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ABSTRACT

SPATIO-TEMPORAL ASSESSMENT OF PAIN
INTENSITY THROUGH FACIAL
TRANSFORMATION-BASED REPRESENTATION
LEARNING

Diyala Nabeel Ata Erekat
M.S. in Computer Engineering
Advisor: Hamdi Dibeklioglu
September 2021

The nature of pain makes it difficult to assess due to its subjectivity and multi-
dimensional characteristics that include intensity, duration, and location. How-
ever, the ability to assess pain in an objective and reliable manner is crucial for
adequate pain management intervention as well as the diagnosis of the underlying
medical cause. To this end, in this thesis, we propose a video-based approach
for the automatic measurement of self-reported pain. The proposed method aims
to learn an efficient facial representation by exploiting the transformation of one
subject’s facial expression to that of another subject’s within a similar pain group.
We also explore the effect of leveraging self-reported pain scales i.e., the Visual
Analog Scale (VAS), the Sensory Scale (SEN), and the Affective Motivational
Scale (AFF), as well as the Observer Pain Intensity (OPI) on the reliable as-
sessment of pain intensity. To this end, a convolutional autoencoder network
is proposed to learn the facial transformation between subjects. The autoen-
coder’s optimized weights are then used to initialize the spatio-temporal network
architecture, which is further optimized by minimizing the mean absolute error
of estimations in terms of each of these scales while maximizing the consistency
between them. The reliability of the proposed method is evaluated on the bench-
mark database for pain measurement from videos, namely, the UNBC-McMaster
Pain Archive. Despite the challenging nature of this problem, the obtained results
show that the proposed method improves the state of the art, and the automated
assessment of pain severity is feasible and applicable to be used as a supportive
tool to provide a quantitative assessment of pain in clinical settings.

Keywords: Pain, Facial Expression, Temporal, Visual Analogue Scale, Autoen-
coder, Convolutional Neural Network, Recurrent Neural Network, Deep Learning.
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OZET

YUZ DONUSUMU TABANLI GOSTERIM OGRENIMI
ILE AGRI SIDDETININ UZAM-ZAMANSAL
DEGERLENDIRILMESI

Diyala Nabeel Ata Erekat
Bilgisayar Miithendisligi, Yiiksek Lisans
Tez Danigmani: Hamdi Dibeklioglu
Eylil 2021

Agrinin dogasi, onu, yogunluk, siire ve yeri igeren ¢ok boyutlu oOzelliklerine
bagli olan 0Oznelligi nedeniyle degerlendirmeyi zorlastirir. Bununla birlikte,
agriyl objektif ve giivenilir bir sekilde degerlendirebilmek, uygun agri1 yonetimi
miidahalesinin yani sira altta yatan tibbi nedenin teghisi i¢in de ¢ok onemlidir.
Bu tezde, beyana dayanli agri seviyesinin otomatik 6l¢iimiinii yapan video tabanh
bir yaklagim onerilmektedir. Onerilen yontem, bir kiginin yiiz ifadesinin ben-
zer bir agri seviyesi grubundaki bagka bir kigininkine doniigtiiriilmesinden yarar-
lanarak etkin bir yiiz gosterimi 6grenmeyi amaclamaktadir. Ayrica, Gozlemci
Agr1 Yogunlugu 6lcegi ile birlikte Gorsel Analog Olcek, Duygusal Olcek ve Etkin
Motivasyon Olcegi gibi beyana dayal agri Slceklerinden yararlanmanin etkisi
aragtirilmaktadir. Bu amagcla, kisiler arasindaki yiiz doniigimiinii 6grenmek
icin evrigimli bir otomatik kodlayici agr onerilmisgtir. Otomatik kodlayicinin
optimize edilmis agirliklari, daha sonra, bu oOlgeklerin her biri agisindan tah-
minlerin ortalama mutlak hatasini en aza indirirken, aralarindaki tutarliligi en
ust diizeye cikararak daha da optimize edilen uzam-zamansal ag mimarisinin
parametrelerinin baslangic degerleri olarak kullanilmaktadir. Onerilen yontemin
gilivenilirligi, videolardan agr1 ol¢timii igin bir kiyaslama veri tabani1 olan UNBC-
McMaster Agr1 Arsivi tizerinde degerlendirilmistir. Problemin zorlu dogasina
kargin, elde edilen sonuglar, en gelismis yontemleri geride birakmakta ve agri
seviyesinin otomatik degerlendiriminin miimkiin oldugunu ve klinik ortamlarda
nicel bir degerlendirme saglamak icin destekleyici bir ara¢ olarak kullanima uygu-
lanabilirligini gostermektedir.

Anahtar sozciikler: Agn, Yiz Ifadesi, Zaman, Gorsel Analog Olcek, Otomatik
Kodlayic1, Evrisimli Sinir Ag1, Tekrarlayan Sinir Ag1, Derin Ogrenme.
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Chapter 1

Introduction

Pain is a source of human distress, as well as a symptom and consequence of a
variety of medical conditions and a factor in medical and surgical care [2]. The
Visual Analogue Scale (VAS) and other uni-dimensional measures are used in
the traditional clinical assessment of pain. Patients in surgical care or transient
states of consciousness, as well as patients with severe cognitive problems (e.g.,
dementia) cannot assess their pain through the common self-reported assessment

tools. [3].

Significant attempts have been made to replace the self-reported pain tools
with accurate and valid methods that utilize pain indicators (e.g. facial expres-
sion) in order to assess pain [4, 5. The most thorough method requires manual
labeling of the facial muscle movements in accordance with the facial action cod-
ing system (FACS) [6, 7, 5]. The manual labeling of FACS is done by highly
skilled observers which require intensive hours of training, as well as equally long
hours to label a single minute of a video, rendering this method unsuitable for

clinical use.

With the great advancement in deep learning and computer vision, automatic
pain assessment has emerged as potential solution for objective and reliable pain

assessment method. Despite VAS being the gold standard in clinical practice,



most previous efforts for automatic pain assessment have focused on frame-level
pain intensity measurement consistent with the Facial Action Coding System
(FACS) based Prkachin and Solomon Pain Intensity (PSPI) metric [4]. To date,
using the publicly available UNBC-McMaster Pain Archive [1], only three recent
studies have proposed frameworks in order to automatically assess the pain of

patients in terms of Visual Analogue Scale (VAS) from videos.

For instance, Martinez and colleagues [8] proposed a two-step learning ap-
proach to estimate VAS by employing a Recurrent Neural Network which auto-
matically estimates PSPI scores at the frame level which is later on fed into the
personalized Hidden Conditional Random Fields to estimate the self-reported
VAS pain scores at the sequence level. Liu et al. [9] proposed an end-to-end
framework, named DeepFaceLIFT, that combines Neural Network and Gaussian
Regression models in order to estimate VAS. Lastly, Szczapa et al.[10] expanded
on the literature by proposing a geometry-based approach that utilizes the Gram
matrix computation in order to model the trajectory of the facial landmarks
dynamics. Self-reported Pain estimation is modeled using Support Vector Re-

gression by computing the similarity between said trajectories.

As a contribution to previous efforts, we propose a two-step learning framework
that aims to learn an efficient facial representation, at its first step, by modeling
a visual encoding that can transform the facial features of a subject to another
subject’s facial features within very similar pain scores. To this end, a convo-
lutional autoencoder with feed-forward convolutional layers and feed-backward
deconvolutional layers is employed to learn the mapping from one subject’s high-
dimensional facial appearance to a lower-dimensional facial latent space, which
can be used to construct another subject’s facial appearance. Each frame pair
is selected in a way that they are similar in terms of pain scores but different in
terms of subjects. This ensures that the learned facial representation focuses on
learning the carried pain information, and not the reconstruction of the identity
of a specific face. Following this step, we employ a recurrent convolutional model
for pain intensity measurement, where the convolutional module (AlexNet) aims
to learn the spatial information in each frame of the videos, while the recurrent

module (GRU) aims to learn the short-term temporal dependencies between each
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consecutive frames as well as the long-term temporal dependencies between all
frames across the time-space. The autoencoder from the previous step serves as
an unsupervised pre-training method to the convolutional module as its encoder’s
trained weights are used to initialize it. The unsupervised pre-training approach
improves the performance of spatio-temporal model as the spatial module has the
learned knowledge of the facial representation that captures the pain information
the best. Furthermore, we extend our recent work [11] that explored the effect of
using multiple highly-correlated pain scales i.e., the Visual Analog Scale (VAS),
the Sensory Scale (SEN), and the Affective Motivational Scale (AFF), as well
as the Observer Pain Intensity (OPI) in the training by further improving the
proposed custom loss function that minimizes the mean absolute error (MAE) of
each scale’s prediction while maximizing the consistency between each scale in a

proportional manner.

For evaluation purposes, we use the benchmark database namely the UNBC-
McMaster Pain Archive [1]. The effect of pre-training the spatial module on the
performance of the spatio-temporal model is investigated, where we conclude that
the pain-based autoencoder pre-training approach compares favorably with other
pre-initialization approaches. The effect of using multiple pain scales along with
enforcing consistency between them is investigated thoroughly, and it concluded
that using all four different scales while enforcing the consistency between them
in a proportional manner outperforms all other setups. In addition, the proposed
approach performs better than all recent state-of-the-art methods given similar

setup.

The rest of the chapters are organized as follows. Chapter 2 discusses the
previous efforts and studies done on automatic pain estimations and their limi-
tations. Chapter 3 goes in depth about the proposed architecture and the used
methodology from the applied pre-processing steps, and the unsupervised pre-
training method to the spatio-temporal model and the training loss functions.
The experimental setup and dataset used is outlined in Chapter 4, along with
the discussion and evaluation of the experimental results. Finally, we conclude

and state any possible future work in Chapter 5.



Chapter 2

Related Work

Pain is an unpleasant feeling which indicates the possibility of an underlying con-
dition or a potential disease. The ability to automatically monitor the patient’s
pain level during their stay in the hospital would provide a significant advantage
in patient care and cost reduction, especially that physicians use pain as one of
the main vital signs in hospitals to triage patients. The most popular technique
to identify the level of pain relies on patients to self-report using uni-dimensional
tools such as the Visual Analogue Scale (VAS), which is widely used due to
its efficiency and ability to use in different settings. However, VAS and other
subjective assessment tools have their own set of limitations; from sensitivity
to suggestions and deception to the inability to measure in cases with children,
infants, or patients with neurological or psychiatric impairments. Subsequently,
pain is frequently misdiagnosed, inadequately treated, and neglected, particularly
among marginalized groups [3]. In this chapter, we provide an overview of the
significant efforts made to replace the self-reported measurements through the lit-
erature and then we dive deeply into a technical review of the currently available

state-of-the-art methods that assess pain through estimating VAS.



