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Abstract

Distinguishing between spontaneous and deliberate smiles is an important direction
in the field of computer vision to understand and analyse human expression signals.
In this thesis, an automated approach of distinction between spontaneous and delib-
erate smiles from videos without any manual input is developed. Combination of
end-to-end deep learning architecture and face detection, alignment and cropping is
applied in this approach. A complete series of processes for facial expression recog-
nition in video from data pre-processing to prediction is designed and implemented.
Multiple experiments are designed to evaluate the system. In addition, the factors
that influence the ability of designed approaches to distinguish between spontaneous
and deliberate smiles are discussed and analysed.
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Chapter 1

Introduction

This chapter gives the introduction of the project. The problem that this project
intends to solve is stated in section 1.1. Then, section 1.2 states the motivations of this
research project. The contribution of this project is given in section 1.3. Section 1.4
gives the project scope, and section 1.5 lists the outline of this project thesis.

1.1 Problem Statement

In this project, I intend to develop an end-to-end method to automatically distinguish
smile between spontaneous and deliberate from normalised videos using computer
vision deep learning approaches. The smile videos used in this project are from
UvA-NEMO Smile dataset [Dibeklioglu et al., 2012]. Compared to related works, the
developed method will require no manual input and automate feature extractions
and predictions on raw data.

1.2 Motivations

Human facial expressions are an important way to convey emotional and nonverbal
communication, and smile is one of the most basic facial expressions. Understand-
ing and interpreting human facial expressions may revolutionise the way human-
computer interactions occur. Therefore, in the field of artificial intelligence, automatic
analysis of human expression is an important research direction.

In the recognition of expressions, it is necessary to distinguish spontaneous and
posed expressions. Because of complex human emotions and different contexts, spon-
taneous and posed expressions may convey or imply completely different emotions.
In spontaneous analysis, smile is the most important expression because it is the
most frequent expression [Dibeklioglu et al., 2012]. Based on context, a spontaneous
smile can convey a lot of information, such as happiness, appreciation, enthusiasm,
intimacy, etc. Conversely, a deliberate smile may mean embarrassment, ridicule, etc.
Because it is the easiest expression to deliberately pose, it is often used to mask the
real emotions [Ekman et al., 1988].

The UvA-NEMO Smile database [Dibeklioglu et al., 2012] provides a set of stan-
dardised video data for distinguishing between spontaneous and deliberate smiles,



2 Introduction

including the use of consistent illumination, the same facial angle and position, etc.,
and artificially controlling the spontaneous or deliberate smile of the participants. In
works related to this database, a common method is to manually place landmarks in
the first frame and track the movement of these landmarks on the timeline to extract
visual features [Dibeklioglu et al., 2015][Mandal and Ouarti, 2017]. However, this
kind of method requires a lot of manual input, which causes limitations in practical
applications. Therefore, it is necessary to propose a method to automate the process
of distinguishing between spontaneous and deliberate smiles.

1.3 Contributions

The main contributions made in this research includes:

e Developed a method of automating the distinction between spontaneous and
deliberate smiles from videos without any manual input.

e Designed a series of processes for facial expression recognition in video from
data pre-processing to prediction.

e Discussed and analysed the factors that influence the ability of designed meth-
ods to distinguish between spontaneous and deliberate smiles.

1.4 Project Scope

In this project, a neural network model capable of automatically extracting visual
features from raw video and distinguishing between spontaneous and deliberate
smiles was constructed and trained using the CRNN structure, where ResNet-152 [He
et al., 2015] and Long Short-Term Memory (LSTM) [Hochreiter and Schmidhuber,
1997] are combined to construct the model. To improve the quality of the data,
multiple data pre-processing methods are applied to automatically detect, align and
crop human faces in videos for data normalisation and enhancement. Multiple
experiments are designed and carried out to evaluate the performance of the methods.

1.5 Report Outline

This report is divided into six chapters. Chapter 1 gives the basic introduction of
this project. The background necessary for reading this thesis is given in Chapter 2.
Chapter 3 gives the high level design and detailed implementation of the method.
Experimental methodology is describe in Chapter 4. The experiment results are
given in Chapter 5, and Chapter 6 gives the conclusion of the project and states the
challenges and future works of this project.



Chapter 2

Background and Related Work

Section 2.1 gives necessary background materials for reading this report, and Sec-
tion 2.2 gives the related works about this report.

2.1 Background

2.1.1 Deep Learning

Deep learning originated from artificial neural networks, a branch of machine learn-
ing [Alom et al., 2019]. The relationships between deep learning, neural network
and machine learning is illustrated in fig. 2.1 [Alom et al., 2019]. Deep learning
can be divided into supervised, semi-supervised and unsupervised, where the deep
learning approaches discussed in this project are all belong to supervised learning.
Compared with traditional machine learning, by applying feature extraction algo-
rithm to manually produce feature values and applying them to train models, deep
learning approaches automatically performs feature extraction and hierarchical rep-
resentation at multiple levels. This gives deep learning a natural advantage over
traditional machine learning in feature extraction. In addition, deep learning is a
generic learning approach that is non-task-specific and can solve almost all kinds of
problems in different application fields [Bengio, 2009].

