual as in
the previous step. The last stacked network will benefit from the dual architecture
to estimate the motion boundaries giving the flows and occlusions from the second
stage. Figure 5.1 shows an example of the input and output of the FlowNet 3.0.

The outputs from FlowNet 3.0 (flow, occlusion, and motion boundaries) are
included as an additional input to my work. In MPSPNet, ResNet-101 is used for
fine-tuning where the input images are the three-channels (RGB) only. There is no
fixed solution to handle more channels, and it depends on the problem. There are
several workaround solutions, as follow:
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Figure 5.2: Modifying MPSPNet to handle additional channels input (method 1).
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Figure 5.3: Modifying MPSPNet to handle additional channels input (method 2).

e Method 1: The most straightforward approach is to add one convolutional layer
before ResNet to change the input image from x channels to a three channels.
The design is shown in Figure 5.2

e Method 2: The idea in this method is to run parallel networks, each with a
three channels as input, and before the softmax layer, we add a fusion layer to
concatenate and merge both network’s weights [97, 98] as in Figure 5.3.

e Method 3: This method aims to copy the weights from the regular three channels
ResNet and duplicate it as additional channels (as needed). By using this

technique, all other inputs are initialized with weights from the RGB image
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Figure 5.4: Modifying MPSPNet to handle additional channels input (method 3).

only. Figure 5.4 show the design of this method. This tactic was presented in

[99].

The first way loses a lot of features in the first convolution layer, leading to a
drop in the result. The second approach consumes more time without any improve-
ment. The best method for our problem is the third one.

I conduct various experiments using FlowNet3 outcomes. Table 5.1 shows the
experiment results using different orientations of flow inputs. As a result, the addition
of FlowNet3 frames did not improve segmentation accuracy. The utilization of RGB
+ Flow frames in MPSPNet reduce the mIOU by 2% compared with the base RGB
only model. Also, the usage of all FlowNet3 outcomes (flow + occlusion+ motion
boundaries) drop the mIOU by 4%. Further, the joining of previous flow frames did

not increase the evaluation matrices.
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Table 5.1: Results of applying MPSPNet on different FlowNet/RGB input configu-
ration

0N
o
2
g Input Configuration mlIOU | mRecall | mPrec
@)
=
3 RGB (base) 0.8572 0.9265 0.8977
6 RGB+Flow 0.8383 0.9296 0.8716
12 | RGB+Flow+Occlusion+ 0.8174 0.9052 0.8620
9 Previous_Flow+RGB+Flow 0.8230 0.9234 0.8591
12 | Previous_.RGB-+Previous_Flow4+RGB+Flow | 0.7945 0.8818 0.8539

5.3 Temporal frames

The second technique I tried to improve segmentation results by combining dif-
ferent arrangements of temporal frames as an input to MPSPNet. While the adding
of one previous RGB frame slightly decreases the mIOU, mRecall, and mPrec, adding
two previous frames reduces all evaluation metrics by 1%. Another common arrange-

ment for time series input is by using the following equation:

2K Prev_RGB + K Prev_.RGB + RGB + K Next_RGB + 2K Next_RGB

I did several experiments where K ranges from 1 to 5. The outcome was a significant

drop in mIOU by at least 11%. Moreover, a nine channels input was used as:

5 Prev_.RGB + RGB + 5 Next_RGB

and

10 Prev_RGB + RGB + 10 Next_RGB
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Table 5.2: Results of applying MPSPNet on different input configuration using
FlowNet data

0N

o)

2

g Input Configuration mlIOU | mRecall | mPrec
@)

3k

3 RGB (base) 0.8572 0.9265 0.8977

6 Prev_RGB+RGB 0.8538 0.9245 0.8950

9 | Prev_Prev_RGB+Prev_ RGB+RGB | 0.8456 0.9220 0.8864

9 Prev_RGB+RGB+Next_RGB 0.8582 0.9247 0.8999

9 5Prev_RGB+RGB-+5Next_RGB 0.8324 0.9111 0.8784

9 | 10Prev_ RGB4+RGB410Next_ RGB | 0.8324 0.8801 0.9087
15 | 2K_Prev_ RGB+K_Prev_RGB+RGB+K_Next_RGB+2K_Next _RGB
15 where K=1 0.7404 0.7640 0.9028

15 where K=2 0.7348 0.8649 0.7687

15 where K=3 0.7430 0.7693 0.8922

15 where K=4 0.7225 0.7307 0.8991

15 where K=5 0.7229 0.7654 0.8421

The mIOU of both input combinations tests was reduced by 2%. One arrangement
that gets a tiny improvement is by combining the current frame with the previous

frame and the next frame.

Prev_RGB + RGB + Next_RGB

This input pattern increases the mIOU from 84.72% to 84.82%. Table 5.2 presents

the experiment results using the addressed input patterns.
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5.4 Discussion

In contrast to our expectation, adding temporal motion information to MPSP-
Net did not yield a noticeable improvement to the segmentation results. The usage of
ResNet in MPSPNet appeared to behave as a limiting factor in the challenge. Optical
flow affords valuable details about the motion in the image. Also, temporal frames
can be used to match and extract additional features. Experimentally, both of them
did not strengthen the segmentation process toward providing relatively tangible out-
comes. Modifying the design of MPSPNet to handle video motion information can

be considered a possible path for future work.
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CHAPTER 6
CONCLUSION

This dissertation investigated hand-over-face segmentation challenges from many
perspectives: (a) an essential example application that reveals the need for a reliable
solution was discussed. (b) a review of all available hand segmentation datasets was
reported. (c) the creation of a challenging hand-over-face segmentation was presented,
and (d) an adequate solution was proposed. The contributions in this work are as
follow:

1. T presented a survey of all existing sign language recognition applications built
on mobile phones.

2. All existing public hand segmentation datasets was reviewed and analyzed in
terms of pros and cons.

3. I created a new public dataset for the hand-over-face segmentation.

4. A Multi-level Pyramid Scene Parsing Network (MPSP-Net) for semantic seg-
mentation problem was proposed. The unique characteristics that make this
model proper for a hand-over-face segmentation challenge were discussed.

5. I provided a study on the consequence of utilizing video motion information

from the VLM-HandOverFace dataset on the (MPSP-Net).
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