2.1 Overview

Research focused on identifying reliable valid facial indicators of pain using the
Facial Action Coding System (FACS) in order to replace self-reported measure-
ments. Studies done by Prkachin and Solomon in 1992 [12] and the following
study in 2008 [4] managed to identify the Action Units (AUs) that carried the

majority of pain information.

The AUs are, as seen in Figure 2.1, brow lowering (AU4), orbital tightening
(cheek raiser (AU6), and eyelid tightener (AUT)) and levator contraction (Nose
Wrinkler (AU9), Upper Lip Raiser (AU10)). The relaxation of Levator palpebrae

superioris muscles (AU7) represents eyes closure behavior which denotes AU43.

Using the information provided by these AUs where each is measured on a scale
of 0 (absent) to 5 (maximum), except for AU43 which is measured by a binary
value that indicates the behavior existence or absence, Prkachin and Solomon
defined a 16-point pain metric; Prkachin and Solomon pain intensity (PSPI), as
the sum of intensities of brow lowering, orbital tightening, levator contraction,

and eye closure as defined in Equation 2.1.

PSPI metric is the only metric that can define pain on a frame-by-frame basis,
requires manual labeling of FACS by highly trained observers. Manual labeling
of a single minute of video can require several hours of effort and training which

makes it ill-suited for clinical real-time use.

PSPI = AU4 + M(AU6, AUT) + M(AU9, AU10) + AU43

x, ifx>y (2.1)
M(z,y) =
y, Otherwise.

With the release of publicly available pain databases (e.g., the UNBC-
McMaster Pain Archive) and advancements in computer vision and machine
learning, automatic assessment of pain using facial cues has emerged as a possi-

ble alternative to manual observations [2]. Most approaches to pain detection
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Figure 2.1: The anatomical muscle basis of facial action units used in calculating
PSPI adapted from Clemente 1997 [13].

focused on identifying the presence of pain from its absence [14, 1, 15], dis-
tinguishing its genuineness [16, 14, 17] and differentiating it from other emo-
tion expressions [18, 19, 20]. Furthermore, in terms of pain intensity detec-
tion, most previous efforts for automatic pain assessments have focused on
frame-level pain intensity measurement consistent with the Facial Action Cod-
ing System (FACS) based Prkachin and Solomon Pain Intensity (PSPI) metric
21, 22, 23, 24, 25, 26, 27, 28, 29, 30].



2.2 State-of-the-art Methods

To date, despite VAS being the gold standard in clinical practice, little attention
has been applied to video-based assessment consistent with the self-reported pain
scores. Using the publicly available UNBC McMaster Pain Archive [1], to the
best of our knowledge, only three recent studies have investigated automatic as-
sessment of self-reported pain from videos. In this section, we will give a technical

review of each paper and their proposed solution and discuss their shortcoming.

Martinez et al.[8] is the first study that used VAS prediction using facial cues.
They build a sequence-based classification hierarchical learning framework. Their
framework estimates the PSPI by employing a bidirectional long short-term mem-
ory recurrent neural net (Bi-LSTM). Then they use the estimated PSPI as an
input to the hidden conditional random field (HCRF) to predict the VAS of a
patient. Their work is different than other research especially because they use
the individual facial expressiveness score (I-FES) to personalize the classifier. I-
FES works by measuring the disagreement between the observed pain intensity
(OPI) and the self-reported VAS. They model the problem based on a sequence
of classification problems with a given image sequence (1V;) for patient i. The se-
quences of each person are annotated in terms of OPI as O = {Oy, ..., 0L} where
O; = {0,...,0} with individual per-sequence OPI scores are o; € {0,...,5}.
Similarly for VAS, V. = {V;,....Vp}, V; = {vi,..., o)}, and v; € {0,...,10}.
Moreover, the features for each sequence are represented as a pair of features
landmarks and PSPI scores (X, S) and they vary based on the duration T. Their

approach is divided into multiple steps:

1. Obtain the estimated objective of pain intensity as encoded by the PSPI
using LSTM. Because the videos are a sequence of images, LSTM is a great
methodology to be used to model a sequential problem. In this work, a
two-layer bidirectional LSTM is used to estimate the PSPI values from
the input features. The used LSTM contains multiple blocks with one or
more connected recurrent memory cells. To train the model, they use root

mean square error (rMSE) loss on the PSPI score at time t. Following, the
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output of the LSTM is fed into a fully connected layer with ReLLU activation

function.

2. Due to the challenge in estimating VAS from the facial expressions, I-FES
is used to capture the OPI ratio. The intuition behind defining I-FES as
in equation 2.2 is that the OPI is expected to vary significantly between
patients depending on how well their facial expressions are. Thus, by using
[-FES in this way, they are able to quantify those differences using the

ratings, specially using the OPI rater as the reference point.

; @ ok+1 .
L A, fa>0

pi=4° 2ket i (2.2)
1, Otherwise

3. HCRF is used for classifying the sequential data using multi-class dynamic
classification. In their case, the target VAS scores are considered the se-
quence labels and are represented by the top node of the graph, while the
temporal states are considered the hidden variables. Equation 2.3 calcu-
lates the score functions for each class v. The personalized HCRF features
Sy is calculated by multiplying the sequence of input features X and the
I-FES score p;

F(v,8y, H; Q) = > I(k =v).f(S,, H; b)) (2.3)

K
k=1

After following the steps above, the learning algorithm is configured by defining
the various inputs, optimizing RNN, computing [-FES, and optimizing HCRFs.
One of the unique aspects of their model is the separation between the learn-
ing of person-agnostic PSPI and person-specific VAS. Finally, they trained and
evaluated their framework using the UNBC-McMaster Shoulder Pain Expression
Archive Database where they got their MAE loss of 2.46 using RNN-HCRF with
personalisation approach. However, the proposed method requires to be retrained
on previously acquired VAS ratings from the participants and thus does not gen-

eralize to previously unseen participants.



GP (RBF-ARD

Per-frame predicted VAS

)

Figure 2.2: Graphical representation of DeepFaceLIFT two-stage learning model
for using AAM facial landmarks (x) extracted from each frame of an image se-
quence to estimate sequence-level VAS (Liu 2017 [9]).

To overcome this limitation, Liu et al.[9] proposed another set of pre-defined
personalized features (i.e., age range, gender, complexion) for automatic estima-
tion of the self-reported VAS. DeepFaceLIFT is their proposed two-stage frame-
work, as seen in Figure 2.2, that combines a Neural Network and Gaussian
Regression Models. They manually created three additional personal features:
complexion (pale-fair, fair-olive, and olive-dark), age (young, middle-aged, and
elderly), and gender (male and female) from each patients’ appearance. Also,
similarly to the other studies, they used AAM facial landmarks rather than raw

images. Their algorithm is divided into two stages:

1. Stage 1 is composed of a weakly supervised fully connected neural net-
work which uses multi-task and multi-instance learning. The full connected

neural network is composed of 4 layers with ReLLU activation function and



frame-level AAM as the input. The network is trained for 100 epochs and

with batch size 300 and it generates frame-level VAS scores.

2. Stage 2 introduces the Gaussian Regression Model with radial basis function
ARD kernel. The outputs from Stage 1 is computed into a statistical 10-D
feature vector (mean, median, minimum, maximum, variance, 3rd moment,
4th moment, 5th moment, the sum of all values, and interquartile range)
for each sequence, which is later on fed into the Gaussian Model to obtain

a personalized estimate of VAS.

They tested the model with its various settings on the UNBC-McMaster Shoulder
Pain Expression Archive Database and compared it with NN-MV, RNN, and
HCRF using ICC. Their results showed superiority when compared with other
benchmark algorithms especially when using personalized features and OPI scores

during training.

Szczapa et al.[10] is the latest study in the literature that proposed a model
to estimate sequence-level VAS score. Their study expanded on the previously
done work by using a geometry-based algorithm. Gram matrices formulation was
used for facial points trajectory representations on the Riemannian manifold of
symmetric positive semi-definite matrices of fixed rank. Also, instead of using
a neural network, they used support vector regression to model the problem as

manifold similar trajectories. Their framework consists of three steps:

1. Similar to the other studies, they used AAM to extract faces from the
videos, where 2D facial landmark configurations are detected. However, to
refine the facial extraction, a gram matrix (G) is used: G = AAT, where
A is the normalized facial configuration matrix. In order to refine the
facial extraction more, a geometry-based model; Riemannian geometry of
the space (ST(d, m)), is introduced to track the dynamic changes in the

landmarks within the different frames.

2. Then they applied a Bezier curve fitting algorithm to the trajectories to

smoothen them and minimize their noise. By applying Bezier curve two
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objectives are optimized and balanced: 1) the closeness of the data points
at any time point, and 2) the mean squared acceleration of the curve. After
applying the curve, a global alignment kernel is introduced with the support
vector regression to learn the mappings between the trajectories and the

pain intensities.

3. Finally, pain intensities are estimated using the support vector regression
model by training it on the training set which is part of the built kernel
that contains the similarity scores between all the trajectories. Moreover,
the labels of the trajectories are also given to the model. In order to test the
model, the mean absolute error between the ground truth and the predicted

pain intensities is calculated.

They tested the model with its various settings on the UNBC-McMaster
Dataset and compared their results with DeepFaceLIFT and RNN-HCRF. Their

results were competitive with respect to two other state-of-art algorithms.

The previous efforts done by DeepFaceLIFT and RNN-HCRF for automatic
self-reported pain measurement required an intermediate learning stage (i.e., two-
step approaches). They first predicted the PSPI or the VAS at the frame level
and then combined the predicted scores in a follow-up learning stage to predict
pain scores at the video level. As a contribution to previous efforts, we propose
a spatio-temporal end-to-end CNN-RNN model for pain intensity measurement

directly from videos.
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Chapter 3

Pain Intensity Prediction

Framework

In this chapter, we dive into details of our video-based approach for automatic
measurements of self-reported pain. Our framework as shown in Figure 3.1 con-
sists of three phases which we thoroughly discuss in each section of this chapter.
We first discuss the preliminary background information in section 3.1 about
the architectures that we incorporated in our framework and explain the reasons
behind choosing the convolutional autoencoder alongside with Gated Recurrent
Unit (GRU) instead of other neural network variations in our framework. Then
in section 3.2, we discuss thoroughly the pre-processing techniques that we used
to prepare our data and make it suitable to be fed into our framework. In or-
der to train the convolutional autoencoder and use its weights in our spatio-
temporal model in the following step, we explain the method we used to create
its training data and its training process in section 3.3. Lastly, we describe our

spatio-temporal model in order to estimate pain intensity in section 3.4.
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3.1 Preliminaries

3.1.1 Convolutional Autoencoder

Many of the advancements in Computer Vision field in the past few decades can
be attributed to the different variations and models of neural networks (NN).
The first seeds of development in neural networks started back in 1943, when a
neuroscientist; Warren MuCulloch, and a Logician; Walter Pitts, tried to mimic
the functionality of a biological neuron through a mathematical model [31]. Their
model is widely known now as MuCulloch-Pitts model (MP Model). Rosenblatt
[32] followed it up by introducing the most fundamental unit of deep neural net-
works; a single-layer perceptron model in the late 1950s which adds a learning
ability to the earlier proposed MP model. However, the single-layer perceptrons;
singular neurons, are linear models, and thus unable to handle linear insepara-
ble problems like XOR, parity, encoding, negation, and symmetry problems. To
address this, Hinton et al.[33] proposed a multi-layer feedforward network with
a hidden layer of neurons trained by the error back-propagation [34]. The suc-
cess of the back-propagation training algorithm [33, 35, 36, 37| is considered a
major breakthrough in artificial Neural Networks (ANN) which set the stage for
great advancements in deep learning, which foresaw the developments in convo-
lutional neural networks (CNNs), Recurrent Neural Networks (RNNs), Autoen-
coders (AEs), and improvements on finding the global minima in gradient descent

38).