The branches of deep learning include Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), and Generative Adversarial Networks (GAN),
etc., among which the first two approaches are applied in this project. In addition,
Convoluational Recurrent Neural Network (CRNN) used in this project is a hybrid
deep learning approach that combines the features of CNN and RNN to enable the
neural network to automatically extract features from videos and conduct classifica-
tions.

2.1.2 Convolutional Neural Network

The concept of convolutional neural networks (CNN) was first proposed in 1988 [Fukushima,
1988]. CNN's structure is similar to human visual processing systems. It hierarchi-

cally represents the information in the image and extracts visual features to "see" and
"understand" 2D or 3D image.
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Brain-Inspired

SNN

Figure 2.1: Relationships between Artificial Intellegence (AI), Machine Learning (ML), Neural
Network (NN) and Deep Learning (DL).

CNN is mainly composed of feature extraction layer and classification layer. The
feature extraction layer is mainly composed of convolutional layers and a pooling
layers. These two kinds of layers usually appear alternately inside the CNN, with
the convolution layer as the even layer and the pool layer as the odd layer. The
convolutional layer functions in the extraction of image features, which convolute
the input image for local perception using a convolution kernel. The pooling layer
performs the spatially dimension reduction on the input image to reduce the input
size, computation, and number of parameters of the next layer. The alternating use
of these two layers allows the visual features in the image to be refined layer by
layer and used as features to train the classifier. The classification layer is also called
the fully-connected layer and is generally a Feed-forward neural network. In this
layer, the features extracted from the feature extraction layer are used as inputs, and
the output is the final classification result [Alom et al., 2019]. Fig. 2.2 illustrates the
structure of a simple convolutional neural network [Alom et al., 2019].

There are many optimised CNN architectures such as LeNet, AlexNet, VGG16,
GoogLeNet and ResNet. In this project, ResNet-152 with 152 layers of depth is used
to construct the CRNN.

2.1.3 Recurrent Neural Network

Recurrent Neural Network (RNN) is used to solve problems that are completely dif-
ferent from CNN. When CNN focuses on extracting visual information from images,
RNN focuses on processing temporal series information. RNN has a continuous
memory ability to "understand" sequential information based on the understanding
of the context. It is similar to human reading, where the understanding of each word
is based on an understanding of the previous words that read earlier.

Traditional approaches such as deep neural networks (DNN) and convolutional
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Figure 2.2: The structure of a simple Convolutional Neural Network (CNN). Convolutional
layers and pooling layers alternate in the feature extraction layer, and the extracted feature
vectors are fed to the Feed-forward neural network for classification.

neural networks cannot "think" like this, because they only take a fixed-size vector
(e.g., a video frame) as input and output a fixed-size vector (e.g., classes), and their
computational steps (e.g., layers) are fixed [Alom et al., 2019]. Unlike the above
method, the RNN has memory capabilities, where the previous information on the
time axis is influential for the processing of subsequent information.

In the simple recurrent neural network proposed by Elman [Elman, 1990], this
function is implemented by using the output of the hidden layer together with the
regular input as the input to the hidden layer in the next hidden state. Fig. 2.3 shows
the structure of a simple RNN [Alom et al., 2019]. The working principle of RNN is
expressed mathematically as [Elman, 1990]:

h; = oy, (WhXt +uphe 1 + bh) , (2.1)

yi = 0y (wyhi +by), 2.2)

where I; is the hidden layer, x; is the input, y; is the output, w and u are weight
matrices and b is the bias.

In this project, the more complex RNN architecture Long Short-Term Memory
(LSTM) is used to construct the CRNN due to its more continuous memory and
higher performance.

2.2 Related work

2.2.1 Classifications on Videos

The state-of-art video classification approaches are divided into three categories ac-
cording to feature extraction methods: text-based, audio-based, and vision-based [Darji,
2017].
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Figure 2.3: The structure of simple Recurrent Neural Network (RNN). The output of the
hidden neuron is used along with the regular input as the input to the hidden neuron at the
next time step.

Text-based video classification methods generally extract texts from two kinds of
sources, one of which is texts from video frames, such as scoreboards in ball games,
subtitles on screen, advertising signs, etc. OCR technology is generally used for this
type of methods for text extraction. Another source is texts from speech, speech
recognition technology is generally applied to extract subtitles of the video [Darji,
2017].

The audio-based video classification consumes much less computational resources
and time than text-based and video-based methods, since the amount of computation
for processing audio is much smaller than that for processing video frames. The
audio signal in the video is typically sampled at a particular rate and the desired
features are extracted from the sampled audio [Darji, 2017].

