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Abstract
Pain of any origin usually stems from actual or potential tissue damage in the human body. Hence,
reliable pain assessment brings out appropriate treatment, which ameliorates the life quality. In
clinical practice, pain is usually assessed via self-report. Due to the subjective and complex nature
of pain, self-reporting of pain may not be a reliable assessment technique. Moreover, it cannot be
used for uncommunicative people. Observer reports of pain are also subjected to biases and errors,
and cannot be used for continuous monitoring purposes. Therefore, it is essential to develop
automatic pain assessment methodologies to obtain objective information regarding the health
condition of the patient. Hence, automatic pain assessment has received increasing attention in
recent years.
Based on medical evidence, facial expressions are a valid indicator of pain. Hence, effective
representations of facial expressions can contribute to automatic pain assessment. In this thesis,
we focus on analyzing the facial expressions of pain to estimate pain intensity. Due to strong
correlations between facial expressions, direct interpretation of the pain intensity levels is nontrivial. Subtle facial expression variations differentiate pain intensity levels from each other.
Therefore, we propose spatiotemporal representation learning methods to encode different ranges
of variations of the face. For this purpose, we design novel network architectures and develop
learning strategies.
Data scarcity hampers effective development of deep learning in pain intensity estimation from
facial expressions. To mitigate this issue, we propose data-efficient learning methods to improve
the training and inference performance. In particular, we present a cross-architecture transfer
learning to leverage the knowledge of pre-trained models for training other network architectures.
To the best of our knowledge, we formulate pain intensity estimation as a self-supervised learning
problem for the first time to exploit the abundant information of unlabeled data. To increase the
computational efficiency, we also introduce a video distillation method to encode the appearance
and dynamic of the facial video into one RBG image map. By conducting extensive experiments
on benchmark pain datasets, our proposed methods achieve state-of-the-art performance in pain
intensity estimation from the face.

Keywords: data-efficient learning, deep learning, facial expression, pain intensity
estimation, representation learning

Tavakolian, Mohammad, Tehokas spatiotemporaalisen esitystavan oppiminen
kivun voimakkuuden arvioimiseksi kasvonilmeistä.
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Tiivistelmä
Mikä tahansa kipu on yleensä peräisin ihmiskehon todellisesta tai mahdollisesta kudosvauriosta.
Luotettava kivun arviointi tuo esille sopivan hoidon, joka kohentaa elämän laatua. Kliinisessä
käytännössä kipua arvioidaan yleensä itsearviointiraporteilla. Kivun subjektiivisen ja monimutkaisen luonteen vuoksi itsearviointi ei ole aina luotettavaa. Sitä ei voida myöskään käyttää kommunikaatioon kykenemättömien kanssa. Itsearviointiraportit ovat alttiita ennakkoasenteille ja
virheille, eikä niitä voida käyttää jatkuvaan seurantaan. Objektiivisten potilaan terveydentilatiteojen saamiseksi on välttämätöntä kehittää automaattisia kivun arviointimenetelmiä ja tähän
kiinnitetty kasvavaa huomiota viime vuosina.
Lääketieteellisen aineiston perusteella kasvonilmeet ovat käypä indikaattori kivusta. Kasvonilmeiden tehokkaat esitystavat voivat edistää automaattista kivun arviointia. Tässä väitöskirjassa keskitymme analysoimaan kivun aiheuttamia ilmeitä kivun voimakkuuden arvioimiseksi.
Kivun voimakkuustasojen tulkinta ei ole helppoa kasvonilmeiden voimakkaiden korrelaatioiden
ja samankaltaisuuksien vuoksi. Ilmeiden pienetkin vaihtelut erottavat kivun voimakkuusasteet
toisistaan. Siksi ehdotamme spatiotemporaaliseen esitystapaan perustuvia oppimismenetelmiä
koodaamaan kasvojen eriasteisia vaihteluita. Suunnittelemme uusia neuroverkkoarkkitehtuureja
ja kehitämme oppimisstrategioita tähän tehtävään.
Opetusdatan niukkuus vaikeuttaa tehokasta syväoppimismenetelmien kehittämistä kivun voimakkuuden arvioimiseksi kasvonilmeistä. Tämän heikkouden lieventämiseksi ehdotamme datatehokkaita oppimismenetelmiä parantamaan opetusprosessin ja päättelyn suorituskykyä. Erityisesti esitämme arkkitehtuurien välisen siirto-oppimisratkaisun, joka mahdollistaa etukäteen opetettujen mallien käyttämisen muiden verkkoarkkitehtuurien opettamisessa. Parhaan tietomme
mukaan tässä työssä muotoiltu kipuintensiteetin estimointi itseohjautuvaksi oppimisongelmaksi
hyödyntää ensimmäistä kertaa leimaamattomien tietojen runsasta käyttöä. Laskennallisen tehokkuuden lisäämiseksi esittelemme menetelmän, joka koodaa kasvovideon ulkoasun ja dynamiikan
yhdeksi RGB-kuvakartaksi. Osoitamme laajoilla kokeellisilla vertailuilla, käyttäen kipuun liittyviä testitietokantoja, että ehdottamamme menetelmät saavuttavat kärkitasoa edustavan suorituskyvyn kasvoista tehtävän kivun voimakkuuden arvioinnissa.

Asiasanat: datatehokas oppiminen, esitystavan oppiminen, kasvonilme, kivun
voimakkuuden arviointi, syväoppiminen

To Mom and Dad.
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1

Introduction

1.1

Background and motivation

Pain is a subjective phenomenon, which is comprehended by individuals through their
life experiences. The International Association for the Study of Pain (IASP) defines pain
as “an unpleasant sensory and emotional experience associated with actual or potential
tissue damage, or described in terms of such damage” [1]. Although pain is a physical
sensation, it is also affected by factors such as psychology, social issues, environmental
issues, feelings and behaviours. Hence, pain can be considered as an indicator of the
health condition, which alarms potential issues regarding the human body. Therefore, it
provokes people to seek for medical attentions. For example, pain was the main reason
for visiting the emergency department of 52.2% patients, whereas just 34.1% were not
pain-related cases [2]. Untreated pain compromises the life quality [3], degrades the
functional and mental capacity [4], causes sleep disorder [5], and increases depression
and anxiety [6]. Therefore, the proper and immediate pain treatment has direct effect on
the health and life quality.
Reliable and trustworthy pain assessment significantly contributes to diagnosis
purpose, choosing the proper treatment, and monitoring the progress and effectiveness of
the current treatment. The results of this process would prevent patients from suffering
from immediate and/or lasting consequences that threat the health condition and safety
of people. Improved knowledge and awareness of the influences on a patient’s pain,
perception and expression will vastly improve a clinician’s approach to the patient in
pain. Despite various efforts devoted to pain research in the literature, pain is not well
understood. People, who suffer from pain, are capable of communicating their painful
experience by different means of action, ranging from verbal to several non-verbal pain
responses. In clinical practice, pain is usually measured by the patient’s self-report based
on intensity, sensory quality, location, and duration of it. Self-report is conventionally
considered as the de facto method in pain assessment [7]. However, self-report refers to
conscious communication of pain by spoken or written language or using gesture, i.e.,
pointing an image or drawing on a scale that best describes their feeling or nodding in
response to a question. Assessing pain by self-report requires the patient to be able of
communication. However, this method cannot be employed for the population, who
are unable to articulate the pain experience, e.g., neonates, patients with cognitive
impairment, and unconscious individuals. Non-verbal pain expression has uniquely
important properties that may be unavailable in other cues concerning pain. It often
17

remains accessible when the speech capability is not available. Hence, automatic pain
assessment approaches based on non-verbal pain behaviors play an important role in
improving pain management.
Automatic pain assessment is a computer-aided objective pain measurement practice
to gain insights into the health condition of patients and improving pain management.
Automatic pain assessment is an evolving interdisciplinary research area that includes
knowledge from medicine, psychology, cognitive science, and computer science and
engineering. This technique of assessment has promising applications in healthcare.
For example, a trained nurse could measure pain intensity several times a day using
medical instruments, but it would not be feasible to measure pain every minute or
second. In this regard, the goal of automatic pain assessment is to use valid, robust
pain response patterns that can be recorded for a temporally dynamic, high-resolution,
automated pain intensity recognition system. Automatic pain assessment comprises
different techniques to evaluate pain such as pain detection (determining the absence
or presence of pain), pain intensity estimation, detecting posed pain expressions. For
this purpose, pain-relevant information is usually recorded using non-invasive sensor
technology, which captures data on the body responses of individual in pain. This can
be achieved with cameras that captures facial expressions, gestures, or posture, while
microphones record paralinguistic features. Physiological information such as muscle
tone and heart rate can be collected via biopotential sensors (electrodes). Then, semantic
patterns from the collected data are extracted using machine learning methods that are
able to provide an assessment of the pain after training.
Individuals also express their pain experience through behavioral and physiological
cues [8]. Behavioral cues include facial expressions, vocalisation, and body movements [9, 10]. Although pain expression changes with age [11], studies proved that
individuals share a series of reposes to similar stimuli [9].
Body movements such as protective reflexes, rubbing, writhing, and guarding serve
as behavioral responses to pain. The particular body movements vary with the type of
medical population. For example, guarding or stiffness, hesitations, bracing or support,
abrupt action, or limping are exemplary body movements of chronic lower back pain.
Pain can also be expressed by averting head and trunk, touching different locations of
body, knee bending, and shoulder to front movements. Moreover, head tends to move
towards the pain location with different speed and range compared to other conditions.
Vocalization is the utterance of sounds, noises, and words using the vocal apparatus.
Vocalization incorporates all verbalization, such as mentioning pain or using offensive
words, and non-verbal vocalization such as moaning, crying, and groaning [12].
According to Waters et al. [13], changes in respiration are also included in the definition
18