Rumelhart et al.[33] introduced the first autoencoder model when he solved the
challenge of linear inseparable problems. Usually, neural networks when trained
in a supervised manner have an input layer that takes the data feature and
through the output layer, it encodes the feature out to a probability of certain
classes, whereas autoencoders are based on an encoder-decoder paradigm as seen
in Figure 3.2, where an encoder first transforms an input with dimension n, into
a typically a compressed lower-dimensional and meaningful representation. The
lower-dimensional representation usually captures the most essential information

that is required to recreate that input again as output, and a decoder with an
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output layer of dimension n that is fine-tuned to reconstruct the input back to
itself using the lower-dimensional representation by minimizing the reconstruction

loss.

Input Layer Hidden Layer Output Layer

Figure 3.2: A graphical representation of an autoencoder network with n-

dimensional input, n-dimensional output and m-dimensional hidden layer

Considering that autoencoder does not require any other data or labels, but
the data itself, makes it a perfect model to be trained for unsupervised and
semi-supervised learning. The information extracted in the lower-dimensional
representation is used to solve tasks like network pre-training, feature extraction,
dimensionality reduction, and clustering [39]. When the autoencoder has only
one hidden layer as seen in Figure 3.2, it is called shallow or classic autoencoder.
However, with the revolutionary success of deep neural networks, employing a
deep autoencoder with many hidden layers in the encoder and decoder parts
allows the layers to extract hierarchical features and thus producing higher-quality

reconstructed inputs with lower reconstruction error [40]. The variations of deep
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autoencoders are many and used for different applications including denoising

[41], transforming [42], variational [43] and adversarial [44] autoencoders.

The first deep convolutional auto-encoder (CAE) is introduced by Ranzato et
al.to learn a hierarchy of sparse feature detectors that are invariant to small shifts
and distortions in an unsupervised manner [45]. Instead of fully-connected layers
as in deep autoencoder, convolutional auto-encoder contains convolutional layers
[46] in the encoder part and deconvolution layers [47] in the decoder part. Such
networks are best suited for image processing tasks as they take advantage of
convolutional neural networks’ properties, considering that such networks have

been achieving groundbreaking results in image-related tasks [48, 49].

The encoder part in the convolutional auto-encoder is a typical CNN, which
usually consists of three different types of layers; convolutional layers, pooling
layers, and fully connected (fc) layers, where each layer’s output is passed as an
input to the next layer. While traditional neural network layers apply transfor-
mation functions to the entire input vectors, convolutional layers [46] apply linear
transformations called “convolution”, hence the name, to smaller local patches of
data based on the assumption that features spatially close to one another have
more relevance to each other than features far from one other. A convolution
is a linear operation that involves the multiplication of the input with a set of
weights called filters or kernels that are slid across the input tensor, then followed
by non-linear activation functions. Using multiple filters per convolutional layer
allows the network to create activation maps (feature maps) that summarize the
presence of these features in the input. Usually, the first layers learn low-level
features such as lines, edges, and curves, whereas deeper layers in the model learn
o encode more abstract features, like shapes or specific objects [50]. However, a
slight translation or movement of the features in the input can result in a differ-
ent activation map, making convolutional layers sensitive to feature positions. To
address this, usually pooling layer is added after non-linearity has been applied

to the activation maps output by a convolutional layer.

Pooling layers down-sample the activation map vector by applying an aggre-

gating function yielding a pooled activation map that summarises the features
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present in a region of the activation map generated by a convolution layer. This
helps to make the representation invariant to small translations in the input,
as the features close to each other will be pooled in the same location regard-
less. Along with increasing the robustness to minor variations in the input data,
pooling layers leads to faster convergence and better generalization, as well as
it controls overfitting by reducing the size of representations and thus, the total
number of parameters and the computational cost in the network [51, 52, 53].
When it comes to pooling operation, it can be done by either selecting the maxi-
mum value for each patch of the activation map, resulting in a pooled activation
map that contains the most prominent features of the previous activation map.
This operation is called max-pooling. Another operation is average pooling which
gives the average of features present in a patch, instead of the most prominent

feature.

While max-pooling was originally intended for fully supervised feed-forward ar-
chitectures only, Masci et al.[54] have investigated that the use of max-pooling in
autoencoder for hierarchical feature extraction, and concluded that max-pooling
layers provide the architecture with enough sparsity without needing to set any
regularization parameters. The last layers of CNN are usually fully connected
layers similar to other neural networks, and it applies a linear transformation to

its full input vectors and follows it up by a nonlinear activation function.

The decoder part in CAE is usual the inverse of the encoder part and usually
consists of three different types of layers; deconvolutional layers, unpooling layers,
and fully connected (fc) layers. Considering that pooling layers down-sample the
data which results in loss of spatial information that might be critical for precise
reconstruction, unpooling layers are employed to solve such issue by reversing
the pooling operation and reconstructing the original size of the activation map
as seen in Figure 3.3. This can be done by recording the location of maximum
activation (switch variables) selected during the max-pooling operation and then
restoring the max-pooled features into their correct place using that recorded

information.
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Figure 3.3: Illustration of deconvolution and unpooling layers taken from Noh et
al.[55].

In the encoder part, the output of the convolutional network is passed to the
pooling layer as an input, inversely, the output of an unpooling layer is an en-
larged activation map which is passed to the deconvolutional layer as an input.
Deconvolutional layer similar to convolutional layer performs convolution opera-
tion but aims to revert the spatial transformation done using the convolutional
ones [56, 57]. Where the convolutional layer tries to map the input image to
an encoding vector by decreasing and compressing activation maps from layer to
layer, deconvolutional layers try to reconstruct the encoded vector by increasing

and decompressing the activation maps from layer to layer.

3.1.2 Recurrent Models

Another extension of the feed-forward neural network is the recurrent neural
network which has the ability to handle sequential or time-series data such as
text, video, and speech. The ability to exploit temporal information made such
architecture and its variations best suited to solve problems like machine trans-

lation [58, 59], language modeling [60], text classification [61], image and video
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captioning [62, 63, 64], video analysis [65] and speech recognition [66, 67].

What makes them best suited for sequential or time-based data is the ability
of the model to remember previous inputs by having a recurrent hidden state
whose activation at each timestep t is dependent on its previous timestep ¢t — 1,

which leads to sharing weights across the time dimension.

POy 9
[jj ca RN |1 he | Puy

@
A
RNN »>| RNN > RNN »>| RNN

Figure 3.4: A Visualization of the Recurrent Neural Network

To elaborate more, given an input of a sequence data denoted as {x1, zs, ..., x;}
where x; is a data point at timestep ¢, each recurrent neuron receives input from
current data point x;, while also receiving input from the hidden node of the
previous timestep state h;_ ;. Each hidden state is updated through a nonlinear

activation function ¢ as follow:

0, ift =0
hy = (3.1)

o¢(hi—1,x¢), otherwise.

The output of the RNN architecture denoted as Y varies based on its type as
seen in Figure 3.5. For example, a one-to-many RNN takes one-timestep input
X = x; and generates a sequence output denoted as Y = {y1,¥2,..., 4} as in
music generation and image captioning. Similarly, many-to-one takes multiple-
timestep inputs; X = {zy,xs,...,2;} and generates one output at the last
timestep Y = y; as used in sentiment analysis. A many-to-many takes in a se-
quence input and generates a sequence output as well, as can be seen in machine

translation and frame-by-frame video labeling.
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Vanilla RNN suffers from exploding and vanishing gradients [68, 69], the ex-
ploding gradient problem can be easily handled using a technique called gradient
clipping which aims to shrink the gradients whose norms exceed a certain thresh-
old [70, 60]. However, the vanishing gradients in RNN are more challenging to
handle and hinder the RNN’s ability to learn long-term dependencies, as the

gradient becomes smaller with each timestep update making it insignificant.

Long Short Term Memory (LSTM) [69] and Gated Recurrent Unit (GRU) [59]
which are commonly used RNN architectures address this problem by introducing
specific gates with a well-defined purpose. Similar to RNN, LSTM which was
introduced back in 1997 takes an input of z; and h;_;, but has introduced a
new state called network cell state which is denoted by ¢;. The network cell state
value is controlled and updated by three gates; forget gate, input gate, and output
gate. All the gates use hyperbolic tangent and sigmoid activation functions. The
network cell state is responsible for aggregating the data from all previous time-
steps in some sort of encoding to maintain long-term dependencies, whereas the
hidden state h; focuses on the previous time-step ¢ — 1 and thus maintaining short
term dependencies. The forgot gate as its name implies controls what information
in the cell state to forget, given any new information introduced in the network,
whereas the input gate controls what new information to encode. The output
gate controls what information to encode and send to the network in the next

timestep.

one-to-many many-to-one many-to-many many-to-many

Figure 3.5: A Visualization of Different Types of RNNs

Similarly to LSTM, GRU which was introduced by Cho et al.[59] in 2014

addresses the vanishing gradient problems, however instead of having a network
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cell state to regulate information, GRU uses the hidden states along with two
gates; reset and update gates, to control the flow of information inside the unit
instead of the three gates as in LSTM. Base on multiple studies, GRU outperforms
LSTM on smaller datasets [71, 72, 73] and is less complex and computationally

more efficient in terms of training [73].

3.2 Face Alignment and Normalization

The ability of the human mind to detect and analyze faces is effortless; for exam-
ple, we can recognize the faces of the people we know, their state of emotion, and
even their behavioral intention whether it is genuine or deceitful, satisfactory or

disapproving with little effort or none at all.