Most researchers have used video-based feature extraction methods, and some-
times combined with text-based and audio-based methods [Darji, 2017]. This kind of
method extracts visual information from video frames as features for classification.
Many literature aim to compute local feature descriptors from spatio-temporal vol-
umes to precisely describe the temporal information of the video, and and quantise
the extracted features into bag-of-words or Fisher Vector representations before feed-
ing into classifiers [Brezeale and Cook, 2008]. The use of deep learning for automatic
feature extraction and classification is a recent trend.

2.2.2 distinguishing between spontaneous and deliberate smiles

Many existing related works are manual methods in distinguishing between sponta-
neous and deliberate smiles [Mandal and Ouarti, 2017; Dibeklioglu et al., 2015]. They
study the difference between spontaneous and deliberate smiles from psychological
or biological perspectives, and manually place landmarks and track them to capture
features. Dibeklioglu manually placed landmarks on the corners of the eyes, nose,
mouth, etc. and tracked them to extract feature values, and then feed them into Sup-
port Vector Machine (SVM) for learning and classification [Dibeklioglu et al., 2015].
Mandal and Ouarti also applies dense optical flow based on a similar method to
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Dibeklioglu [Mandal and Ouarti, 2017].

In general, these works ended up with high accuracy, but their methods are
basically depend on manual input. This limits the practical application range of
these methods. In their approach, the algorithm for feature extraction is manual
design. However, the state-of-art technology in recent years allows us to use the deep
learning approaches for feature extraction and learning to automate the process of
distinguishing spontaneous and deliberate smiles.

2.3 Summary

In this chapter, the background necessary for reading this thesis and the related works
are given. The architecture design and detailed implementation are given in the next
chapter.
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Chapter 3

Design and Implementation

In this chapter, the design and implementation part of this project is given. The
dataset used this project is described in Chapter 3.1. Chapter 3.2 gives the design of
the methods. The subsection 3.2.1 provides the overview of the method. The design of
data pre-processing is given in subsection 3.2.2, and the design of classifier is given in
subsection 3.2.3. Chapter 3.3 gives the detailed implementation. The implementation
of data pre-processing is given in subsection 3.3.3 and the detailed implementation
of the classifier is given in subsection 3.3.4. The section 3.4 gives the summary of this
chapter.

3.1 Data description

This project is carried out around the UvA-NEMO Smile database [Dibeklioglu et al.,
2012]. This database consists of 1240 videos (in RGB colour) recorded in the same
lighting environment by the same camera with the resolution of 1920 * 1080 pixels.
The camera was kept at a distance of 1.5 meters from the participant. The videos
were recorded at 50 frames per second, and each video is between about 100 and
700 frames in length. Participants were shown short, interesting video clips to collect
spontaneous smiles, while for deliberate smiles, they were asked to pose a smile as
realistically as possible. The database contains over 400 participants, each of whom is
between the ages of 8 and 76. Sample frames from the database are shown in fig. 3.1,
where the top row shows the neural faces of each participant, spontaneous smiles
are shown in the medium row, and the bottom row shows the deliberate smiles. The
database includes an experimental protocol that recommends cross validation to be
more fair to compare with other studies.

3.2 Design

In this section, subsection 3.2.1 gives the overview of workflow for training the
classifier model. The other subsections gives the designed methods respectfully.

9
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Figure 3.1: Sample frames from the UvA-NEMO Smile database [Dibeklioglu et al., 2012].
Five sample subjects shown in different columns. The top row shows the neural faces,
spontaneous smiles are shown in the medium row, and the bottom row shows the deliberate
smiles.

3.2.1 Overview

Fig. 3.2 gives an overview of workflow for training the classifier model. Firstly, frames
are extracted automatically from each video and the raw frame dataset is formed.
In the raw frame dataset, frames of each video are included in the corresponding
folder. Then the dataset is pre-processed before training. As the experimental pro-
tocol of UvA-NEMO Smile database [Dibeklioglu et al., 2012] suggested, two-level
cross-validation is applied on the complete pre-processed dataset for parameter op-
timisation. After the decision of optimised parameters, the pre-processed dataset is
separated into training/validation dataset and test dataset.

3.2.2 Data pre-processing

In order to improve the quality of the dataset, the following pre-processing methods
are applied to this project. Firstly, frame extraction is carried out to extract frames
from each video. Then face detection, alignhment and cropping is carried out to
normalise the images with the facial information.

Frame extraction

Frame extraction is performed first on the raw dataset. Each frame is extracted from
the video, and archived in the same directory, so that the dataset is converted from
1240 videos to 1240 directories, each has the same name with a video, and stores all
frames of the video.