Eye Closure
(AU 43)

Brow Lowered
(AU 4)

Cheeks Raised
(AU 6)

Upper Lip Raised
(AU 10)

Nose Wrinkled
(AU 9)

Lips Parted
(AU 25)

Fig. 1. An example of facial expression of pain and associated AUs. Modified, with permission, from Paper IV ©2019 IJCV.

of vocalization (e.g., sighing). According to the American Geriatric Society (AGS)1 ,
vocalizations can be categorized as verbal utterances, non-verbal utterances, and
breathing. Vocalization has been studied to design, compare, and validate different types
of pain scales [14].
Facial expression is one of the valid indicators of pain [15], and it appears in the
observational scales for pain assessment. There are specific facial expressions associated
with pain that occur relatively consistently across a range of clinical pain conditions and
experimental pain modalities [16, 17]. Moreover, the magnitude of facial movements
increases with rising intensities of noxious stimulation [17]. Facial expression research
is usually conducted using Facial Action Coding System (FACS) [18], which describes
expressions by elementary Action Units (AU) based on facial activity. Figure 1 shows
an example of facial response during pain described by involved AUs.
Among non-verbal expressions of pain, facial expressions have received great
credibility in automatic pain assessment. People’s facial expressions tend to be readily
accessible and highly dynamic, as they can change abruptly to show remarkable
variations of discriminable patterns. Hence, this thesis focuses on pain intensity
estimation from the facial expressions. Although facial expressions of pain tend to be
recognized, there are several intrinsic and practical challenges in designing an automatic
pain assessment system that can interpret facial expressions for pain intensity estimation.
We summarize the main challenges in pain intensity estimation using facial expression
below:
1 https://www.americangeriatrics.org/
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Fig. 2. Examples of facial expressions of subjects experiencing the same level of induced
pain intensity. Reprinted, with permission, from BioVid dataset [28].

Co-occurrence of pain facial expression with other emotions. There is good
evidence that facial expression of pain is not only sensitive but also specific to pain and
can be distinguished from expressions of basic emotions [19, 20]. However, pain also
often co-occurs with emotions [19], often resulting in altered or blended expressions.
there are psychological states with expressive markers, such as startle or amused
embarrassment, often co-occur with pain and lead to expressions that reflect co-founded
states. Facial expressions of pain share components with emotional states such as fear,
anger, and sadness [21]. Given the complexity of emotional states interacting with pain,
the presence of specific emotional states that preclude the experience of pain is plausible.
This overlap makes designing computational models to automatically assess pain from
the facial information a non-trivial task.
Subjective nature of pain. Everyone has their own individual understanding of
and experiences with pain [22]. Williams and Craig defined pain as “a distressing
experience associated with actual or potential tissue damage with sensory, emotional,
cognitive, and social components” [23]. The sensory component includes how much
it hurts (pain intensity), what the pain feels like (quality), where it hurts (location),
and how long it hurts (duration) [24]. The emotional component concerns emotions
or feelings associated with the experience of pain as an unpleasant sensation. The
cognitive component includes all thought processes or intellectual activity related to pain,
including beliefs, appraisals, expectations, and meanings attached to pain [25]. Cognitive
aspects of the experience influence both the emotional and sensory components of pain
as well as pain-related behavior. The sensory, emotional and cognitive components all
reflect the subjective nature of pain. Moreover, individuals differ in showing facial
expressions [26] and pain response threshold [27]. Figure 2 shows an exemplary of
facial expressions of people experience same level of pain intensity.
Cultural, ethnicity, and inter-personal diversities. While there are specific painrelated facial expressions, there are also substantial variations in situations and individuals. Inter-individual and cross-situational variations include the results of the severity
20

Fig. 3. People with different cultural and ethnicity react differently to pain stimulus and have
different pain tolerance thresholds. Modified, with permission, from [29].

and nature of the physical trauma, psychosocial factors (i.e., cognitive and affective
factors), culture-specific social conventions and situational influences, and long-term
personal trait dispositions. Tendencies to be highly reactive or impassive in response to
injury are often attributed to a person’s ethnic and racial background. Figure 3 shows
facial expressions of people with different nationalities, races, and cultural backgrounds
in a painful experience. Increasing ethnic diversity means clinicians are regularly
required to meet the needs of people from different cultures and offer culturally relevant
health care. Hence, there is a growing necessity to understand the influence of culture
and ethnicity in pain management.
Data collection. Data is the core foundation for developing any machine learning
framework. In pain assessment using facial information, collecting data is rather more
challenging than in other visual representation learning tasks such as object classification.
There are many privacy and ethical issues involved, specially in the case of infants,
critically ill, elderly, and cognitively impaired individuals. Collecting and sharing
facial images and videos from these population are not an trivial tasks. Undoubtedly,
high-quality datasets play a key role in automatic pain assessment research; not only
as a common ground for measuring and comparing the performance of competing
algorithms, but also pushing the field towards increasingly complex and challenging
problems. Currently, there is not any publicly available large-scale dataset for pain
intensity estimation. The existing pain datasets are relatively small and are collected
from healthy adults under controlled conditions. To be specific, subjects are in sitting
position, where the illumination, pose, and camera settings are controlled, and pain
stimulus is usually induced. In the real-world applications, body and head movements
happen when a subject is experiencing pain. Moreover, patients could be laid down
on the hospital bed and some medical sensors and instruments are connected to them,
which causes partial occlusion in the face (see Figure 4).
Lack of an universal ground-truth. Labeling of the collected data is yet another
challenge in automatic pain assessment. There are various labeling procedures for
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Face Mask

Face Mask with Chin Strap

Fig. 4. An example of hospitalized patients in the intensive care unit with different types of
oxygen masks, which cause partial occlusion of the face.

different datasets. For example, some datasets are labeled based on the intensity of
input stimulus such as the temperature of induced heat and the power of electric shock.
Therefore, they define pain intensity levels based on different ground truths that are
not compatible with each other. This causes challenges in developing generalized
machine learning models from the ground truth perspective, which compromises the
understanding of pain phenomena. An universal objective labeling protocol should be
employed to avoid the labeling confusion across different datasets.
The advances in the facial expression analysis has enabled researchers to apply many
computer vision and machine learning methods on automatic pain assessments from the
face. The early attempts mainly focused on detecting pain from the facial expressions.
By introduction of Prkachin and Solomon’s Pain Intensity metric (PSPI), pain intensity
is classified into several distinct levels. The pipeline of a pain intensity estimation is
shown in Figure 5. The images of a subject’s face are first acquired using a camera. Due
to the possible movements of head and body, the face image is aligned and cropped
into a certain size. Then, these data are fed into a feature extraction module, where the
pain-related patterns of the facial expressions are detected and extracted. The feature
extraction plays the key role in any pain intensity estimation (or generally automatic
pain assessment system) since it detects and captures patterns and regularities of the
input data. Therefore, the performance of pain intensity estimation methods depends to
a large extent on the extracted features (representations) from the face. Hence, a lot of
efforts have been dedicated to the design of feature extraction approaches that result in
a discriminative representation of facial expressions. The advancements of machine
learning and, in particular, deep learning have led to learning representations of the data
that make it easier to capture useful and discriminative information when designing a
classifier. Deep learning-based representations are formed by the composition of several
non-linear transformations aiming to achieve more abstract and ultimately discriminative
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Fig. 5. The general pipeline of a pain intensity estimation system using facial expressions.
The steps highlighted with blue are the main focus of this thesis, i.e., representation learning.

representations. Hence, in this thesis, we explore various deep representation learning
techniques for pain intensity estimation from facial expressions.
1.2