In order to transfer this ability to machines to analyze faces accurately, the
Automatic Face Analysis Domain has gained extensive attention in Computer
Vision Research Groups. The domain itself is considered big enough that it con-
sists of many sub-domains each addressing a specific sub-problem. For instance,
face detection is the process of determining whether a face exists in a scene or not
(74, 75], whereas face alignment is the process of determining the face shape, i.e.
the location of characteristic facial features or landmarks [76]. Face localization
is the process of determining the face’s position in that scene [77] and the pro-
cess of comparing that localized face against a database in order to identify and
verify an identity is called face recognition [78|. Facial feature detection aims to
detect and localize facial features of a person from eyes, ears, nose, mouths, etc
(79, 80], whereas facial expression recognition identifies the emotional state and

behavioral intentions of that person.

In addition to how big this domain is, it is also considered to be a challenging
domain due to varying appearances of faces [81]. These challenges include, but
are not limited to 1) illumination variations formed due to lighting and camera
characteristics can cause a face to look dramatically different from one condition

to another, 2) variation of poses causes the face to differ from a different point
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of view; frontal, profile, 45° degree, along with introducing self-occlusion when
some features; eyes, nose or mouth become partially or completely occluded,
3) occlusion can make face detection problem difficult as the faces are partially
occluded by other objects and even if the face is detected, recognition may still be
difficult due to some hidden facial features, 4) hairstyles can hide facial features
whereas and facial hair can alter one’s appearance, especially the features around
the lower half of the face [82, 83, 84].

Given our defined problem, we want to focus on the pain information carried
specifically through the facial cues. Thus, to ensure that the facial expressions
are the dominant source of variance in our input images regardless of the subject,
we aim to remove the individual shapes of faces through shape normalization
and so, creating shape-free faces [85, 86, 87] as can be seen in Figure 3.6. This
technique is often referred to as 2D Face Morphing, where all faces are warped
based on Delaunay triangulation to a standard shape, in our case, the standard
shape is the average face of the whole database, resulting in new faces that each

had the same reflectance as its original face, but the shape of the average face.

Normdlize Faces to a c te h P
Frames »| Landmark Identification £ frontal pose p| ~OMPY el jcvekr' age face
(Frontdlization) anamarks
;/
S .
. Apply affine Create a triangular Create triangular mesh for
Shape-free facial- | _ ) P P
teature-dominant | transformation between |- mesh for the average |- frames by applying
ea u;e ominan corresponding friangles face Delaunay Triangulation
rames
~ —

Figure 3.6: Step-by-step Face Warping Algorithm

The first step into computing the average face aims to correct the face pose of
each frame by normalizing the input face images in terms of rotation and scale
to a predefined pose (frontal) to capture the maximum amount of information
from the features, considering that the setup for the camera orientation in the
UNBC-McMaster Pain Archive was frontal but had changes in poses.
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The used normalization algorithm is fairly straightforward and relies on the
inter pupil coordinates to obtain a normalized rotation and translation of the
face by aligning the faces such that the inner pupils of the eyes are on the
same horizontal line. Given that we have 66-point AMM landmarks for each
frame f in the database such as; Ly = [(x},y}), (#F,v7),. .., (29, yP)]. We
can obtain the coordinates of the eyes, such that the right eyes coordinates
are L't = [(z¥,y}),..., (2%, yf*)] and the left eyes coordinates are LY =
(27, y7), ..., (@, y7%)]. Using the eye coordinates, we obtain the inner pupils
coordinates by computing centroid of each eye. The angle between the two cen-
troids is the angle of rotation which we use for the rotation matrix. After com-
puting the rotation matrix, we apply the affine transformation on the images to

align the faces. This transforms the 66-AAM landmark points as well, such as
Ly =[(x},y1), (@3, 97), - - (@, 450

Next, we compute the average face A of the whole database, such that:
Ly = [(zY, yY), (24, v%), - ., (2%, y%0)] by averaging points of the transformed
landmarks as follows:

F

1
Ly = FZ(xl,yz) fori=1,...,66 (3.2)
F=1

After that, we create the triangular mesh for our input data by applying De-
launay Triangulation on every frame f using its corresponding set of points Z\f,
as well as on the average face points Z;. Since all the frames and the average
face have the same number of coordinates, we end up with the same number of
triangles for each mesh which offers us triangle-to-triangle correspondences be-
tween two sets of facial features. The average face triangular mesh serves as our

target output, whereas each frame’s triangular mesh aims to warp toward it.

Given that the average face triangular mesh is [¢}, 2, ..., ¢"] and the triangular
mesh for each frame f is [t}, 2, ... ,t?] where n is the number of triangulars, then

for every frame f, we can compute the affine transformation matrix M; that is

required to transform the 3 vertices from frame’s triangle t’J} to the 3 vertices from
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the average mesh’s corresponding triangular ¢!, such as:
M, = T(t ), (33)

Using the calculated piece-wise affine transformation matrices M, the warping is
achieved by translating each pixel in the source input image to its correspond-
ing coordinate forming the final warped face output. This kind of normalization
(pixel-to-pixel) ensures that our face images are comparable to each other re-
gardless of identity. The new normalized faces are then cropped out by forming
a mask with the convex hull of the landmark points resulting in images of size

(224%224) as seen in Figure .
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Figure 3.7: Face Normalization. (a) Original Face. (b) Facial Landmarks. (c)
Triangulation. (d) Warped Face [1].

3.3 Autoencoder-Based Representation Learn-

ing

Taking advantage of the autoencoder ability to learn a lower-dimensional repre-
sentation that captures the most essential information on the data, and inspired
by the work done by Dibeklioglu [88] where they employed a Siamese-like coupled
convolutional autoencoder network that aims to learn the facial representation
between kin pairs in order to verify kinship between two subjects, we similarly
explore the ability of the model to learn efficient facial representation by learning
the transformation encoding between two subjects within similar pain group. In
this section, we first discuss how we create the training data for our autoencoder
that enables it to learn the efficient pain information from the facial features, and

then we follow it up with how our autoencoder model is trained and optimized.
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3.3.1 Pain Expression Matching

To build up our pairs directory, we first divided our videos into 4 categories; no
pain (VAS = 0), mild (1 < VAS < 3), moderate (4 < VAS < 6) and severe
(VAS < 7), as we want to have pairs from different subjects, but we don’t have
enough sequences per label to create sufficient pairs. Assuming that the pain facial
expression within one pain category is similar across different subjects, we present
a method that learns the efficient pain features by exploiting the transformation

between sub-sequences within one pain category.

Shape-free facial- Assign each sequence _ | Iteratein a 5-frame
feature-dominant a pain category - sliding window
sequences
\

C bet h

ompane between eac Create feature vector Create feature vector
5-frame subsequence |- A <

. e based on landmark points based on frame-score
using Cosine Similarity

\J

Select the pair with CSS which is

Sort by cosine _
similanity score (CSS) - greater o:h::ﬁll? fhe S5 Pain Pair Archive

Figure 3.8: Step-by-step Pain Expression Matching

Following this assumption, we build pain pairs where each pain pair P! of pain
category p consists of two sub-sequences (K17, K2%) from two different subjects.
Using the whole sequence as a whole would require higher computational time
to train, and using one frame at a time would increase the frame noise, and thus
we wanted to maintain the temporal information across time without increasing

the complexity while eliminating frame noise and ensuring consistent matching,
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and so each category would consist of N number of 5-frame sub-sequences which
can be matched to another sub-sequence within the category where the similarity

between them is the highest.

For each sub-sequence, we represented in two feature vectors. The first
one, Vg, represents the PSPI score for each frame f in sub-sequence /C, such
as; Vi = [St, St41,- - - St4a] Where s; denotes the PSPI score for that frame at
t timestep. The second feature vector, [Jx, represents the normalized land-
marks for each frame f in K, such as; Jx = [L_f, KH, .. .KH], where L, =

(x5, yh), (22, 42), ..., (2%, y%)] denotes the landmarks at frame f at timestep ¢.

Using these two feature vectors, the Cosine Similarity Score (CSS) between two
sub-sequences within one pain category denoted as S is obtained by computing
the cosine similarity (C) between the corresponding feature vectors of K17 and
K27 such as:

C V1, Vi2) + C (Jxa, Ti2)
2

S(K1,K2) =
p-d (3.4)

Cp,q) =——""—
b0 = T

After that, we sort all pairs by the cosine similarity score in a descending order,
and then we add only the pairs that are with a CSS which is greater or equal to
a threshold 7 = 0.75.
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3.3.2 Pain-based Pre-training

Input Pair
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Figure 3.9: Overview of the proposed method for learning pain features mapping

of facial appearance between pain pairs.

To achieve our goal of learning a facial representation that captures the pain
information and patterns while taking advantage of state-of-art deep learning ar-
chitectures, we build an AlexNet-like autoencoder. AlexNet, which is considered
a milestone that promoted the rapid development of the modern deep convolu-
tional network, was developed by Alex et al.back in 2012 and achieved the best
classification result at that time using deep CNN in the ImageNet Large Scale
Visual Recognition Challenge (LSVRC) [48].

As shown in Figure 3.9 and Table 3.1, we employ the AlexNet for the encoder
convolutional part with its last classification layer removed. Our convolution net-
work has five convolutional layers altogether, three max-pooling operations are
performed between some of the convolutions and two fully connected layers that
aggregate the information obtained from all neurons from the third max-pooling.
The decoder network is the mirrored version of encoder one and is composed
of five deconvolutions, three max-unpooling layers, and two fully connected lay-
ers. Contrary to encoder network that reduces the size of activations through
feed-forward convolutional, decoder network enlarges the activations through the

combination of unpooling and feed-back deconvolution operations.
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Table 3.1: Configuration of AlexNet-based Autoencoder network. “conv”, “de-

conv”, “pool”, “unpool”, “fc” and “trfc” denote convolution, deconvolution, max-

pooling, max-unpooling, full connection and transposed full connection layers in

the network, respectively. Numbers next to the name of each layer indicate the

order of the corresponding layer.

Layer Kernel Size Stride  Output Size  Activation
Input - - 224 x 224 x 3 -
convl 11 x 11 4 55 x 55 x 96 ReLU
pooll 3x3 2 27 x 27 x 96 -
conv?2 5x5 1 27 x 27 x 256 ReLU
pool2 3x3 2 13 x 13 x 256 -
convy 3x3 1 13 x 13 x 384 ReLU
conv4 3x3 1 13 x 13 x 384 ReLU
convh 3x3 1 13 x 13 x 256 ReLU
pool3 3x3 2 6 x 6 x 256 -
k6 - ~ 1x1x409  ReLU
fc7 - - 1 x 1 x 4096 ReLU
Ctfer - ~ 1x1x4096  ReLU

trfc6 - - 1x1x9216 ReLU
unflatten - - 6 X 6 x 256 -
unpool3 3x3 2 13 x 13 x 256 -
deconvbh 3x3 1 13 x 13 x 384 ReLU
deconv4 3x3 1 13 x 13 x 384 -
deconv3 3x3 1 13 x 13 x 256 ReLLU
unpool2 3x3 2 27 x 27 x 256 -
deconv2 5x5 1 27 x 27 x 96 ReLU
unpooll 3x3 2 55 x 55 x 96 -
deconvl 11 x 11 4 224 x 224 x 3 ReLU
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To learn efficient coding between two pain pairing frames, the autoencoder
is trained in greedy, layer-wise fashion, and subsequently, the weights are fine-
tuned using back-propagation [89, 90, 91] by exploiting the visual similarity be-
tween the frames in the image space using cosine embedding loss. Cosine embed-
ding loss is usually used to learn nonlinear embeddings and measure the similar-

ity /dissimilarity between two tensors.