Face detection, alignment and cropping

Although the collection of the dataset is carried out under strict control of variables
such as lighting and distance, the dataset still has deficiencies. First, the participants
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Figure 3.2: The overview of work flow for training the classifier model for classification.
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o

Figure 3.3: Sample frames after face detection, cropping and alignment. The outer eyes and
the nose in each frame are aligned to the same position, so that most of the significant features
on each face are aligned to similar positions.

in the videos are not always perfectly facing the camera, and their orientations tend
to biased. And their posture is always changing, especially when the participants
make a smile, their faces would naturally sway. This can have a negative impact on
the training of the model, especially for models that sensitive to transformation such
as Convolutional Neural Networks. Besides, the clothes worn by the participants,
the numbers jumping on the screen after the them, etc. were all irrelevant to dis-
tinguish the spontaneous and deliberate smile of the participants. Therefore, these
elements may become noises that misleading the learning of the classifier and should
be masked out during the pre-processing stage.

In this project, face detection, alignment and cropping methods are applied on the
frames in each video in order to address these problems. Firstly, the face is detected
in each frame. Then the posture of the face is estimated, and an affine transformation
is applied to aligned the outer eyes and bottom lip cause them to appear at the same
position on each frame. After that, the aligned faces is cropped and resized to a
uniform size. Fig. 3.3 shows the sample frames after face detection, cropping and
alignment. As can be seen from the figure, the face in each frame is aligned according
to the outer eyes and the nose. In the image, only the human face is retained, and
many interfering elements such as background, clothes and numbers are reduced.

3.2.3 Convolutional Recurrent Neural Network

In order to perform expression classification on the videos, Convolutional Recurrent
Neural Network (CRNN), an end-to-end trainable neural network is constructed [Shi
et al., 2015]. This neural network structure can naturally process sequencial image-
based information such as video and images containing text. In CRNN, Convolutional



§3.2 Design 13

Neural Networks (CNN) and Recurrent Neural Networks (RNN) are combined and
connected together. The model consists of three layers: the convolutional layer, the
recurrent layer and the fully-connected layer. The implementation of this model is
based on the code from GitHub [HHTseng, 2019].

The convolutional layer is a Convolutional Neural Network with its fully-connected
layer removed, which makes the network a visual feature extractor. For each two-
dimensional RGB frame x(t), the CNN is applied to encode it into a one-dimensional
vector z(t) by

fonn (X(t)> =2z, (3.1)

Training a CNN model that can accurately extract important features from a smiling
face from scratch can be very time consuming, therefore, in this project, a pre-trained
ResNet-152 model is used [He et al., 2015]. ResNet is a residual learning framework
that can be used to construct very deep CNN up to 152 layers by learning residual
representation functions rather than directly learning signals [He et al., 2015].

The Recurrent layer is a Recurrent Neural Network, which receives each one-
dimensional vector z(t) produced by the CNN encoder as input, learns from the
input visual features and the sequence, and another one-dimensional vector h(t) is
outputted. In this project, Long Short-Term Memory (LSTM) with longer memory
capacity is used instead of standard RNN.

At the end of the CRNN structure, all outputs from the RNN layer are connected
to the fully connected layer, which is a shallow neural network. In this layer, the
output from each RNN time step is learned and the prediction is carried out to label
the category of the video.

Fig. 3.4 shows a overview of CRNN’s workflow. The CNN encoder is first used
as a visual feature extractor to convolve each two-dimensional RGB frame into a
one-dimensional feature vector. Thereafter, all feature vectors are combined into a
two-dimensional matrix, where the first dimension represents the sequence of frames
and the second dimension represents the feature vector of each frame. The RNN
decoder is then applied to this matrix to learn the sequence, and provide an output
for each frame. Finally, all outputs from the RNN layer are fed into a fully-connected
layer for the final classification.

3.2.4 Two-level cross validation

According to the experimental protocol of UvA-NEMO database [Dibeklioglu et al.,
2012], two-level cross validation should be applied for a fair comparison with other
studies. The work flow of two-level cross validation is shown in fig. 3.5. The external
layer (level 1) is a 10-fold cross validation, in this layer, each time a test fold is
separated, a 9-fold cross validation is performed as the internal layer (level 2). In the
internal layer, each time a validation fold is separated, the remained 8 folds are used
for training CRNN model. There is no video overlap allowed between folds. The
parameters are optimised in the internal layer, and the average prediction accuracy
of the external layer is computed to evaluate the model.
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Figure 3.4: The overview of workflow for Convolutional Recurrent Neural Network. The
visual features in each frame is extracted by the convolutional layer, and then the temporal
features of the extracted feature vectors are learned by the recurrent layer. Finally, the output
of the recurrent layer is fed to the fully-connected layer for learning or prediction.
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for cross validation (level 2).

- Repeat (2): In cross validation (level 2), the training/validation process repeats 9 times. On the ith
repetition, the ith fold becomes the validation fold, and the remaining 8 folds become training folds.

Figure 3.5: The work flow of two-level cross-validation.
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3.3 Implementation

In this section, subsection 3.3.1 outlines the implementation, and the other subsections
gives the detailed implementation of the designed methods.