Objectives and contributions

This thesis aims at advancing automatic pain assessment from facial videos by addressing pain intensity estimation fundamental challenges discussed in Section 1.1.
Our hypothesis is that this can be done by developing data efficient spatiotemporal
representation learning methods. In particular, we set to achieve the following objectives:
1) Obtaining robust and discriminative representations from the facial videos that can
generalized to unseen samples, and 2) Developing data-efficient learning methods to
reduce the dependency on annotated data.
In order to achieve the stated objectives, we study three research questions:
1. How to learn discriminative, yet robust representations of facial expressions in order
to encode pain-related information?
2. How to achieve data-efficient learning and generalize from limited number of labeled
samples?
3. How to increase computational efficiency without sacrificing accuracy?
The performance of an automatic pain assessment approach associates with the
quantity of input data and its representation capacity of the model. Large datasets usually
contain many samples covering a wide range of variations per sample. However, this is
not the case for pain databases. The public pain databases are relatively small in size
and have been created under controlled settings. Consequently, a model, which achieves
good performance on one dataset, may not necessary be successful on another dataset.
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In this case, it is said that the model cannot generalize well on unseen data. Moreover,
top-performing methods highly depend on massive labeled samples. In pain assessment,
labeling is based on the Facial Action Coding System (FACS) by decomposing facial
expressions into basic action units. FACS-labeling is time-consuming, since it takes
around two hours for a FACS expert to code one minute video [30]. Therefore, it
is important to increase the generalization capability of models, while reducing the
dependency on large amount of labeled samples, so that the models can be used in
real-world applications.
To address these issues, we propose representation learning techniques under
different settings (i.e., supervised and self-supervised learning). For supervised learning,
we use a cross-architecture knowledge transfer technique to reduce the complexity in
learning of 3D Convlutional Neural Networks (CNNs) by transferring learned knowledge
from 2D CNNs to their 3D counterparts, which decreases the training time for such
models and lessens over-fitting probability. With the availability of huge amount of
unlabeled data, we apply self-supervised representation learning on pain intensity
estimation, which enables cross-dataset processing of pain. To the best of our knowledge,
this is the first attempt to use self-supervised learning in automatic pain assessment and
also the first cross-datset pain intensity estimation.
The model capability to process the input data also contributes to the performance of
the automatic pain assessment. Due to subtle and abrupt variations in the face because
of pain as well as the correlation between different pain intensities and co-occurrence
of pain facial expression with other emotion, it is crucial for the model to capture
discriminative representations that are robust to noise and outliers (i.e., other emotional
states). To capture such discriminative representations, we introduce spatiotemporal
representation learning to capture the appearance and dynamic information from the
facial videos. Based on CNNs, we develop various deep models to extract spatiotemporal
information from videos of the face. Moreover, distilling the spatiotemporal variations
within video frames into RGB images, we reformulate the problem of video process as
image processing by replacing complex 3D models with pre-trained 2D models. This
significantly reduces both the training and inference time, enabling the practical usage
of automatic pain assessment.
1.3

Key findings and summary of the papers

We explore different deep learning-based techniques in order to learn spatiotemporal
representations from the facial videos for pain intensity estimation. In particular, we
aim to achieve robust and discriminative representations in a data-efficient regime (i.e.,
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using limited amount of labeled training data) that can generalize to unseen samples
of the test data. To this end, we first develop several supervised learning frameworks
and move towards self-supervised learning. Moreover, we explore transfer learning
and spatiotemporal knowledge distillation to increase computational efficiency of our
methods.
Paper I introduces a binary representation learning from the face for pain intensity
estimation. Due to correlation among the adjacent frames, we first sparsely sample
frames from the video and extract deep features using CNN. The extracted deep features
only contain frame-level representations, which are not sufficient for an effective video
representation. Therefore, we apply a series of statistical operations, such as minimum,
maximum, average, variance, along with Vector of Locally Aggregated Descriptors
(VLAD), on a batches of static deep features to obtain a sequence-level representation.
To infer these sequence-level representations and use them for pain intensity estimation,
we train a Multilayer Perceptron (MLP) network to generate binary codes from the
sequence-level representations. The resulted binary code’s bits are sensitive to the
different pain intensity levels. By measuring the Hamming distance between two binary
codes, we classify the facial videos into discrete classes of pain intensities.
Although the method in Paper I shows promising results in pain intensity estimation,
it does not completely use the temporal information of the video. To address this issue,
in Paper II, we present a spatiotemporal feature extractor, i.e., Sparse Cubic Symmetrical
Pattern (SCSP), to capture spatiotemporal variations within a local neighborhood of
the video frames. In the nutshell, SCSP divides the video into smaller volume blocks
and computes a spatiotemporal sparse representation of each volume block. In this
way, it discards the redundant information and increases the computational efficiency
while maintaining the accuracy in discriminative video representation. To use SCSP
representations for classifying videos based on their pain intensity levels, we train
class-specific models for each pain intensity levels using Autoencoder (AE). To be
specific, we randomly select SCSP representations from each class to initialize an AE
model called Heterogeneous Deep Discriminative Model (HDDM). After initialization,
HDDM represents general structures of facial expressions of pain. By fine-tuning
HDDM on samples of each class individually, we achieve class-specific models, which
are used for the representation of the test videos. The represented test video is classified
into the class that has the lowest reconstruction error.
Methods in Papers I–II extract fixed-rang spatiotemporal representations from the
facial videos. However, there are complex dynamic patterns in the face of a person
suffering from pain, which are useful information for more efficient pain intensity
estimation. To capture the facial dynamics of spontaneous and micro facial variations,
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we use 3D CNN architectures in Papers III–IV. Specifically, we propose to use multiple
CNN kernels with different temporal depths in parallel for each layer of the deep network.
Hence, we can capture short, mid, and long-range spatiotemporal variations of the
facial video. Paper III presents a deep architecture by stacking parallel 3D CNN kernels
and shows promising performance on the commonly used UNBC-McMaster database.
Inspired by the success of ResNet architecture in image and video representation, we
extend the idea of parallel 3D CNN kernel to Paper IV by adding skip connections to the
model, which enable us to increase the depth of the network. However, the number of
parameters grows as the model depth increases. To address this drawback, we propose a
cross-architecture knowledge transfer strategy, where the knowledge of a pre-trained 2D
CNN model is transferred to a 3D CNN model during the training process.
Due to relatively small size of existing pain databases and large number of parameters
in complex deep models, we introduce a spatiotemporal distillation technique in Paper V
to encode a video into a single RGB image. Temporally dividing the video into smaller
segments, we measure the mutual information between two consecutive segments. By
encoding the appearance and dynamics of the video into an image map, we can use
pre-trained models on still images for pain intensity estimation. Hence, we reformulate
the problem of video representation as image representation.
For the first time 2 , we define pain intensity estimation as a self-supervised learning
problem in Paper VI. State-of-the-art methods in pain intensity estimation are typically
supervised methods. However, labeling samples for pain analysis is a costly and
time-consuming process. Inspired by this fact, we use a Siamese network to learn
generalized representations of large amount of unlabeled samples by measuring the
similarity between them as a pretext. The learned representations are fine-tuned in the
downstream task for pain intensity estimation using the labeled samples. Following
this strategy, we aim to reduce the dependency of representation learning models
for automatic pain assessment to the large amount of labeled data. Our extensive
experiments on two public pain databases in cross-database setting show promising
performance, which demonstrates good generalization of learned representation in
self-supervised manner.
1.4

Organization of the thesis

This thesis is organized into two parts. The first part includes five chapters, which
provides an overview of the state of the art in automatic pain assessment and summarizes

2 Until
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the date of writing of this thesis.

the contributions and findings of the original papers. The second part consists of the
original papers deriving this thesis.
Chapter 1 gives an introduction to the thesis by presenting the background and
rationale behind the study, identifying the contributions of the thesis, as well as a
brief summary of the original papers. Chapter 2 describes an overview on automatic
pain assessment, including an introduction to pain intensity estimation systems, a
literature review of the state of the art methods, and description of publicly available
pain databases used in the experiments of this thesis.
Chapters 3 and 4 present the novel methods for automatic pain intensity estimation
proposed in the original papers. Chapter 3 focuses on learning discriminative spatiotemporal representations from the facial videos using deep learning approaches. Specifically,
it discusses fixed-range and dynamic-range spatiotemporal representations of the facial
expression of pain. Chapter 4 introduces different representation learning techniques,
which improves the generalization of the learned representations from the facial videos
and reduces the dependency to the large amount of labeled data for training. This chapter
also explains the importance of learning generalized spatiotemporal representations
under the cross-database setting.
Chapter 5 concludes the thesis by discussing the results and their implications, as
well as directions for the future research on automatic pain assessment.
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2

Overview of automatic pain assessment

In this chapter, we first present a general introduction on experiencing pain and the way
that people communicate, i.e., express, their painful experience. Then, we discuss the
clinical pain assessment techniques such as observer based assessment and self-report.
After identifying the importance of automatic pain assessment, we introduce the existing
methods on facial expression analysis for pain intensity estimation. Finally, we review
publicly available datasets for automatic pain assessment from the face.
2.1