The model is trained pair-by-pair frame-by-frame on the obtained pair pain
archive as explained in the previous section with a distribution shown in Table 4.1,
and given that P denotes the input pair (K1, K2) where K1 = {I,1,...,115} de-
notes the input fed to the encoder and K2 = {I5, ..., I55} denotes the expected
output of the decoder, and Rl = {fl,l, F e [Al,g,} denote the actual corresponding
output of the image sequence from the decoder. If © is the cosine embedding
distance between two images, then the cost function in order to learn the trans-
formation of facial appearance between pain pairs by minimizing the distance

between Iy and l@l, as follows for each frame :

gcost = Q(fl,ia IQ,'L') . (35)

3.4 Spatio-Temporal Model

Given the nature of our data, we want to take advantage of the spatial information
presented in each frame of a sequence, while exploiting the temporal information
between these frames, and to that end, we propose a hybrid architecture as il-
lustrated in Figure 3.10 which consists of two modules; a convolutional module
for spatial features modeling and a recurrent dynamic module to learn the fa-
cial dynamics. Both modules are integrated into an end-to-end trainable system.
This Recurrent Convolutional Network architecture is not new in the literature,
while it is best suited for modeling sequence of images as in videos [92, 93], it has
also been used for multi-label image classification as proposed in Wang et al.[94],
image captioning [95] and text analysis by feeding the word embedding vectors

into the convolutional module [96].
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To leverage the pain information learned by training the convolutional au-
toencoder on reconstructing similar pain features as explained in Section 3.3, the
pre-trained autoencoder weights are used while the decoding blocks are removed.
At each time step of a given video of size N frames, aligned face image in the
target frame with a size of 224 x 224 x 3 pixels, is fed to the CNN network as an
input. A 4096-dimensional mid-level spatial representation is generated from the
second fully-connected layer and is aggregated as an input to the corresponding
time step of the recurrent model. In the backward pass, the parameters in the
convolutional module are optimized by back-propagating output gradients of the

upper recurrent module through all frames.

We employ a two-layer many-to-one gated recurrent network (GRU) with 1024
hidden units (at each layer) as our recurrent module. The depth of the recur-
rent network is selected based on our preliminary experiments where a 2-layer
recurrent network has outperformed both a single-layer and a 3-layer recurrent
network on multiple settings. As discussed in section 3.1.2, GRU is less complex

and better suited for problems with a smaller dataset to avoid overfitting.

At each time step of the input video (of size N frames), the corresponding out-
put of the convolutional module is fed to the GRU model, and a 1024-dimensional
temporal representation is computed. The model process one video at a time and
handle videos of different duration (see Figure 4.2(b)). In order to capture the dy-
namics of the whole sequence (input video), the representation obtained after the
last time step (i.e., after processing the whole video) is passed to a multivariate
linear regression layer to estimate the pain intensity of the corresponding video-
sequence. Because pain scores are continuous and not independent, a regression

function is used instead of multi-class classification.
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Figure 3.10: The graphical representation of our end-to-end pain estimation
model. (a) The CNN model initialized using pain-based encoder weights and
is trained to learn frame-by-frame spatial features (4096-D per frame) and (b)
The 2-layer GRU model trained to learn per-video temporal dynamics of facial
features. (c) The multivariate regression model to estimate pain intensity scores
consistent with the VAS, SEN, AFF, and OPI independently and in combination

[1].
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3.4.1 Regularization

To avoid overfitting, we employed three different regularization methods. L2 norm
regularization is used to penalize complexity as it reduces the model weights after
each epoch by wvalue. The smaller the weights are, the harder it is for the net-
work to learn local noise, and thus, the network is forced to learn commonly seen
features across the training set. Another method we employed is dropout regular-
ization [97], where a random number of neurons along with their connections are
dropped during training. This prevents co-adapting and forces the model to use
a different set of neurons for each training iteration. Our convolutional Module
(AlexNet)controls the complexity of its fully connected layers using a dropout
value of 0.5, which is also the same dropout value for the output of the inter-
mediate layer in our two-layer GRU module. The last method of regularization
that we used is early stopping which is applied by monitoring the validation loss
over a fixed number of epochs (in our training, it is set to 7). During training,
we save the model’s weights that minimize the validation loss at a certain epoch.
If beyond that point the validation loss doesn’t improve or worse decreases after

a grace period, the training process is halted to prevent further overfitting.

3.4.2 Pain Estimation Loss Function

To model the intensity of pain from facial features, we exploit the relevance
and relation of pain scores collected using multiple self-reported pain scales and
observer pain scale (see section 4.1). To this end, similarly to what we proposed
in our recent work [11], we propose a further improved custom loss function as

follows:
L=o Lysg+(1—a) Loyc+ - [[W]]2, (3.6)

where W denotes the weight parameters of the deep model. Let Lyag indicates
the Mean Absolute Error (MAE) as:

ﬁMAEznimZZ‘?/g—@g

i jes

, (3.7)
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and, Ly is the loss that measures the consistency in pain scores obtained using
different pain scales (e.g., consistency between the predicted self-reported and
observed pain scores). |[W||; indicates the L2 norm of the weight parameters, o
is the trade-off parameter (between Lyag and Lyc), A is the regularization rate,
and yf , g)f denote the actual and predicted pain scores of the ith video using the
jth pain scale, respectively. While n represents the number of training videos, S
is the set of predefined pain scales, i.e., S = {VAS, AFF,SEN, OPI}, and m is

the size of S (see section 4.1 for the definition of pain scales).

As shown in Equation 3.6, our loss definition consists of three terms. The first
term Lyag, aims to minimize the difference between the predicted scores and their
actual values (in each pain scale). In our previous work [11], the second term,
namely consistency term, Lc enforces the consistency of the predictions from
different pain scales (i.e., VAS, AFF, SEN, and OPI). The assumption behind
that is that each pain scale is highly correlated to any other pain scale, and thus,
they should be relatively similar in magnitude when normalized between [0-1].
Based on that assumption, each scale’s deviation (o) for each video is computed,
and the average of the deviation values of the training samples is used as the

consistency loss as follow:

Lo= %Za (Y) , (3.8)

where, Y; denotes the predicted labels for the ith video, particularly Y; =
{y/ | j € S}, n represents the number of training videos and S is the set of
predefined pain scales, i.e., S = {VAS, AFF, SEN, OPI}.

The shortcoming of the previous proposed loss function is that it assumed that
all scales are equally proportional to one another, however in fact, each pain scale
a is proportional to another pain scale b by a factor of w,;, and respectively, b
is proportional to a by a factor of w,,. The proportional weights between each

scale are computed such as:

> Y
Wap = Zn yb . (39)
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To take advantage of the proportional ratio between scales, we incorporate the
weights in our previously proposed loss function resulting in a new term Lyc,
namely weighted consistency term, which is used in our custom loss as seen in

Equation 3.6. The weighted consistency term is defined such as:

EWC_QXTLX])Z Z ywyz )

i (ab)ER (3.10)
Dy, yl) = o(wap - Y8 yl) + o (Y wha - )

where, 3¢ and y? denote the predicted labels for the ith video for pain scale

S) which is the combination with-

a and pain scale b respectively. R denotes (2

out repetition of the pain scales taken 2, and p is the number of combinations.
Therefore, if the predicted pain scores from different pain scales vary highly in
magnitude with respect to their proportions, the inter-class variability increases,
and thus, loss increases penalizing the difference. Please notice that we normalize
the scores of each rating scale to a range of [0, 1] so as to provide comparability
between them in the training process. Lastly, the third term of our loss definition

is the L2 regularization term.
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Chapter 4

Experiments and Results

4.1 Dataset: the UNBC-McMaster Pain Archive

UNBC Database [1] was the first effort to address the need for well-annotated
facial expression recordings of participants with acute pain. Participants, self-
identified as having a problem with shoulder pain, were recruited from physio-
therapy clinics and by advertisements. Participants suffered from arthritis, bur-
sitis, tendonitis, subluxation, rotator cuff injuries, impingement syndromes, bone
spur, capsulitis, and dislocation. Researchers at the McMaster University and
University of Northern British Columbia (UNBC) captured videos of the partici-
pants’ faces during abduction, flexion, and internal and external rotation of their

affected and unaffected shoulders.

The public dataset contains 200 sequences from 25 different participants with
varying duration and a total number of 48,398 frames. Each frame was fully AU
coded by certified FACS coders. Figure 4.2 shows the number of videos available

per participant as well as the mean duration of videos per participant.
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Figure 4.1: Distribution of pain intensity scores for (a) VAS, (b) SEN, (c¢) AFF,

(d) OPI in the UNBC-McMaster Pain Archive.
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Figure 4.2: The UNBC-McMaster Pain Archive distribution per participant for
(a) the number of videos (b) the mean duration (with standard deviation) of the
videos.

For each video sequence, there are 4 scales; 3 self-reported pain intensity and
an observer’s ratings of pain intensity (OPI). For self-report pain intensity, the
participant reported 3 scales, the first two were performed on a 15-point Likert-
type scale that ranged from 0 to 14. The first one; The sensory scale (SEN) ranged
from “extremely weak” to “extremely intense”, whereas the second; the affective
motivational scale (AFF) ranged from “bearable” to “excruciating”. The third
scale; Visual Analog Scale (VAS), is an 11-point likert-type scale and ranged from
Visual “No pain” to “Pain as bad as could be”. Whereas, the observers’ ratings
of pain intensity were performed offline and on a 6-point Likert-type scale that

ranged from 0 (no pain) to 5 (strong pain). Figure 4.1 shows the distribution of
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pain intensity scores (i.e., number of available videos) for all pain scales across
the dataset.

MIGL &)l An Frl'ame 54
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Figure 4.3: The 66 AAM tracked landmarks on randomly selected frames across
the UNBC-McMaster Pain Archive.