3.3.1 Overview

In this project, all the code is built on Python 3.7 on Windows 10 or Linux (Red Hat
and Ubuntu). Anaconda 3 is used as an environment manager. In the implementation
of data preprocessing, openface [Amos et al., 2016], dlib [King, 2009], opencv [Brad-
ski, 2000] and other libraries are used. In the implementation of the classification,
PyTorch [Paszke et al., 2017], Numpy [Oliphant, 2006], Pandas [McKinney, 2010],
Scikit-learn [Pedregosa et al., 2011], Matplotlib [Hunter, 2007], tqdm and other li-
braries are used. The code has been tested to run on windows 10 and linux (ubuntu).
Nvidia CUDA is used to transfer data to the GPU for computation to reduce the
training and prediction time of the model. Most of the code is written on Visual
Studio Code, and a small amount of code is written on Jupyter Notebook.

3.3.2 Frame extraction

In order to optimise the efficiency of the code and simplify the process, all the frames
in each video are extracted as a frame dataset for classification, rather than directly use
the raw videos. Firstly, the original database is scanned and the name of each video
is extracted. Then methods from the opencv library [Bradski, 2000] is used to open
each video and save all the frames into the corresponding directory. Therefore, before
frame extraction, the dataset is a directory of videos. After that, the dataset becomes a
directory of sub-directories, each includes all the frames of the corresponding video.

3.3.3 Data pre-processing

In this project, code from the openface library [Amos et al., 2016] and the dlib li-
brary [King, 2009] is used to implement face detection, alignment and cropping.
According to the requirements of the pre-trained ResNet-152 model [He et al., 2015],
the frames is normalised using mean = [0.485, 0.456, 0.406] and std = [0.229, 0.224,
0.225] before inputted into the CRNN model. Meanwhile, all frames are also re-
sized to 224 x 224 in RGB colours to accommodate the training configuration of the
pre-trained ResNet-152 model.

3.3.4 Convolutional Recurrent Neural Network

In this project, the implementation of Convolutional Recurrent Neural Network is car-
ried out using PyTorch [Paszke et al., 2017] and other libraries. Database objects that
supports various PyTorch operations are built by inheriting the Torch.Util.data.Dataset
class from PyTorch. Besides, DataLoader from PyTorch is used to iterate the dataset
and load the items as needed. First the dataset is scanned and the name and label
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of each video is extracted. Then the dataset is separated into 80% training set and
20% test set. After that, according to the separated names, two dataset objects are
initialised to characterise the training set and test set. Then, a DataLoader object is
initialised for each dataset object.

In CRNN, the neural network layers are implemented by inheriting the Torch.nn.Module
class. The convolutional layer is constructed by a ResNet-152 model pretrained on
the image dataset ILSVRC-2012-CLS [Russakovsky et al., 2015] with the original fully-
connected layer removed. Besides, three additional fully-connected layers are added
at the end with a batch normalisation layer between each two of them. These extra
layers are used to reduce the dimensions of the output from the convolutional layer to
512. The recurrent layer has the same input size with the output size of convolutional
layer. The LSTM has 3 hidden layers and 512 hidden nodes. Two fully-connected
layer is concatenated at the end of LSTM for the final prediction with input size of
512 and output size of 2.

3.4 Summary

This chapter introduced the design of methodologies and the detailed implementation
of the designs. In the next chapter, the experiments will be given.
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Chapter 4

Experimental Methodology

In this chapter, experiments are designed to evaluate the performance of different
methods applied in the project. Section 4.1 gives the overview of the experiment
methodology. The other sections gives the detailed experiment methodology of
assessing each method.

4.1 Overview

In this project, cross entropy is used as loss function on training and testing, and
prediction accuracy is used as the primary means of model evaluation. In the next
sections, the performance of several methods are assessed. The final result of the best
model is compared with relevant research and the final conclusion is reached.

4.2 Data pre-processing

4.2.1 Basic pre-processing

When creating the baseline model, only the basic data pre-processing method is
applied, which is the image normalisation required for the pre-trained ResNet-152
model as introduced in 3.3.3. The frames are normalised using means = 0.485, 0.456,
0.406 on R, G, and B channels respectively, and standard deviations = 0.229, 0.224,
0.225 on R, G, and B channels respectively. At the same time, all frames are resized to
224 x 224 RGB images to accommodate the training configuration of the pre-trained
ResNet-152 model.

4.2.2 Face detection, alignment and cropping

Face detection, alignment, and cropping is applied to provide a better model perfor-
mance. In order to assess whether this method is indeed useful, its application or not
was used as a variable for multiple sets of controlled experiments. In the baseline,
this method was not applied, and in the experimental group, the faces were aligned
according to the outer eyes and the nose.
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4.3 Method of unifying video length

Since PyTorch cannot assemble multiple sets of data of different lengths into batches
of the same size, it is necessary to unify the video length of the data set. In this
project, various methods of uniform video length were tried.