Pain expression and assessment

Pain is a warning signal. Pain alerts individuals to possible bodily danger and subsequently prompts escape from the dangerous situations, recovery and healing [19].
An equally important feature is the ability pain has to grab the attention of others
and elicit help [31], demonstrating pain has social aspects. The experience of pain is
constructed in the brain based on information from multiple sources, including incoming
nociceptive or danger signals, information form the senses (vision, touch, hearing), and
other modulating factors such as attention, distraction, expectations, anxiety, stress,
the physical and social context, and past experiences [32]. However, pain is not only
a subjective experience constructed in the brain of an individual, it is also a social
construction. Pain is always experienced in a social setting and the social features of
pain include how others respond to the person experiencing pain and how the behaviors
of others and the social environment in turn influence the person in pain.
Craig et al. [7, 27, 33] have proposed the communication model of pain that
addresses the processes by which humans of all ages express and perceive pain within a
social context. The social communication model of pain not only acknowledges pain as
a bio-psycho-social phenomenon, it also specifically includes social factors in addition
to the intra-personal mechanisms described in earlier models [7]. It is a generic model,
not limited to any specific patient group. In the social communication model of pain
(see Figure 6) there are two actors: the person experiencing pain and the observer (i.e.,
the assessor). The observer may be either a primary caregiver or a professional. Pain is
experienced and assessed within a defined physical and social setting. In the model,
an episode of pain is described as a series of inter-dependent stages starting with a
pain event – real or perceived, the patient’s experience and expression of pain, and the
observer’s assessment and management of pain. Each of the stages involves complex
and dynamic processes within (intra-personal) as well as between (inter-personal) the
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Fig. 6. The communication model of pain. A conceptual bio-psycho-social model illustrating
the interaction between the patient and the caregiver.

patient in pain and the observer [7, 11]. Inter-personal factors also include influences
that the social and physical context exerts on the patient and the observe [7].
Almost all individuals have the functional ability to experience pain, regardless
of age. Ascending nociceptive pathways are fully functional at birth and provide
the necessary sensory input to the brain together with the information from the other
senses [32]. There is no pain center in the brain. A network of multiple parts of the
brain (i.e., the neuromatrix) is involved in the construction of pain in the brain [34].
Therefore, the experience of pain is a result of the brain’s judgment of incoming and
stored information [35]. However, it is often impossible to know exactly how specific
population (e.g., neonates, infants, and unconscious patients) experience pain and
distress because they cannot describe it verbally. Hence, pain assessment based on
self-report is not always applicable for all population of patients. Instead, we need to use
other source of information to gain insight into the pain experience of such patients.
Unrelieved pain may interfere with all aspects of life, including physical and social
activities, normal development, emotion and sleep [3, 4, 36, 5, 6]. It may results in
increased anticipatory distress [37], increased pain responses [38], and diminished effect
of analgesics [39] on subsequent procedures. Unrelieved acute pain increases the risk of
chronic pain states [9]. Ongoing nociception and unrelieved pain may also influence how
pain is expressed. Specifically, it may result in withdrawal or a decrease in observarble
signs of pain [40]. Such individual differences and changes in how pain is expressed
make it more difficult for others to detect and assess the pain. Behavioral cues may be
viewed as either reflective or purposive, based on whether or not they under voluntary
control. Facial expression and paralinguistic features have been categorized as mainly
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reflexive behaviors, while the use of language is considered a purposive behavior [41].
Body movements may be both, i.e., generalized movements with withdrawal reflexes are
considered reflexive behaviors, while more specific protective are considered purposive
behaviors [41, 7].
Pain should be detected before it can be alleviated, and the assessment of pain is
an essential part of nurses’ responsibilities [42]. Pain assessment is a systematic and
holistic approach to the patient’s situation taking into account all bio-psycho-social
factors that are associated with pain including, but not limited to, sensory aspects (pain
intensity, quality, location, and duration), vocalization, physiological and behavioral
cues, causes of pain, influencing factors and the overall judgement of the caregiver. Pain
and its assessment are understood as an ongoing and dynamic transaction within the
patient-nurse dyad. A transaction implies both an interaction where messages (verbal
and non-verbal) are exchanged between the patient in pain and the nurse, and that the
outcome of this exchange extends the simple sending and receiving of messages. Ideally
the transaction should be something like this: The patient experiences pain and singals
distress. To assess pain, the nurse interprets and responds to the distress; the dialogue
goes back and forth, and the outcome of the patient-nurse interaction is a pain diagnosis
and subsequent treatment decision [43].
Measurement of pain is one aspect of pain assessment and concerns the use of
a structured pain scale to quantify one dimension of pain, most commonly pain
intensity [44]. The use of a structured pain measurement scale to obtain a numerical
pain score is considered a prerequisite for effective treatment of pain and the base for
a scientific approach to pain. In early 1990’s several studies attributed sub-optimal
pain management to the lack of objective and appropriate methods for the assessment
of pain [45]. As a result, several structured scales for the measurement of pain were
developed. Structured pain scales are based on either self-report or observational
information. Self-report of pain intensity may be obtained from verbal individuals using
a graphical or numerical scale [46]. For non-verbal individuals, an observer provides a
rating of pain. Observational pain scales are based on structured evaluation of behavioral
and/or physiological changes or cues considered to be indicators of pain and are used in
situations where patients are unable to verbalize their pain experience due to age, illness
or severe cognitive or mental impairments [47]. The main premise underlying these
scales is that the bio-behavioral responses included in the scale are a valid representation
of pain experience. During the past decade, there have been numerous research and
development efforts in analyzing physiological signals to monitor and assess pain
experience of patients [48]. There are various techniques to measure and process skin
conductance, hear rate, blood pressure. Moreover, electroencephalography (EEG) is
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used to detect changes in electrical activity in the brain cortex caused by pain [49].
Although such methods have shown promising performance to detect patterns of pain
responses [50], they require patients to attach bulky sensors, chest straps, or stick
electrodes. This is obviously considered an intrusive approach of pain assessment,
which is not applicable for patients who have skin issues (e.g., burned skin). Hence, the
development of behavioral responses to pain has attracted attention of both research
community and clinicians. Facial expressions, body movements, and vocalizations are
behavioral pain responses.
2.1.1

Analyzing pain using self-report

In clinical applications, pain is usually diagnosed through the patient’s self-report based
on severity, sensory quality, location, and duration attributes. Self-report refers to
conscious communication of pain-related information by the patient. It is typically done
by spoken or written language, or using gestures. Self-report is often referred to as the
gold standard in pain assessment [7]. Self-report provides retrospective accounts of
events, experiences, and behaviors and are methodically convenient and economical.
Different scales for measuring the pain intensity are used in self-report. Verbal Rating
Scale (VRS) use discriminative verbal categories, such as no pain, weak pain, severe
pain. Numerical Rating Scale (NRS) provide precise instruction regarding the pain
intensity by answering the question “Please describe your pain on a scale from zero to
ten, where zero indicates no pain and ten means extreme pain”. Visual Analogue Scale
(VAS) consists of a straight line with the endpoints defining extreme limits such as
no pain and the highest level of pain. The patient is asked to mark his/her pain level
on the line between the two endpoints. The distance between “no pain” and the mark
defines the subject’s pain. If descriptive terms like “mild”, “moderate”, “severe” or a
numerical scale is added to the VAS, this scale is called Graphic Rating Scale (GRS).
Although all these scales can be used to measure pain intensity, they require a level of
cognitive processing and functioning that is not always present. Moreover, self-report is
a controlled and goal-oriented response [17], which can be affected by reporting bias
and variance in memory and verbal ability [51].
2.1.2