The dataset also provided 66 Active Appearance Model (AAM) tracked land-
marks at frame-by-frame level (as seen in Figure 4.3) which they obtained by
employing an AAM-based system that uses AAMs to track the face and extract
visual features. However, keyframes within each video sequence were manually
labeled, while the remaining frames were automatically aligned using a gradient
descent AAM fitting algorithm described in [98, 1]. They also provided expert-
labeled FACS codes for each frame on a 0-5 ranking of intensity. These FACS
codes were used to compute the intensity of the AUs in order to obtain the

frame-level PSPI score for each frame in a sequence.

Each frame of each sequence is normalized as explained in section 3.2, the nor-
malized faces are then used in two different ways. We either use these normalized
faces and build up the pain pair archive in order to train the convolutional au-
toencoder as explained in section 3.3, or we feed the normalized sequences into

the spatio-temporal model in order to estimate the pain intensities. Table 4.1
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shows the number of pairs of subjects, videos, and match sequences for each pain

category in the pain pair archive.

Table 4.1: Distribution of subject, video, and matched sub-sequence pairs with
threshold 7 = 0.75 in the UNBC-McMaster Pain Archive.

Number of Pairs

Category

Subject Video Matched Sub-sequences
No Pain 12 35 69,824
Mild Pain 21 83 782,355
Moderate Pain 17 40 279,187
Severe Pain 12 35 342,665
All 25 193 1,474,031

4.2 Experimental Setup

4.2.1 Data Preparation

Given the small size of our dataset, we want to reduce the bias in the model’s
estimated performance and ensure that our proposed solution can generalize on
unseen data. Thus, we split the data into 5 different folds, where each fold con-
tains 5 non-overlapping subjects. For each run of the cross-validation, one fold
is separated as a test set, whereas another is separated as a validation set and
the three remaining folds are used for training. During the training cycle, the
best model of that fold is selected by minimizing the minimum validation error
computed using the loss function. In the end, the 5 independent trained models
are evaluated on their respective test folds using the evaluation metric MAE. The

mean performance across all folds is reported as the model general performance.
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The standard approach for training deep models is to use a random sampling
of data for each training batch. However, considering that our dataset is skewed
and imbalance per pain intensity level as seen in Figure 4.1, we want to eliminate
the sampling bias in the distribution of the fold which occurs when the data
subsets are selected incorrectly and don’t represent the true distribution of the
entire population (dataset). For that, we performed stratified random sampling
on the folds, such that each fold contains a proper representation of different pain
scales and is as close as possible to the entire dataset population. By doing so,
the training data is randomly sampled while making sure a similar distribution
of pain intensity scores is used between training folds. This also ensures that for

each training fold, each intensity score appears at least once.

To perform startification on the dataset, the dataset population is repre-
sented in 4 frequency vectors of each pain scale’s intensities, such as; FP =
{fDes fDys -+ [Dy} Where p € P, and P = {VAS, OPI, AFF, SEN} and N is
the upper bound of P. After that, a brute search is performed to find the most
similar 5 folds with non-overlapping subjects to the database. In order to find
them, each data subset S contains 5 different subjects, such as; S° = {s%, ..., s%},
where S denotes a subset of 5 subjects. The subset S is represented with 4
pain scale frequency vectors as well, where its frequency vector of pain scale p is

represented as follow; F§ = {f¢ , fs,, - fo, }-

The similarity between each data subset S and the whole dataset D; denoted
as Z, is computed by maximizing the cosine similarity C between vectors Fp,, and

Fg, for each pain scale p.

7(D,S)= iZC(F}’,,F@’) (4.1)

At the end of a brute force search, we select the 5 subsets; {57, So, S3, S4, S5},
where S? N S5 N SN SN SY = @ and the similarity (Z) across the five subsets
and general dataset is the highest.
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The cosine similarity scores for each pain scale between each selected fold
and the entire dataset can be found in Table 4.2, whereas Figure 4.4 shows the
differences between the distributions of the folds and the whole database as it
represents the smoothed, continuous density histogram estimated from the data

using kernel density estimation (kde).

Table 4.2: The Cosine similarity of the data distribution of the 5 folds to the
entire database per pain scale

Fold Fold1 Fold?2 Fold3 Fold4 Fold5

VAS 091 0.98 0.94 0.94 0.88
OPI  0.88 0.99 0.98 0.99 0.97
AFF  0.95 0.98 0.96 0.97 0.86
SEN  0.96 0.95 0.96 0.97 0.89

0.16 - =1 Database
[ Fold1
0147 Fold 2
0.12 4 Fold 3
[ Fold 4
0.10 + 1 Fold5

=5 0 5 10 15
Pain Scale

Figure 4.4: A Normalized Density Plot of the Five Folds and Database
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4.2.2 Model Training and Implementation

To evaluate the proposed framework, we employ UNBC-McMaster Pain Archive
as discussed in the previous section 4.1, whereas all the experiments are conducted
using a 5-fold cross-validation scheme as explained in section 4.2.1. At each phase
of the framework, we separate the test subjects while the system is training and
optimizing its parameters using the training subjects. The data separation goes
as early as data pre-processing in phase 1 as seen in Figure 3.1 to prevent data

leakage.

The proposed framework is implemented using Python /PyTorch for GPU. The
Autoencoder and CNN-RNN architectures are trained using Root Mean Square
Propagation Optimizer (RMSprop). *

The hyperparameters of the networks and training, such as; learning rate,
number of recurrent layers, number of hidden neurons, alpha in the consistency
loss, lambda as Regularization rate for L2 were selected in preliminary cross-
validation experiments and then used throughout all the following experiments

without further adjusting.

Table 4.3: List of the considered hyper-parameters for the CNN-RNN model

optimization in preliminary cross-validation experiments

Hyper-parameter Considered Values Selected Value
Recurrent Layers {1, 2, 3} 2
Learning rate {le—2, le—3, le—4} le—2
Regularization rate (\) {le—3, le—4, le—5} le—4
Consistency term factor («) {0.3, 0.5, 0.7} 0.7
GRU Dropout factor {0, 0.3, 0.5} 0.5

'RMSprop is an unpublished algorithm first proposed in the Coursera course. “Neural
Network for Machine Learning” lecture six by Geoff Hinton [99].
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4.3 Experimental Results and Discussion

The outputs of the trained models are continuous values estimated from our
regression model. To measure the error in pain scores, we first round the obtained
continuous scores to ordinal (discrete) predictions and then measure the mean
absolute error between the ground truth (ordinal) and the rounded predictions

in the original intervals of the corresponding pain scale [0, 10].

The rest of this section is going to discuss the results of the 30 experiments
conducted on UNBC-McMaster Pain Archive to evaluate the added value of each
component in the framework. We first start with assessing and discussing the
effectiveness of using different initial weights for the spatial module. We look
into the effect of initializing the weights using He initialization strategy [100],
the pre-trained AlexNet weights on ImageNet dataset, as well as the weights
from the encoder part from the pre-trained autoencoder. The effectiveness of the
autoencoder weights is also assessed in the light of the training data, where we
look into the effect of using the pain pair archive as the decoder tries to decode
the input back to its corresponding pair, or back to its original self. We also
explore the added value of multiple pain scales, along with the importance of
enforcing consistency between them. Finally, We follow it up with a discussion
and comparison between our method and the state-of-the-art methods and their

reported MAE results.

The significance between the results for each grouped setup is reported. Given
the repeated-measures nature of the data, non-parametric repeated measures
Friedman test was used to evaluate the mean differences in the MAEs between
the use of single and multiple pain scales. Separate Friedman tests were used
for the VAS results. Wilcoxon signed-rank test was used for post-hoc analyses
following the significant Friedman test. Friedman and Wilcoxon were used as the

MAESs distributions were not normally distributed, as per Shapiro-Wilks tests.
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4.3.1 Assessment of the impact of pre-training

Training a deep neural network remains a challenging task despite the recent
groundbreaking results that it has achieved over the years. One of the main
challenges is exploding or vanishing gradients during the training process due to
poor initial weights values. If the initial weights were initialized equally, then the
activation of the neurons is going to be the same, resulting in gradients being
updated by the same amount, which would lead the neurons to learn the same
information. All in all, this hinders the learning process and creates what’s known
as a symmetry problem. Whereas randomly initializing the weights to random
values could risk these values being too large which would lead to saturation
problems as the activation functions would be making very small changes in the
value of their outputs [101, 102].

To address this, both Xavier [103] and He [100] proposed sophisticated initial-
ization techniques that maintain the same variance across every layer, which helps
prevent the gradients from exploding while initializing the weights of the layer
to values from a uniform normal distribution with constant variance. Xavier’s
initialization [103] strategy is best suited for linear/sigmoid activation methods,
whereas He et al.[100] made adjustments to Xavier’s method which made it suit-

able for networks with ReLLU and Leaky ReLU activation functions.

In this section, we assess the impact of initializing the spatial module weights
to initial weights using He initialization, the pre-trained weights of AlexNet on
ImageNet database 2, and the pre-trained weights of the encoder part from the
autoencoder network trained on pain archive. Table 4.4 and Table 4.5 show the
obtained MAEs for the self-reported VAS pain scores using different initialization
weights when freezing said weights or fine-tuning them through back-propagation
respectively. Figure 4.5 and Figure 4.6 represents the MAE prediction errors over
the five folds across the three different initialization methods for both freezing

and fine-tuning the spatial weights.

Zhttps://download.pytorch.org/models/alexnet-owt-4df8aa71.pth
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Table 4.4: MAEs in estimating the VAS pain scores using different initialized
weights for frozen AlexNet

Initialized Spatial

Training Scales ) MAE (VAS)
Weights

He Initialization 4.8028
1 Scale (VAS) ImageNet 3.1316
Pain-based Encoder 2.320
He Initialization 2.923
4 Scales ImageNet 2.390
Pain-based Encoder 2.073

When we freeze the initial weights, there is a significant effect on the VAS
MAESs for the use of different initialization weights whether the network was
trained using VAS scale only (x? = 35.6, df = 2, p < 0.001), or when trained
using all four scales (x? = 26.7, df = 2, p < 0.001) as seen in Table 4.4 and
Figure 4.5. The use of He initialization insured that we don’t have a case of
exploding gradients and the network was able to converge, however, it performed
the worst among them all. Using ImageNet outperformed He initialization when
training on one scale (W = 6183, p < 0.001) as well as all four scales (W = 6997,
p < 0.001), however, the use of encoder weights outperformed both.
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Figure 4.5: Absolute Error across folds using different initializing weights for
frozen AlexNet
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Using encoder weights improves the pain scores estimation compared to using
He initialization when training using VAS scale only (W = 4244, p < 0.001) and
all four scales (W = 5538, p < 0.001) and to ImageNet pre-trained weights when
training using VAS scale (W = 4563, p < 0.001) and all four scales (W = 5980,
p < 0.001).