4.3.1 Use the first 9o frames

This method is used as a baseline. To unify the lengths of all the videos, an heuristic
approach is to take the same number of frames from each video to form a clipped
video representing the original one. In this dataset, all videos are longer than 90
frames, thus, when loading the dataset, the baseline method only loads the first 90
frames in each video, therefore the common video length in the dataset is fixed at 90.

4.3.2 Upsampling

This method upsample all video to the maximum video length of the dataset. First,
scan the dataset and get the longest video length as the target common length of the
data set. Then, for all videos shorter than the target common length, one frame is
randomly extracted and one copy of it is inserted into its next position. Repeat this
operation until the video length reaches the target common length.

4.3.3 Dimensional compression and replication

After a video of length n passes through the convolutional layer in the CRNN model,
the output of the entire layer will have a size of 300 x n, where d is the length of the
vector after each frame passes through the convolutional layer, i.e. the output size
of the last fully-connected layer connected to the end of the ResNet-152 layer, and n
is the number of frames. Because the length of each video is different, that is, n is
indeterminate, the output size of the entire convolutional layer is uncertain.

This method compresses the time dimension of the output to one by averaging
after the video passes through the convolutional layer, i.e. compressing the output
size of convolutional layer from d x n to d x 1. The averaged frame is then copied a
fixed number of times m to form a fixed size matrix of d x m.

4.3.4 Zero-padding

This method pads each video shorter than the maximum video length L of the
dataset with the padding value to L, and instructs the convolutional layer and the
recurrent layer to ignore these padding values when updating, therefore CRNN can
accept videos in variable length without losing any information or adding any noise.
However, due to the time limitation of this project, this part has not been completed.
The specific situation is elaborated in Chapter 6.
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4.4 Summery

In this chapter, the experimental methodologies are introduced. In the next chapter,
the detailed result is given.
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Chapter 5

Results

In this chapter, the experiment results are given.

5.1 Overview

Table 5.1 gives the experiment results. Experiment 1 is the baseline for the entire
project, using only basic data pre-processing intro introduced in sub section 4.2.1,
and unifying the video length by intercepting the first 90 frames of each video. In
other experiments, the performance of various methods was evaluated by changing
the methods applied and comparing the results.

5.2 Data pre-processing

According to table 5.1, compared with the basic pre-processing only, the additional
application of facial detection, alignment and cropping has a slight improvement on
the accuracy of the model. This is because this method aligns the positions where
significant features (such as eyes, mouth corners, etc.) appear on each image appear,
thus, the convolution layer can extract important visual information more accurately,
and it also removes that irrelevant to facial expressions, such as backgrounds, clothes,
screens, numbers and color blocks.

5.3 Method of unifying video length

According to table 5.1, among the three different methods, the best one is upsampling,
which slightly improves the accuracy of the model. This may be because upsampling
preserves the chronological order of the video. Although some frames are copied
multiple times, the appearance order of the frames is consistent with the original
video. In contrast, the method of taking only the first 90 frames loses a lot of infor-
mation. Many videos are much longer than 90 frames, and these videos may not
even contain smiling frames in the first 90 frames. Dimensional compression and
replication loses the time information of the video and makes the recurrent layer lose
its effect. Therefore, the results obtained by these two methods are no different from
blind guesses.
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Table 5.1: The experiment results.

Data pre-processing  Unifying video

Experiment Accuracy
method length method
. Use only the
1 (Baseline) None 49.7%
first 90 frames
Face detection, U v th
se on e
2 alignment, y 51.2%
. first 90 frames
and cropping
3 None Upsampling 50.4%
Face detection,
4 alignment, Upsampling 54.6%
and cropping
Dimensional
5 None compression 50.5%
and replication
Face detection, Dimensional
6 alignment, compression 51.7%

and cropping

and replication
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5.4 Discussion

In this project, the final performance of the model was not satisfactory, and the best
performance only achieved 54% accuracy. The reasons for the low accuracy may be
multifaceted.

5.4.1 CRNN

It is difficult to believe that the low accuracy is attributed to the structure of CRNN.
The same model was used to identify actions on the UCF-101 dataset [Soomro et al.,
2012] before the model was officially used on UvA-NEMO Smile database to distin-
guish spontaneous and deliberate smiles. Similar parameter settings can achieve an
accuracy of 85.68% on the UCF-101 dataset [HHTseng, 2019]. Therefore, it can be
considered that the low accuracy is not due to a problem with the structure of the
CRNN.

5.4.2 Pretrained model

The most likely cause comes from the pre-trained model. In order to enable the
convolutional layer to accurately extract the visual information in the images earlier,
the ResNet-152 model pre-trained on ILSVRC-2012-CLS [Russakovsky et al., 2015] is
used in implementation. However, since the dataset for pre-training is different from
the content of the UvA-NEMO Smile database, it is likely that the ResNet-152 CNN
cannot accurately extract important visual features related to distinguishing between
spontaneous and deliberate smiles. It can be expected that training a ResNet-152
CNN from the scratch for the UvA-NEMO Smile database can effectively improve
the feature extraction capability of the convolutional layer.