Analyzing pain using face expressions

The face not only hosts most of the sensory apparatus (e.g. ears, eyes, mouth, and
nose), but it also provides many signals regarding the health condition [47]. Certain
medical conditions change the expression or appearance of the face due to behavioral
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responses. These changes are a potential source of information for clinicians to get
insights into the health of patients. Analyzing facial symptoms can be crucial for
diagnosis purposes. Due to the fact that pain can be considered as the symptom of
many diseases and tissue damage, understanding the patient’s pain is very relevant for
clinicians to provide information on the state of the patient, and to suggest the right
treatment. However, the experience and the manifestation of pain through self-report
can be ascribed as highly subjective. Moreover, pain assessment from the face is of high
importance for the population, who are not able to articulate their health condition,
e.g., infants, patients with mental condition, and unconscious patients. Alternatively,
clinicians rely on observing pain-related behaviors to determine a parent’s extent of
suffering. Facial expression exemplifies one of these pain-related behaviors and there is
a growing interest in its objective measurement.
The introduction of FACS [18] has let the clinicians (i.e., FACS coders) to decompose
the facial expressions to different AUs so that the trained FACS coders can apply specific
operational criteria to determine the onset and offset as well as the intensity of the
AUs. Table 1 lists the main AU codes along with their FACS name and muscular basis.
Using FACS, human coders can manually code nearly any anatomically possible facial
expression, deconstructing it into the specific AUs and their temporal segments that
produced the expression. As AUs are independent of any interpretation, they can be used
for any higher order decision making process including recognition of basic emotions.
According to FACS, it is shown that facial expressions of pain are composed of
a small subset of facial activities, namely lowering the brows (AU4), cheek raise/lid
tightening (AUs 6-7), nose wrinkling/raising the upper lip (AUs 9-10), opening the
mouth (AUs 25-26-27), and eye closure (AU 43) [16, 52]. These facial activities
are displayed during the experience of experimental pain as well as in clinical pain
conditions [53]. Figure 7 shows AUs occur in painful experience. However, this does
not mean that there is only one uniform facial expression of pain that can be observed at
all times and in each individual [17]. Rather, individuals often display only parts of this
subset or combine this subset of facial activities differently. Additionally, the facial
expression of pain may co-occur with other emotions, which the task of the observer
difficult concerning making the accurate decision. Nevertheless, pain assessment through
analyzing facial expressions is intrinsically burdensome, i.e., there is a considerable
amount of time involved in the training of FACS coders (approximately 100 hours) [54].
Although monitoring facial expressions is considered as an objective practice for
pain assessment, its interpretation can be affected by several factors, such as age and
dementia [56]. Moreover, health professionals exposed to a high number of painful facial
expressions may develop an exaggerated bias over time. This attitude shift signifies the
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Table 1. List of action units with their corresponding FACS and involved muscles.
AU Number

FACS Name

Muscular Basis

0

Neural face

-

1

Inner brow raiser

Frontalis

2

Outer brow raiser

Frontalis

4

Brow lower

Depressor glabellae,
depressor supercilii,
corrugator supercilii

5

Upper lid raiser

Levator palpebrae superioris,
superior tarsal muscle

6

Cheek raiser

Orbicularis oculi

7

Lid tightener

Orbicularis oculi

8

Lips toward each other

Orbicularis oris

9

Nose wrinkler

Levator labii superioris
alaeque nasi

10

Upper lip raiser

Levator labii superioris, caput
infraorbitalis

11

Nasolabial deepener

Zygomaticus minor

12

Lip corner puller

Zygomaticus major

13

Sharp lip puller

Levator anguli oris

14

Dimpler

Buccinator

15

Lip corner depressor

Depressor anguli oris

16

Lower lip depressor

Depressor labii inferioris

17

Chin raiser

Mentalis

18

Lip pucker

Incisivii labii superioris and
inferioris

19

Tongue show

-

20

Lip stretcher

Risorius with platysma

21

Neck tightener

Platysma

22

Lip funneler

Orbicularis oris

23

Lip tightener

Orbicularis oris

24

Lip pressor

Orbicularis oris

25

Lips part

Orbicularis oris

26

Jaw drop

Masseter; relaxed temporalis
and internal pterygoid

27

Mouth stretch

Pterygoids, digastric

28

Lip suck

Orbicularis oris
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Inner Brow Raiser (1)

Outer Brow Raiser (2)

Brow Lowerer (4)

Upper Lid Raiser (5)

Cheek Raiser (6)

Lid Tightener (7)

Nose Wrinkler (9)

Upper Lip Raiser (10)

Nasolabial Deepener (11)

Lip Corner Puller (12)

Cheek Puffer (13)

Dimpler (14)

Chin Raiser (17)

Lip Puckerer (18)

Lip Corner Depressor (15) Lower Lip Depressor (16)

Lip stretcher (20)

Lip Funneler (22)

Lip Tightener (23)

Lip Pressor (24)

Lips Part (25)

Jaw Drop (26)

Mouth Stretch (27)

Lip Suck (28)

Lid Droop (41)

Slit (42)

Eyes Closed (43)

Squint (44)

Eyes Turn Left (61)

Eyes Turn Right (62)

Eyes Up (63)

Eyes Down (64)

Fig. 7. Description of AUs that occur during painful experiences. The number in practises
indicate the AU’s number. Modified, with permission, from [55].

desensitization of health professionals to the severity of pain being experienced by the
patients. To overcome observer limitations, it is desirable to develop automatic pain
assessment systems, which can infer the facial information and provide complementary
objective information for better pain management. Computer-aided approaches can
continuously monitor the patients and capture subtle facial variations, which may not
even visible for an observer [57]. From the computer vision and machine learning
perspective, it is a very challenging task to find unique patterns from the extracted
information from the face that can be generalized to all types of population, i.e., from
age, gender, cultural and ethical background. Moreover, there are other factors (e.g.,
the difficulty of data collection due to privacy and ethical issues, and environmental
variations such as lighting condition, head movement, and partial occlusion), which
hinder developing such automated systems. Therefore there is a need for devising
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computational models to obtain discriminative representations from the face using a
limited amount of data, which can be generalized to the other settings. In this thesis, we
investigate novel representation learning approaches to capture facial information from
video recordings for automatic pain assessment. Specifically, we analyze the face in the
spatial and temporal domains to estimate the pain intensity level of individuals.
2.2

Automatic pain assessment from face

Automatic pain assessment is an emerging topic in artificial intelligence due to the
increasing demands for continuous and consistent monitoring of pain in clinical
environments and home care. Automatic pain assessment would provide objective
information regarding the health status of individuals. Several attempts have been done
to automatically detect pain and estimate its intensity based on analysis of behavioral or
physiological pain indicators or combination of both. We group these methods into three
categories, namely behavioral measures based pain analysis, physiological measures
based pain analysis, and multimodal based pain analysis, and divided these categories
further as illustrated in Figure 8. In this thesis, we focus on the behavioral aspect of the
pain, specifically on the facial expression of the pain. Behavioral measures based pain
analysis can be defined as the task of automatically extracting pain-relevant features
from behavioral pain indicators. Facial expression is one the most common and specific
indicators of pain. Facial expression of pain is defined as the movements and distortions
in facial muscles associated with a painful stimulus. The facial movements associated
with pain include deepening of the nasolabial furrow, brow lowering, narrowed eyes,
vertical and horizontal mouth stretch, lip pursing, lip opening, tongue protrusion, taut
tongue, and chin quiver [58]. Automatic recognition of pain expression consists of three
main stages: (1) face detection and registration; (2) feature extraction; and (3) expression
recognition. There are different methods for extracting features from images. We broadly
divide these methods based on their underlying algorithms into five groups: Feature
Reduction based methods, Local Binary Pattern Variation based methods, Motion based
methods, Model based methods, and FACS. The first and second categories focus on
analyzing static images and they both fall under texture-based methods. The last three
categories focus on the temporal analysis of facial expression in videos. For each
categories, we discuss the underlying algorithms and existing works that utilize them.
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Fig. 8. Tree block diagram of automatic pain assessment methods.
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2.2.1

Feature reduction based methods

A simple approach to extract pain-relevant features from static images is to convert
the image pixels into a vector of H × W dimension, where H and W are the height
and width of image, respectively. Then, feature reduction methods such as Principal
Component Analysis (PCA) and Sequential Floating Forward Selection (SFFS) could be
applied to reduce the vector’s dimensionality. PCA is a statistical method to reduce the
dimensionality of a given feature space by identifying a small number of uncorrelated
features or variables, known as principle components. Those components present the
dimensions along which the data points are mostly spread out. Sequential feature
selection methods are a family of greedy search algorithms that are used to reduce an
initial dimensional feature space to a k-dimensional feature subspace, where k < d by
sequentially adding or removing a single feature until there is no improvement in the
classifier performance. SFFS is an extension of Sequential Forward Selection (SFS),
which is a method to construct the best feature subset by adding to a subset, initially
equal to null, a single feature that satisfies some criterion function. The difference
between SFS and SFFS is that SFFS allows, according to the criterion function, to
exclude the worst feature from the subset (i.e., allow to dynamically increase and
decrease the feature until the best subset is reached).
One of the first studies in machine recognition of pain is presented by Brahnam
et al. [59]. A feature reduction based approach was proposed and applied on the
Classification of Pain Expressions (COPE) dataset [59]. For classification, distancebased classifier, specifically PCA and Linear Discriminant Analysis (LDA), and Support
Vector Machine (SVM) were used. LDA can be defined as a supervised learning
method that works by transforming the data onto a subspace that maximizes the ratio
between-class variance to within-class variance in order to increase the separation
between classes. SVM is another supervised machine learning algorithm that works by
constructing the optimal separating hyperplane that best segregates new samples. This
work later is extended in [60] to include Neural Network Simultaneous Optimization
Algorithm (NNSOA) for classification along with LDA, PCA, and SVM. Moreover,
leave-one-subject-out cross-validation was used for classification. It is substantiated that
the leave-one-subject-out cross-validation protocol is challenging but more realistic in
clinical settings [61]. Instead of detecting the presence or absence of pain expression,
Gholami et al. [62] presented a sparse kernel machine algorithm, known as Relevance
Vector Machine (RVM), to estimate the intensity level of the detected pain expression.
RVM is a Bayesian version of SVM that provides the posterior probabilities, for the
class memberships.
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2.2.2