Similarly, when we fine-tune the initial weights by optimizing the parameters
through back-propagation, there is a significant effect on the VAS MAEs for the
use of different initialization weights whether the network was trained using VAS
scale only (x? = 17.7, df = 2, p < 0.001), or when trained using all four scales
(x?* =24.1, df =2, p < 0.001) as seen in Table 4.5 and Figure 4.6.

When fine-tuning the weights, using ImageNet weights instead of He initializa-
tion weights does not provide a significant difference regardless of whether VAS
scale is used (W = 8983, p = 0.19) or all four scales are used (W = 10006,
p = 0.95). However, fine-tuning the weights coming from the encoder outper-
formed both methods. When compared to He initialization, it improves the re-
sults by 17% when trained on VAS only (W = 6800, p < 0.001) and by 20%
when trained on all 4 scales (W = 5584, p < 0.001). Also, compared to ImageNet
weights, fine-tuned encoder weights improves the results by 12% (W = 6445,
p < 0.001) and 17% (W = 8084, p = 0.016) when training on VAS only or four

scales respectively.
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Figure 4.6: Absolute Error across folds using different initializing weights for
fine-tuned AlexNet
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Based on the obtained results shown in both tables; Table 4.4 and Table 4.5,
we conclude that the pre-training step that we performed to learn the pain feature
representation using autoencoder is effective and that the learned weights help
the network focus on these pain features which enhanced the model’s ability to

assess and estimate pain.

Table 4.5: MAEs in estimating the VAS pain scores using different initialized
weights for fine-tuned AlexNet

Initialized Spatial

Training scales . MAE (VAS)
Weights

He Initialization 2.564
1 Scale (VAS) ImageNet 2.425
Pain-based Encoder 2.128
He Initialization 2.718
4 Scales ImageNet 2.635
Pain-based Encoder 2.179

Effect of fine-tuning

Here, we want to look further into the effect of fine-tuning the encoder weights
from the pre-trained autoencoder given different training scales. When training
using VAS only, fine-tuning through the said initialized weights performed better
than when the weights are frozen (W = 8115, p = 0.018). Whereas, when training
using all four scales, freezing these weights performed better than updating the
spatial weights through propagation (W = 8836, p = 0.014) as seen in Table 4.6.
This can be the effect of the consistency term in the loss function during the
training using multiple pain scales. So when we are training using VAS only,
the network learns better through back-propagating the spatial module as well,
however, when training with multiple scales (four in this case), the network is able
to reach convergence faster and without the need to update the spatial weights

due to the effect of minimizing the deviation values between the pain scales. The
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effect of the consistency term is further explored in section 4.3.4.

Table 4.6: MAEs in estimating the VAS pain scores using pain based encoder

weights for fine-tuned and frozen AlexNet

. Fine-tuning of
Training Scales . . MAE (VAS)
Spatial Weights

Yes 2.128
1 Scale (VAS)

No 2.320

Yes 2.179
4 Scales

No 2.073

4.3.2 Effectiveness of Pain-based Autoencoder Weights

As explained in section 3.1, given the nature of autoencoders, they are widely
used to pre-train a network using only a set of data. Autoencoder usually aims
to reconstruct its input back by minimizing the reconstruction error. However,
in our case, we aim to capture the pain information and patterns by exploiting
the transformation of the facial expression from one subject to another similar

facial expression of another subject as explained in section 3.3.

We assess the effectiveness of training our autoencoder using our pain archive
pairs by comparing the performance of the model trained on that and another
model trained with the aim to reconstruct the input to itself. Regardless of the
used training scales, when fine-tuning the pain-based encoder weights for the
initialization of the spatial module, it outperforms the model initialized with the
weights of reconstruction-based encoders by 15% (W = 6436, p < 0.001) when
training using VAS only, and by 12% (W = 8388, p = 0.043) when training using

all four scales as seen in Table 4.7 and Figure 4.7.

49



Table 4.7: MAEs in estimating the VAS pain scores using different encoder
weights for fine-tuned AlexNet

.. e ) ) MAE
Training Scales Initialized Spatial Weights
(VAS)
Reconstruction-based Encoder 2.510
1 Scale (VAS)
Pain-based Encoder 2.128
Reconstruction-based Encoder 2.472
4 Scales
Pain-based Encoder 2.179
38
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Figure 4.7: Absolute Error across folds using different encoder weights for fine-
tuned AlexNet

However, when we use the initialized weights of the pre-trained encoder for
our spatial module without fine-tuning them while training the model using VAS
scale only, there is no statistical significance in the results of pain-based encoder
weights to the ones of the reconstructed encoder weights (W = 4746, p = 0.07)
despite it being 13% better (lower MAE) as seen in Table 4.8 and Figure 4.8.
Nevertheless, when training the model using four scales, the model with the
frozen pain-based encoder weights performed significantly better than the one

initialized from the reconstruction-based encoder (W = 5988, p < 0.001).
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Table 4.8: MAEs in estimating the VAS pain scores using different encoder
weights for frozen AlexNet

.. e ) ) MAE
Training Scales Initialized Spatial Weights
(VAS)
Reconstruction-based Encoder 2.665
1 Scale (VAS)
Pain-based Encoder 2.320
Reconstruction-based Encoder 2.658
4 Scales
Pain-based Encoder 2.073

Generally, we can conclude based on the results in Table 4.7 and Table 4.8 that
the feature representation learned using our autoencoder is capable of capturing
the facial cues related to pain as it is trained on minimizing the differences between
two different subjects yet similar pain values. Learning the mapping within self
is not enough to exploit the facial pain cues as it is seen with these experiments.
The model trained using the weights of the autoencoder that aimed to reconstruct
the input back to itself performed relatively worse than the one that exploited
the facial pain expression between two different subjects, where the latter helped

the model predict the pain values more accurately.
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Figure 4.8: Absolute Error across folds using different encoder weights for frozen
AlexNet
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4.3.3 Added Value of Multiple Pain Scales

While useful, self-reported pain have notable limitations such as inconsistent
metric properties across scale dimensions, reactivity to suggestion, and differences
between clinicians’ and sufferers’ conceptualizations of pain [2]. Multiple self-
reported pain scales (e.g., VAS, AFF, SEN) have varying numbers of pain levels
with different wordings for pain scores, making the obtained scores across multiple
instruments complementary. Considering that UNBC-McMaster Pain Archive
provides the values for each video in each of the four pain scales, we want to
leverage all the provided information in order to improve the estimation of the
pain scale (VAS). For this reason, we propose an approach that increases the
degree of agreement among the different uni-dimensional pain scales, and thus
increases the accuracy of self-reported (i.e., the VAS pain scores). Table 4.9
shows the VAS pain estimation results using multiple pain scales. Based on
Friedman significant test, there is a significant impact on the use of multiple pain
scales (x? = 19.5, df = 3, p < 0.0005). Using four scales (i.e., self-reported
and perceived pain scales) improves pain scores estimation (i.e., lower MAES)
compared to using a single self-reported pain scale (W = 7260, p < 0.001) and to
combining the self-reported pain scale with the perceived pain scale (W = 7886,
p = 0.008), as well as combining all self-reported pain scales (W = 6731.5,
p < 0.001). However, the usage of any of the other combinations does not provide
any significant effect. For example, there is no difference between using a single
self-reported scale and combining it with the perceived pain scale (W = 8643.5,
p = 0.08), nor with the combination of multiple self-reported pain scales (W =
9983.5, p = 0.94). Also, there is no difference between the combination of multiple
self-reported pain scales and the combination of self-reported pain scale (VAS)

with observer-reported scale (W = 8869, p = 0.15).
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Table 4.9: MAEs in estimating the self-reported VAS pain scores using different

pain scales in training

Training Scales MAE (VAS)
1 Label (VAS) 2.320
2 Scales (VAS+OPI) 2.186
3 Scales (VAS+AFF+SEN) 2.293
4 Scales (VAS+OPI+AFF+SEN) 2.073

Overall, the obtained results are shown in Table 4.9 and illustrated in Fig-
ure 4.9 support the hypothesis that multiple self-reported measures (i.e., VAS,
AFF, SEN) along with the observer reported scale (OPI) are complementary
and their combination reduces the inconsistency and increases the reliability of

self-reported pain estimation (in our case the VAS pain scores).
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Figure 4.9: Absolute Error across folds using using different pain scales in training

4.3.4 Importance of Enforcing Consistency Between

Scales

As reported in section 3.4.2 (see Eq. 3.6), the proposed loss function introduces a
consistency term that allows improving the accuracy of the predicted pain scores

by increasing the consistency between multiple pain scales. Table 4.10 shows the
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the Pearson correlation coefficient between pain scores measured using the three
self-reported pain scales (i.e., VAS, AFF, SEN) and the observer reported pain
scores (i.e., OPI). As expected, the obtained correlation coefficients suggest a
strong positive correlation (|| > 0.5) between different pain scales [104]. Corre-
lation is higher within self-reported pain scales compared to between self-reported

and observer pain scales (i.e., perceived pain).

Table 4.10: Coefficients of Pearson’s correlation between the scores in different

pain scales

AFF OPI SEN VAS

AFF 1

OPI 0.655 1

SEN 0.949 0.703 1

VAS 0.898 0.664 0.922 1

To evaluate the added value of enforcing the consistency between different
pain scales, we compare the proposed loss function (i.e., Eq. 3.6) to the standard
loss (using only MAE and regularization terms) without the weighted consistency
term Lyc. Table 4.11 shows the obtained MAEs for the self-reported VAS pain
scores, with and without the weighted consistency term Ly in the loss function
(see Eq. 3.6, section 3.4.2). The weighted consistency term significantly improves
the MAE in the case of two scales (VAS4+OPI) compared to the regular loss
without the weighted consistency by 24% (W = 6101.5, p < 0.001).

Similarly, the weighted consistency term improves the MAE in case of four
scales (VAS+OPI4+AFF+SEN) compared to the loss without Ly¢ by 8.5% (W =
7376, p = 0.001). However, there is no significant effect on the usage of the
weighted consistency term in the case of the combination of multiple self-reported
scales (W = 9393, p = 0.42).
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Table 4.11: MAEs for estimating VAS with and without (w/o0) using the weighted

consistency term Ly in the loss function

Training Scales Loss MAE (VAS)
with Lyc 2.186

2 Scales (VAS+OPI)
w/o Lyc 2.8872
with Lyc 2.2925

3 Scales (VAS+OPI+AFF)
w/o Lyc 2.808
with Ly 2.073

4 Scales (VAS+OPI4+AFF+SEN)
w/o Lyc 2.268

Overall our results as seen in Table 4.11 and Figure 4.11 show the usefulness
of employing the weighted consistency term in the loss function for estimating
the self-reported VAS scores, as it helps with reducing the inconsistency between

the scales while keeping them proportional to one another.