5.4.3 Video length

In this project, most of the methods to achieve uniform video length will cause
different degrees of loss of video information. Although upsampling is the method
causing the least lost among them, it still causes a loss of time information, because
this is equivalent to slowing down the time of the shorter videos. The zero-padding
method that was not implemented in this project can make CRNN compatible with
video of various lengths without losing any information. It can be expected that the
implementation of this method will effectively improve the accuracy of the model.

5.4.4 Face alignment

The face alignment method from dlib [King, 2009] does not perfectly align all faces.
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5.5 Summary

Overall, the results of this experiment show that the accuracy of the model is not
high enough. Most of the methods make the model produce accuracy similar to blind
guessing, but only when using face detection, alignment, cropping and upsampling
at the same time produce a slightly better result than blind guessing. However, this
performance is not good enough to be practical in the real world. In this chapter, the
reasons for the results are also discussed.

In the next chapter, the project is concluded, and the challenge the future works
are given.



Chapter 6

Conclusion

In this project, the application of end-to-end convolution recurrent neural networks
is proposed to train the deep neural network model to automatically distinguish
between spontaneous and deliberate smiles in the UvA-NEMO smile database. Com-
pared with related studies, this method does not require manual input on the dataset,
thus automating the processes from model training to prediction. Reasonable pro-
cesses from data pre-processing to prediction was designed to implement most of
the designed functions. Multiple sets of controlled experiments were performed to
evaluate the performance of different methods, and the experimental results were
explained and discussed.

In this chapter, section 6.1 gives the challenges faced in this project, and the future
work after this project is given in section 6.2.

6.1 Challenges

6.1.1 Hardware limitation

The biggest challenge faced this project comes from hardware limitations. The UvA-
NEMO Smile Database contains 1240 videos, each of which is between 100 and 700
frames in length, which means that there are huge frames to process. Moreover,
CRNN is a deep neural network that includes ResNet-152, three LSTM layers, and
four fully-connected layers, which consumes a lot of time for each iteration.

In the beginning, the project development environment was a laptop with an
Nvidia GTX 980M GPU and an Intel Core i7-4720HQ CPU. Project development
is done on Windows 10 and Windows Subsystem for Linux (Ubuntu). Models are
typically trained on 5% of the dataset to get result earlier. Due to memory limitations,
the batch size used for training can only be less than 3, otherwise the code will throw
a memory leak. The training conducted in this environment consumes about 45
minutes per epoch on average. This is quite time consuming, and because CRNN
training runs out of RAM to achieve maximum speed, it is impossible to do other
work on the laptop at the same time.

To solve this issue, Google Colab is used as a free cloud computing service. Its
ontology is a notebook software like Jupyter Notebook running in the cloud, but it
provides a cloud Linux virtual machine and allows Google Drive to be mounted as a
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virtual hard disk. Moreover, Google provides a free Nvidia Tesla T4 GPU with 16GB
RAM for use on Colab. However, model training on this platform is still a challenge.
Colab’s cloud virtual machine is shut down after 12 hours from initialisation, and the
high-performance GPU has a one-hour usage limit. Also, the training of the model
requires loading data from Google Drive, and the transfer speed between the virtual
machine and the virtual hard disk is quite slow. Therefore, although Colab provides
a high-performance GPU, the time spent training model on it is actually much slower
than training model locally.

In the last month of project development, I got an access to a GPU cluster server
with four Nvidia GTX 1070 GPUs, so the entire project turned to development and
training models on the GPU cluster. However, it is still time consuming to complete
the training. In practice, each training epoch takes about 1 hour and 40 minutes when
applying upsampling and training on 80% of the dataset with a batch size of 10, and
it takes 5 to 6 days to complete a complete 80-epoch training. This speeds up the
development of the project, but it is still not fast enough.

6.1.2 Zero-padding

The methods of upsampling and dimensional compression used in this project only
need to add a few lines to the code, and there is no side effect on the project itself.
Unlike them, development of zero-padding requires extensive modifications to the
entire code, including padding with the padding value when assembling the batch,
indicating that the convolutional layer and the recursive layer ignore padding values,
etc.. This method was proposed in the middle of the project, but due to hardware
limitations, it takes lots of time to debug, thus upsampling is applied instead of this
method to get a usable result as soon as possible.

6.2 Future Work

In the future work, the method of exploring a better unified video length is an
important direction. The first work is to implement a zero-padding method to make
the CRNN model compatible with video of different lengths. Then, finding the peak
moment of the smile in the video is a considerable direction, and finding a threshold
of smile level and intercepting frames above this threshold as smile data for training
is a data enhancement method that can be considered. It can be expected that this
method can effectively improve the accuracy of the model when combined with zero
padding. In addition, training a CNN model on the UvA-NEMO from scratch as the
convolutional layer for visual feature extraction is also an optional direction.