Texture descriptor based methods

The methods presented in this category utilize Local Binary Pattern (LBP) [63] algorithm
or its variants for analysis. LBP is one of the most popular texture descriptors in computer
vision. The popularity of LBP can be attributed to its simplicity, its low computational
complexity, and its robustness to illumination variations and alignment errors [64].
Local Ternary Pattern (LTP) [65], Elongated Binary Pattern (ELBP) [66], and Elongated
Ternary Pattern (ELTP) [67] are other variants of LBP. Nanni et al. [68] presented a
method to detect pain expressions using LBP, LTP, ELBP, and ELTP texture descriptors.
These descriptors are applied to the images to extract pain-relevant features. To select
most discriminant features, SFFS feature selection algorithm was applied to a training
set using leave-one-out cross-validation protocol. To perform a binary classification (i.e.,
pain vs. no-pain), an ensemble of Radial Bias SVMs was used.
A noticeable limitation of the above work is the use of static texture descriptors
for detecting facial expression of pain. Static texture descriptors deal only with the
spatial information of the facial expression and ignore the dynamic patterns. To capture
the spatiotemporal information of the facial expressions, several dynamic textures
descriptors such as Local Binary Patterns on Three Orthogonal Planes (LBP-TOP) [69]
can be exploited. Moreover, there is a limitation in using 2D static images for pain
expression analysis. Static images ignore temporal information of the facial expression
of pain. It affects the ability of understanding the facial expression and its evolution
over time. Occlusion (e.g., self-occlusion, oxygen mask, and pacifier), which is know
to be common in clinical environments, is another limitation of using static images.
Therefore, it is important to use method for analyzing the spatial and temporal cue of the
facial expressions from videos.
2.2.3

Motion based methods

Motion based methods can be defined as the methods that estimated the motion vectors
for a pixel (direct) or features (indirect) between consecutive video frames. Optical
flow is a well-known motion estimation method that works by directly estimating the
pixel’s velocity over consecutive frames. It depends on the brightness conservation
principle and provides a dense pixel-to-pixel correspondence [70]. Zamzami et al. [71]
introduced a motion based method to detect pain expression from videos. To extract
pain-relevant features, optical flow vectors were computed between consecutive frames
and used to estimated the optical strain magnitudes, which measure the facial tissue
deformations occurred during facial expressions. Then, a peak detector was applied
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to the strain curves to find the maximum strain magnitudes that correspond to facial
expressions. For classification, the extracted strain features were used to train different
machine learning classifiers, namely SVM and K-nearest neighbors (KNN). KNN is a
simple, non-parametric algorithm that stores all instances in advance and classifies a
new instance based on a similarity measure.
Despite optical flow’s popularity and efficiency in motion estimation, the violation of
smoothness constraint and self-occlusions can cause the optical flow to fail and provide
inaccurate flow computations. Another factor that affects the optical flow results are
motion discontinuities and illumination variations. To better handle the smoothness
constraints, other flow estimation method (such as SIFT flow [72]) were proposed. For
robustness computation of the flow vectors in the presence of illumination variation and
occlusion, different method were discussed in [73, 74, 75].
2.2.4

Model based methods

The basic concept of model based algorithms is to search for the optimal parameters of a
learning model that best match the model and the input data [76]. Active Appearance
Model (AAM) [77] is a well-known model based algorithm that uses appearance (i.e.,
combination of texture and shape) for matching a model image to a new image. It is
one of the most commonly used algorithms in various applications of facial expression
analysis. To fit AAM model to a facial image, the error between the representative
model and the input image should be minimized by solving a non-linear optimization
problem. Fotiadou et al. [78] discussed using AAM in detecting pain expression during
acute painful procedure. AAM tracker was applied to track facial landmark points in
the video frames. Then, three features were extracted from the tracked face based on
AAM parameters, i.e., Similarity-Normalized Shape (SPTS), Similarity-Normalized
Appearance (SAPP), and Canonical-Normalized Appearance (CAPP). SPTS feature
vector contains the coordinates of the landmark points after removing all rigid geometric
variations. SAPP feature vector represents the appearance after removing rigid geometric
variations and scale. CAPP represents the appearance after removing all the non-rigid
shape variation.
Deep neural networks have recently achieve outstanding performance in visual
representation learning. The superior performance of deep models is largely due to their
ability of learning powerful multi-level representations from large amount of labeled
data. In particular, deeper and more sophisticated Convolutional Neural Networks
(CNNs), trained on large-scale labeled data, have enabled significant progress in many
computer vision tasks. The great success of CNN features on image analysis tasks has
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stimulated the utilization of deep features for video analysis. The general idea is to treat
a video as a collection of frames, and then for each frame, feature presentation could be
derived by running a feed-forward pass until a certain fully-connected layer. Finally,
frame-level features are averaged into video-level representations as inputs of standard
classifiers for recognition. The effectiveness of CNNs on a variety of tasks lie in their
capability to learn features from raw data as an end-to-end pipeline targeting a particular
task. Therefore, in contract to the image based classification methods, there are many
works focusing on applying CNN models to the video domain with an aim to learn
spatiotemporal representations. Zhou et al. [79] proposed a Recurrent Convolutional
Neural Network (RCNN) as a regressor model to estimate the pain intensity level. They
converted video frames into vectors and fed them to their model. However, this spatial
conversion results in losing the structural information of the face. To address this issue,
Rodriguez et al. [80] extracted deep features from each from each frame using a CNN
model. These features are fed to a Long-Short Term Memory (LSTM) to exploit the
temporal information. Following this strategy, they consider a temporal relationship
between video frames by integrating the extracted features from the CNN.
Nevertheless, the performance of deep models, by a large extend, depends on their
size and the amount of training data. Different sorts of network architectures have
been developed to increase the capacity of deep models. In particular, CNNs are a
useful class of models for both supervised and unsupervised learning paradigms. The
supervised learning mechanism is the one, where the input to the model and the target
output (i.e., ground-truth) are known and the model learns a mapping between the two.
In the unsupervised learning, the ground-truth for a given set of inputs is not known and
the model aims to estimate the underlying distribution of the input data samples. In
certain applications such as pain assessment from facial expressions, the training data
are scares, and collection and annotation of data are time-consuming and expensive. To
tackle these issues, different learning strategies have been put forward including transfer
learning and self-supervised learning.
Transfer learning deals with how learning models can adapt themselves to new
tasks and data. Inspired by human beings’ capabilities to transfer knowledge across
domains, transfer learning aims to leverage knowledge from a related domain (i.e.,
source domain) to improve the learning performance or minimize the number of labeled
examples required for the target domain [81]. In the transfer learning paradigm, a model,
which is pre-trained on a large-scale dataset, can be either used a deep feature extractor
or fine-tuned on the target dataset.
In self-supervised learning, the model learns visual representations from large-scale
unlabeled data. By solving an self-supervised pretext task, the model learns the visual
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representation of unlabeled data. A wide range of pretext tasks can be used for selfsupervised learning including image inpainting [82] and image jigsaw puzzle [83].
Once self-supervised pretext task training is finished, the learned parameters serve as a
pre-trained model and are transferred to other downstream task by fine-tuning on target
labeled dataset [84], which is usually smaller in size.
2.2.5

FACS based methods

FACS is a comprehensive system that uses a set of numeric codes to describe the
movements of facial muscles for all observable facial expressions. FACS numeric codes,
which represent the facial muscles’ movements, are know as Action Units (AUs). The
vast majority of the methods in the field of automatic facial expression analysis use
FACS to detect facial expressions. Sikka et al. [85] presented a FACS based method
to describe facial expression of pain. To extract useful features from the videos, the
Computer Expression Recognition Toolbox (CERT) [86] was used to detect several AUs.
A feature selection method was then applied to select fourteen representative AUs and
different statistics were computed for each of these AUs to form the feature vectors.
The extracted features were used in a logistic regression framework for pain detection.
The main challenge of FACS based methods is the extensive time required for labeling
AUs in each video frame to get the ground truth. For instance, a human expert requires
around two hours to code one minute of a video [30]. One solution to reduce the cost of
labeling is to automatically detect AUs in each frame and use them as labels. Automatic
detection of AUs in real-world conditions is a challenging area of research that is out of
scope of this thesis.
2.3