4.0

3.8 I \Veighted Consistency Term
3.5 @ MAE

3.2
3.0
28
25
22 1
20

1.8

1.5

VAS MAE per Fold

2 Labels 3 Labels 4 Labels

Figure 4.10: Absolute Error across folds with and without (w/o) using the

weighted consistency term Lyc in the loss function
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Effect of weighted scales

We also further investigate the effect of using weights in the consistency term by
comparing the results of the proposed loss L¢ to its counterpart in our previous
work [11] where all scales are assumed to be equally proportional to one another
and thus the weights are set to equal one, resulting in what we called a consistency

term L as seen in Equation 3.8.

Table 4.12 and Figure 4.11 show the obtained MAEs for the self-reported VAS
pain scores, with and without the weights in the consistency term (Lyc and L)
in the loss function (see Eq. 3.6, section 3.4.2). The weighted consistency term
significantly improves the MAE in the case of two scales (VAS+OPI) compared
to the consistency term without weights by 9.4% (W = 7581.5, p = 0.003). Also,
there is a significant effect on the usage of the weighted consistency term in the
case of the combination of multiple self-reported scales (W = 7665.5, p = 0.004).
Similarly, the weighted consistency term improves the MAE in case of four scales
(VAS+OPI+AFF+SEN) compared to the consistency term without weights by
9% (W = 6481.5, p < 0.001).

Table 4.12: MAEs for estimating VAS with and without (w/o) using weights in

the consistency term in the loss function

Training Scales Loss MAE (VAS)
with Lo 2.186

2 Scales (VAS+OPI) .
with L 2.423
with Lyc 2.293

3 Scales (VAS+OPI+AFF)
with L¢ 2.570
with Lyc 2.073

4 Scales (VAS+OPI4+AFF+SEN)
with L¢ 2.280

The results reported in Table 4.12 along with the ones in Table 4.11 confirm the

hypothesis that ensuring the consistency between the pain scales with respect to
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their proportion to one another increases the accuracy of the model and its ability
to estimate VAS with higher precision. Using the consistency term on its own
provides good results given the fact that all scales are highly correlated, however
adding the weights to it improves the results further more by exploiting the
high correlation between the scales while maintaining the proportional differences

between them.
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Figure 4.11: Absolute Error across folds with and without (w/o) using weights

in the consistency term in the loss function

4.3.5 Effect of Imbalanced Data

Due to the sparse representation of some gradations of pain intensity (see Fig-
ure 4.1), the trained models could be affected by the number of samples per
intensity seen by the model during the training. Therefore, using different sets of
folds that are formed randomly, can cause variations in the obtained results, i.e.,
MAEs. To overcome that limitation, we perform a stratification to distribute the
database into 5 folds, where each fold has a very similar distribution with the

whole dataset as explained in section 4.2.1.

To investigate probable inconsistencies in results, which can be caused by the
use of random folds in the experiments and the effect of the imbalanced number
of samples per pain intensity level (see Figure 4.1) on model training, we compare
the MAEs obtained using three different sets of random folds on the same setup

of our best performing model (4 Scales with pain-based encoder weights, trained
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using Lyc). As observed from Table 4.13, MAEs for different set of randoms
folds vary significantly (x? = 22.6, df =2, p < 0.001). We then evaluate the two
sampling strategies during the models training by comparing the stratified MAE
results with the ones from the random folds. The different sampling strategies
are statistically significant (x* = 56.5, df = 3, p < 0.001). Stratified sampling
improves the MAE compared to any of the three randomly sampled folds by 9.6%
(W = 6712.5, p < 0.001), 15% (W = 6521, p < 0.001) and 51.6 (W = 3476.5,
p < 0.001) respectively.

Table 4.13: MAEs in estimating the self-reported VAS pain scores using different
data folds

Data Folds MAE (VAS)

Startified 2.073
Random 1 2.294
Random 2 2.441
Random 3 4.287

4.3.6 Comparison to the State-of-the-art Methods

To further evaluate the proposed framework for pain intensity measurement, we
compare our model to the three available models for self-reported pain intensity
measurement from videos which were thoroughly reviewed in Section 2.2. In
general, our framework performs better than all the state of art results in most
of its settings in terms of MAEs, where our best performing setup achieves an
MAE of 2.07 as seen in Table 4.14.

To elaborate more, when training using only VAS scale, our framework per-
forms 9% better than Martinez et al.[8] with an MAE of 2.46. The shortcoming
of their approach is that it is subject-dependent which does not generalize to

previously unseen participants whereas our method is a subject-independent one.
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Table 4.14: Comparison of the proposed model with other state-of-art methods

using single and multiple scales, respectively

Model Training Scales MAE (VAS)
RNN-HCRF (Martinez et al.2017) VAS, PSPI 2.46
VAS 2.30
DeepFaceLift (Liu et al.2017)
VAS, OPI 2.24
Gram-SVR (Szczapa et al.2021) VAS 2.44
VAS 2.24
VAS, OPI 2.18
Proposed Framework
VAS, AFF, SEN 9.57
VAS, AFF, SEN, OPI 2.07

The framework proposed by Liu et al. [9] is a two-stage personalized deep
neural network DeepFaceLift. The first stage of the DeepFaceLift model is a fully
connected neural network that takes the AAM facial landmarks as input. The
second stage is a Gaussian Process Regression model that takes the output of the
first stage as input and outputs the VAS scores. Their framework also includes
personalized features, but for the sake of comparing our methods with theirs,
we disregard the results on which they used personalized features and report the
ones where they used VAS as well as a combination of VAS and OPI in training.
For the same setup, when using VAS for training, our framework achieves an
MAE of 2.24, whereas DeepFaceLIFT’s MAE is 2.30. Whereas when using the
combination of VAS and OPI for training, DeepFaceLIFT obtains an MAE of
2.24, where our model for the same setup outperforms it with an MAE of 2.18.
The latest published study by Szczapa et al.2021 also aims to estimate VAS from
video sequences using a geometry-based approach. Their reported MAE results

for 5-fold cross-validation is 2.44 when using VAS for training as well.
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4.3.7 Challenges and Shortcomings

Although our model improves the state-of-the-art methods, it faces many chal-
lenges and limitations. As seen in Figure 4.12, the estimation of each pain inten-
sity level improves when optimizing the model through weighted consistency loss
while training using four labels in comparison to when we train the model using
the self-reported score (VAS) only. However, despite the models performing well
on the intensities with higher number of training samples, both models struggle
with estimating higher pain intensity levels (VAS > 6). As seen in Figure 4.12,
the MAE per intensity score where the score is higher than six is relatively higher
than the MAE for intensity score lower than that. This can be explained by the

fact that such intensities are underrepresented in our dataset.
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Figure 4.12: Distribution of the VAS MAEs per pain intensity score

4.3.8 Visual Analysis of Pain Cues

Our goal is to get an insight on the visual cues learned by the trained model (best
model, with all scales and with the weighted consistency term (Equation 3.6)).
To do so, instead of estimating pain score at the end of the video, we generate
pain score at each frame of the video as it was the end of the video sequence

(by progressively combining all video frames from the start to the current frame).
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Consequently, the estimation of pain score for the last time step includes all frames
of the input video (see section 3.4). In this way, we compute the regression score

(i.e., corresponding pain intensity) at each time step such that:
}/;; = Egzlf(xla ey Li—1, 2171) (43)

where f represents our model, ¢ is the number of frames per video, and x; is the
normalized face image at time step t;. The model combines at each time step t;
all previous images from the beginning until the current time step (or the end of
the sequence) to refine and generate its pain prediction Y;. For each video, we

plot the time series {Y7, Y5, ...., ¥;} obtained as described above.
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Figure 4.13: Frame-by-frame actual scaled PSPI and predicted VAS scores

Figure 4.13 show an example of the obtained pain scores over time. We select
the time steps that correspond to the global/local highest scores (P = p;) and
plot the corresponding images (or the images in the surrounding +/-5 images
window). We also include two ground truth values; 1) the actual VAS score

for that sequence, and it is plotted on the graph as constant function, 2) the

61



PSPI score per frame which were calculated using the AU intensities as shown in

Equation 2.1. For visualization purposes, we scale PSPI to [0-10] scale.

As shown in Figure 4.13, our model reveals different facial cues for pain expres-
sion observed around the aforementioned maximas (p;). These facial cues include
eye closure as in all of the last three images, brow lowering and lips tightening as
in the last image. However, when we look at the first image and its corresponding
PSPI and predicted VAS score, one would assume that the participant is feeling
pain, but the participant is actually smiling. This shows that even PSPI score
can include false positives as well. When we compare our predicted VAS score
throughout the frames and the actual VAS score (VAS=4), they are consistent
with one another. Similarly, PSPI scores and the predicted accumulative VAS

score have similar inclines and declines, despite the differences in magnitude.
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Chapter 5

Conclusion

In this thesis, we have proposed a spatio-temporal approach for self-reported pain
intensity measurements from videos. The proposed architecture has employed a
pre-training step that aims to learn the efficient pain facial feature encoding
by employing a convolutional autoencoder that intends to learn facial encoding
which transforms the facial expressions between subjects with similar pain scores.
The learned representation is transferred to the spatio-temporal model which is
additionally optimized using a custom loss function. The new loss function has
been introduced to increase the consistency between multiple pain scales with
respect to their proportion to one another, while also improving the prediction
accuracy of pain scores by minimizing the absolute error between actual and

predicted scores.

Each of the proposed components employed in the presented pain estimation
framework such as the effect of pre-training weights, added value of the three
self-reported pain scales, as well as an observer pain intensity scale, the effective-
ness of enforcing consistency between the scales, the importance of keeping the
consistency proportional between scales, and the effect of data fold sampling has

been evaluated on the UNBC-McMaster Pain Archive in a detailed manner.

63



The experimental results have confirmed the effectiveness of each of the pro-
posed components on the reliable assessment of pain intensity from facial expres-
sions. Our results show that using convolutional autoencoder for unsupervised
pre-training method to learn pain facial representation while enforcing the con-
sistency between multiple pain scales in a proportional manner enhances the

reliability of the subjective self-reported pain estimation.

To conclude, our method shows promising results consolidating the feasibility
of using automatic pain assessment as a complementary tool in hospitals and
clinics to further support medical staff in objective assessment of pain. However,
to be able to use automatic pain assessment used within clinical setup with higher
confidence, further studies and research should be conducted to assess how au-
tomatic pain assessment would vary between subjects from different gender, age
and ethnic groups. Moreover, the dataset used in our work and most previous
work only focused on pain caused by one specific reason (shoulder pain), how-
ever in reality, pain is caused by various number of factors which can affect the
facial expressions, body movements as well as the body language of the patients.
Also, further work should investigate the contribution of head pose changes, body
movement variation and vocal information on the effectiveness of assessing pain

objectively.
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