These methods are all designed to achieve higher model accuracy. When the accu-
racy is high enough, which shows that this method performs well on the UvA-NEMO
Smile database, extension of this method to other datasets is worth considering, and
expecting to finally reach a generic model that can distinguish between spontaneous
and deliberate smiles from arbitrary video.
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Appendix 1: Project Description

6.3 Project Title

Distinguishing genuine and posed smiles using computer vision deep learning ap-
proaches.

6.4 Learning Objectives

e Experience with face and emotion recognition
e Experience with computer vision for emotion recognition problems

e Experience with deep learning for face related computer vision tasks

6.5 Project Description

Most of the available techniques [1,2] of finding the difference between spontaneous
vs. posed smiles are dependent on hand engineered facial landmark features. More-
over, established methods usually manually annotate the first frame as user input
which essentially hampers the ultimate automation. We want to investigate whether
an end-to-end deep learning framework can be employed to propose a fully auto-
mated solution for this problem. Recent developments of the combination of CNN
and RNN can enable us to classify a video in an end-to-end manner [3]. We want
to apply such approaches to classify spontaneous vs. posed smile videos. Our end-
to-end architecture will incorporate all known knowledge about the discriminative
marker but with no/minimum human input. We want to focus on UvA-NEMO smile
database for our experiments due to its vastness and diversity.

[1]https:/ivi.fawi.uva.nl/isis/publications/2015/DibekliogluTMM2015/DibekliogluTMM2015.
pdf

[2]https://link.springer.com/chapter/10.1007/978-981-10-2107-7_24

[3]https://github.com/HHTseng/video-classification
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Appendix 3: Code Description

6.6 Code Outline

The artefact includes 6 files:

e NEMO ResNetCRNN.py

functions.py

o ResNetCRNN check prediction

frame extraction.py

check video predictions.ipynb

NEMOclasses.pkl.

6.7 Copyright

The following codes are created by myself: frame_extraction.py and NEMOclasses.pkl.
The following codes are based on HHTseng’s code on GitHub [HHTseng, 2019] and
modified by myself: NEMO_ResNetCRNN.py, functions.py, ResNetCRNN_check_prediction
and check_video_predictions.ipynb. The parts that are original, modified, or oth-

ers’ work are clearly indicated in the codes.

6.8 Description

The file functions.py contains definitions of all the public functions, dataset classes,

and models used in this project. The code for training models is included in NEMO_ResNetCRNN. py,
and the code for prediction is included in ResNetCRNN_check_prediction. NEMOclasses.pkl
contains object of the categories for classification and is loaded by NEMO_ResNetCRNN. py

and ResNetCRNN_check_prediction automatically. frame extraction.py is used to

extract frames from the raw dataset. The code that illustrate the prediction result is

included in check video predictions.ipynb.

6.9 Environment Prerequisites

The experiment was carried out on the GPU clusters with Nvidia GTX 1070 GPU and
RedHat system. These codes should also work on Windows 10 and Ubuntu. If any er-
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ror occurred, it is most likely due to insufficient hardware conditions. At this time, re-
duction of batch_size in NEMO_ResNetCRNN.py and ResNetCRNN check prediction
should be considered.

e Python 3.6

e PyTorch 1.0.0
e Numpy 1.15.0
e Sklearn 0.19.2
e Matplotlib

e Pandas

e tqgdm

e OpenCV 4.1.0

e OpenFace 2.2.0



Appendix 4: Readme

6.10 Environment Prerequisites

e Windows 10 or Ubuntu

Python 3.6
PyTorch 1.0.0
Numpy 1.15.0
Sklearn 0.19.2
Matplotlib
Pandas

tqdm

OpenCV 4.1.0
OpenFace 2.2.0

6.11 How to obtain the data

The original dataset is available in: https;//www.uva-nemo.org/
If you do not have access to the original dataset, the extracted frames are available
in: https://drive.google.com/open?id=17rgv6ucLSOVGARh6XNoQljfoleFr8KYN

6.12 Workflow

1.
2.

Prepare the data and environment.

Set the input and output locations in frame_extraction.py and run frame
extraction with command python3 ./frame extraction.py.

Set the The location of the data directory (data_path), the location of NEMOclasses. pkl
(smile type path), the location where the trained model will be saved (save model path),
the location of index of the videos randomly selected in the training set (train_names_path),
and other parameters in NEMO_ResNetCRNN. py.

Run model training using command python3 ./NEMO_ResNetCRNN. py.
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. In ResNetCRNN_check_prediction.py, use the same configuration as that in

NEMO_ResNetCRNN. py.

. Run prediction using command python3 ./ResNetCRNN_check prediction.py

. To check the results, open check video_predictions.ipynb with Jupyter Note-

book, and run all cells one by one.
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