Pain datasets

In order to develop and validate automatic pain assessment methods, it is necessary
to record data of people experiencing pain. This can be done with patients in clinical
contexts or with healthy volunteers as common in basic and pharmaceutical research.
Several factors contributes to the pain experience of patients. Some of the bias can be
avoided in experimental studies with healthy unmedicated volunteers. Furthermore, the
intensity, duration, frequency, and localization of experimental stimuli are controllable.
Methods of experimental pain stimulation include thermal, electrical, mechanical, and
chemical modalities [87]. Heat and electrical stimuli applied on the skin are the most
common types in pain analysis research. Some of the advantages are very precise control
of stimulus intensity and timing as well as repeatability. Other used stimulation methods
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include (1) the cold pressor task, in which the hand or forearm is immersed into cold
water [88], (2) mechanical stimulation of the skin with an electronic hand-held pressure
algometer [89], and (3) ischemic stimulation of muscle pain with an tourniquet applied
on the arm [90]. In clinical context, many patients suffer from ongoing pain due to
disease or injury without external stimulation. However, pain experience and response is
intensified by external stimuli or many necessary procedures and activities.
Ground truth can be based on self-report, observer assessment, or study design. Due
to the personal and subjective character of the pain experience, self-report is considered
as the gold standard of measuring pain intensity. However, it cannot be applied with
certain population that suffer from biases. Gathering self-report requires action from
the person in pain, which may be perceived as an additional burden. In experimental
research, self-report can be also used to calibrate stimulation. Pain rating by an observer
is another alternative to obtain the ground truth. Rating may be done with subjective
Likert-type scales [91], but validated systematic observation scales should be preferred.
A limitation of the observer rating is that not all people show pain responses to the same
extent [92].
A specific observer scale for facial expression, the Prkachin and Solomon Pain
Intensity (PSPI) [16] is widely used in pain analysis due to its association with the
commonly used UNBC-McMaster dataset [93]. It can be calculated for each individual
image or video frame by coding the intensity of certain AUs based on FACS. PSPI
can go up and down with tension and relaxation of facial muscles although the felt
pain is steadily increasing [92]. Therefore, the temporal resolution of PSPI could be
misleading if the pain persists for long time. On the other hand, the feeling of pain
may induce a facial response that is not part of the prototypic pattern underlying PSPI
(AUs 4, 6, 7, 9, 10, 43). Kunz and Lautenbacher [94] suggested that there are several
faces of pain. They found activity patterns that include raising of eyebrows (AU 1/2) or
opening of the mouth (AU 25/26/27), which are not considered by PSPI. The PSPI
may be also non-zero although the observed subject does not feel pain. Moreover,
several facial expression of emotions share AUs with PSPI [88], e.g., disgust (AU 9/10)
and happiness (AU 6). In experimental pain studies, ground truth with high temporal
resolution can be obtained from the applied stimulus’ time series. This belongs to the
third category of ground truth, which originates from study design and prior knowledge.
Many studies use well-established knowledge that a person feels more or less pain under
certain circumstances compared to a reference. For example, in heat pain stimulation, a
higher temperature usually induces more pain than a lower temperature; low back pain
patients feel more pain during back-straining exercises than healthy controls, etc. Such
knowledge about procedures and effects naturally defines categories that can be used as
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Table 2. Characteristics of publicly available benchmark datasets for automatic pain assessment from the face.

Dataset

Subjects

Stimuli

Modality

Annotation

UNBCMcMaster

25

200 range of
motions on limps

RGB videos

Self-report,
observer rating,
and FACS

BioVid

90

14000 heat
induction

RGB videos,
EDA, ECG, and
sMEG

Calibrated stimuli
per subject

BP4D

41

41 cold pressor
tasks

RGB and 3D
videos

Stimulus and
FACS

BP4D+

140

140 cold pressor
tasks

RGB, 3D, and
thermal videos,
heart rate,
respiration rate,
EDA

Stimulus and
FACS

MIntPAIN

20

2000 electrical
pain

RGB, thermal,
and depth videos

Self-report and
calibrated stimuli
per subject

recognition targets. Although there are many datasets for pain-related research, not all
of them are publicly available. In the following, we briefly review the publicly available
pain datasets, which primarily exhibit facial expression of pain and are commonly
used for automatic pain assessment. Table 2 also summarizes the information of these
datasets.
UNBC-McMaster Shoulder Pain Expression Archive
The UNBC-McMaster dataset [93] is widely used for pain expression recognition. This
database contains facial videos of subjects, who suffer from shoulder pain, performing a
series of active and passive range-of-motion tests to their either affected or unaffected
limbs on two sessions. Figure 9 shows some face samples from this database. Each
video is annotated in a frame-level fashion by FACS, resulting in 16 discrete pain
intensity levels (0 − 15). The experimental studies usually use the active test set, which
includes 200 facial videos of 25 subjects with 48, 398 frames, as the passive test set is
not publicly available. Furthermore, 68 facial landmarks have been extracted using
Active Appearance Model (AAM). Hence the face region is detected and aligned based
on the provided facial landmarks.
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Fig. 9. Sample frames from the UNBC-McMaster dataset. Reprinted, with permission, from
UNBC-McMaster dataset [93] ©Jeffry Cohn.

Fig. 10. Sample frames from the BioVid Heat Pain dataset. Reprinted, with permission, from
Biovid dataset [28].

BioVid Heat Pain
The BioVid dataset [28] was collected from 90 participants from three age groups.
Four distinct pain levels were induced in the right arm of each subject more than
14, 000 times in total. This dataset contains both facial videos and bio-physiological
signals such as the Skin Conductance Level (SCL), the Electrocardiogram (ECG),
the Electromyography (EMG), and the Electroencephalogram (EEG). The dataset is
presented in five parts, namely parts A, B, and C (pain stimulation), part D shows posed
facial expressions, and part E contains emotion elicitation. Figure 10 shows samples of
the BioVid dataset. In our experiments, we used part A, which includes 8, 700 videos of
87 healthy subjects that are labeled with respect to pain stimulus intensity. Therefore,
there are five pain intensity levels in BioVid Part A, i.e., no pain (level 0), low pain
(level 1), two intermediate pain intensities (levels 2 and 3), and severe pain (level 4).
The rationale behind choosing part A is the absence of sensors attached to the face of
the subjects. To extract detect the face region in the video, we used dlib library 3 for
landmark localization and estimated 68 facial landmark locations. We used the landmark
information for further facial alignments and cropping.

3 http://dlib.net/
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Fig. 11. Sample RGB and thermal images from the MIntPAIN dataset. Reprinted, with permission, from MIntPAIN dataset [96].

BP4D-Spontaneous and BP4D+
The BP4D-Spontaneous [88] and BP4D+ [95] datasets4 were collected by capturing
3D videos of spontaneous facial expressions of 41 and 140 adults from different age
ranges. Each participant is associated with 8 tasks. For each task, there are both 3D and
2D videos. The metadata include manually annotated AU using FACS, automatically
tracked head pose, and 2D/3D facial landmarks. Pain has been induced once per person
using the cold pressor. Along with the 3D RGB videos of the face, BP4D+ also contains
thermal videos as well as physiological signals.
MIntPAIN
The MIntPAIN dataset [96] was captured by giving electrical muscle pain stimulation to
the subjects. 20 volunteers have participated in data collection for this dataset. Figure 11
shows sample images of this dataset. Each subject exhibited two trials during data
capturing session and each trial has 40 sweeps of pain stimulation. In each sweep, two
types of data were collected: one for no pain (level 0) and the other one for pain (level 1
- level 4). This dataset comes with RGB, depth, and thermal facial videos. Specifically,
it includes 9, 366 variable length videos for all modalities with 187, 939 frames.
2.4

Conclusion

Pain is the primary reason that makes people to seek medical attention. As an unpleasant
sensation, pain experience alarms about actual or potential tissue damage in the body.
Therefore, valid and reliable pain assessment is necessary for treatment of patient.
4 Due
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to copyright, we do not display samples in the thesis.

However, pain is a subject phenomenon and its concept is understood by individuals
through their life experiences. People have different pain tolerance and various factors
may amplify or attenuate their experience, e.g., beliefs, emotions, or situational factors.
Self-reporting of pain is considered as the gold standard and the primary pain assessment
tool, in which the patient is asked to quantify the experienced pain. However, self-report
is not applicable for population that are not able to articulate their pain experience,
e.g., unconscious or newborn patients. Moreover, self-report is not always a valid
indicator for pain assessment, e.g., in the case of demented patients. Due to subjectivity
of pain experience, self-report may not be a reliable assessment technique because it is a
controlled and goal-oriented response to pain, which might be affected by reporting bias
and variances in memory and verbal ability. Therefore, it is important to obtain objective
information regarding the pain state of patients through other assessment techniques.
When the severity of the pain experience exceeds a certain threshold, it triggers
observable reactions that can be observed through behavior, notably facial expression.
Hence, facial expressions are characterized as a reflexive, automatic reaction to the
painful experiences. However, people differ in their expressiveness, i.e., they react
differently to various stimulus intensities. Thanks to FACS, it is possible to objectively
study the facial expressions in order to understand the pain experience of the patient.
Although FACS suits well to study facial expressions, it is too time-consuming for
clinical pain assessment, as it takes a long time for an expert to code facial videos
using FACS. Automatic pain assessment is a promising alternative that can provide a
continuous pain assessment, which improve clinical outcomes. Unlike human observers,
automatic pain assessment methods are not biased by factors such as experience,
relationship to the patient, etc.
During the recent years, automatic pain assessment using visual information of the
face has attracted significant attention as it offers a non-invasive and unobtrusive solution
for monitoring the pain experience of individuals compared to other techniques such as
analyzing biosignals, which require attaching bulky sensors to the body. Motivated by
this fact, a range of approaches have been proposed to capture and encode the visual
information from the face for pain detection (presence or absence of pain), pain intensity
estimation, discriminating pain from other emotional states, and distinguishing real pain
experience from posed pain experience. In the early years, hand-crafted features were
extracted from either video frames or image sequences. These features were fed to some
convectional classifiers (e.g., SVM, KNN, etc.) for pain recognition. By introduction of
deep learning and its great success in many visual representation learning applications, a
new era has started for pain assessment using deep learning based methods. In particular,
CNNs are capable of learning hierarchical representations from the input data, where
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earlier convolutional layers learn abstract representations of the input and the latest
layers learn high-level and semantic representations of the input. Although CNNs can
effectively capture spatial information, they are not able to encode sequential data such
as videos. Recurrent Neural Networks (RNNs) are designed to process the sequential
data. Therefore, a group of automatic pain assessment methods combine CNNs and
RNNs architectures in order to capture spatiotemporal information within the video.
Alternatively, there are 3D filters in 3D CNNs, which jointly process the spatial and
temporal cues. Facial structure of a patient suffering from pain exhibit very complex
and, sometimes, subtle movements that are essential information for analyzing pain.
However, the majority of existing methods only cover short-term variations of the facial
videos. This may not effectively yield in good representations of the face. Therefore, it
is important to capture different ranges of facial activities, e.g., short and long-range
spatiotemporal variations.
The groundbreaking performance of deep learning is largely due to training on largescale annotated datasets. However, collecting such datasets is not always possible in all
the applications such as healthcare due to several reasons, e.g., ethic, privacy, differences
in culture, race, age, and gender. This explains why the existing publicly available pain
datasets are relatively smaller than other image or video datasets. Moreover, annotation
of pain data based on FACS is very time-consuming. Therefore, training of deep models
would benefit from data-efficient training approaches. For instance, semi-supervised
and/or self-supervised learning methods could be employed for training on labeled and
unlabeled samples, which significantly reduces the burden of annotation process.
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3

Visual representation learning of pain

Automatic pain assessment has attracted increasing attention of the research community,
as it offers continue and objective pain assessment that improves clinical outcome.
Using visual data, many automatic pain assessment methods have been proposed by
analyzing facial expressions, which are a reliable indicator of pain, estimating pain
intensity, distinguishing facial expressions cause by pain from other ordinary facial
expressions. Hence, the development of powerful feature representations from facial
videos plays a very important role and, thus, has been one main focus of research. In
this chapter, we summarize our findings in papers II, I, and III, which demonstrate the
importance of extracting discriminative spatiotemporal representations from the facial
videos.
3.1

Introduction

Humans are able to receive and process a myriad of sensory data that is both spatial and
temporal in its nature and capture critical aspects of this data in a way that allows for its
future use in a concise manner. It is well-substantiated that high dimensionality of data
is a fundamental hurdle in many science and engineering applications [97]. The main
difficulty that arises, particularly in the context of pattern recognition applications, is that
the learning complexity grows exponentially with linear increase in the dimensionality
of the data (i.e., the curse of dimensionality). The typical approach of overcoming “the
curse” has been to pre-process the data in a manner that would reduce its dimensionality
to that which can be effectively processed, e.g., by a classification algorithm. For instance,
a computer vision algorithm can process millions of pixels per second to detect pain from
the face, but the reduction of this high dimensional data into meaningful information
such as facial expression of pain, or other facial expressions, is only possible through
highly engineering systems, which are designed and trained to detect anomalies and
their absence through specialized image processing and pattern recognition algorithms
and software systems. Thus, clearly the intelligence behind many pattern recognition
systems is within the human-engineered feature extraction process, which at times can
be challenging, highly application-dependent, and does not truly emulate the human
decision process [98]. Moreover, if incomplete and erroneous features are extracted
(specially in critical healthcare applications), the classification process is inherently
limited in performance.
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In addition to the spatial dimensionality of real-life data, the temporal component
also plays a key role. A sequence of patterns that we observe often conveys a meaning
to us, whereby independent fragments of this sequence would be hard to decipher in
isolation. Since we often infer meaning from events or observations that are received
close in time, modeling the temporal component of the observation plays a critical role
if effective information representation. Capturing spatiotemporal dependencies, based
on regularities in the observations, is therefore viewed as a fundamental goal for visual
representation learning frameworks. This has stimulated the evolution of advanced
approaches for a wide range of video analysis application including health monitoring.
A potential approach to automatic pain assessment is through the spatiotemporal
analysis of the face. Facial expressions can be considered as a reflective and spontaneous
reaction of painful experience [17]. A crucial step towards robust automatic pain
recognition is the extraction of the most discriminative information from the facial
expressions. This is a challenging task due to the fact that facial expressions exhibit
complex low-level visual patterns in each frame of the video as well as high-level
spatiotemporal information across the entire length of the video. There have been
promising attempts to detect and measure the intensity of pain by employing various
feature extraction and representation learning methods [99, 100, 101]. However,
conventional methods represents videos by extracting hand-engineered features, hence
limiting their capability in encoding rich spatiotemporal information required for pain
intensity estimation. Recently, deep learning techniques have emerged as powerful
methods for learning feature representations directly from data. In particular, these
techniques have provided major improvements in pain intensity estimation [79, 80, 102,
103].
In this thesis, we explore visual representation learning techniques that extract
features either in a fixed or dynamic spatiotemporal range. We study their applications
in pain intensity estimation from the face. In addition, we discuss their strength and
limitations in learning efficient representations from facial videos.
3.2

Binary representation of pain

In pain intensity estimation from the face, there are two crucial and complementary
aspects: appearance and dynamic. The performance of a recognition system depends, to
a large extent, on whether it is able to extract and utilize relevant information therefrom.
However, extracting such information is non-trivial due to a number of complexities,
such as scale variations, head movements, pose changes, and lighting conditions. Thus,
it becomes crucial to achieve effective representations from spontaneous changes in
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Fig. 12. The outline of the deep binary representation of pain from facial videos. The video is
divided into non-overlapping segments, where snippets are extracted randomly from each
segment. An intermediate video-level representation is obtained by deriving some statistics
on deep features extracted using a CNN model from sampled snippets. The entire video is
encoded as a binary code using MLP network. Reprinted, with permission, from Paper I ©
2018 IEEE.

the facial structure that preserve the categorical information of different pain intensity
levels. The mainstream CNN models usually focus on appearance and short-range
motions, thus lacking the capacity to fully incorporate long-range temporal structure.
Moreover, capturing subtle changes in the facial expressions is crucial for reliable pain
assessment. These challenges motivate us to primarily look for a solution for “how to
achieve video-level representations of facial expression of pain, which are sensitive to
small variations of facial structure throughout the video length?”
We hypothesize that the dense sampling of video frames is not necessary for temporal
modeling of the facial video, while sparse temporal sampling could result in the same
representation. The rationale behind this hypothesis is the redundancy of information
among consecutive frames. Hence, we propose a video representation method that
extracts short snippets over a long video with a sparse sampling scheme, where the
samples are distributed uniformly along the temporal dimension. Thereon, a segmental
structure is used to aggregate information from the sampled snippets. In this sense, we
are able to model long-range temporal information over the whole video. In order to
increase the sensitivity of the learned representations to the small variations of facial
expressions, we encode the spatiotemporal variations into a binary code. Hence, we
would be able to represent a video as a binary code regardless of the video length.
In order to achieve such representation, we propose a deep model that extract
features from randomly sampled frames of the given video using a CNN model. These
features are fed into an aggregation layer to capture their distribution and compute
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Fig. 13. Illustration of geometry of video-level features in the feature space. The red nodes
are randomly sampled frames from the video, while the grey nodes are frames of other
videos. Orange nodes are cluster centers of the VLAD dictionary, the green node is the
average of snippets, and black lines define the boundaries of the feature space for specific
pain intensity level. Blue dashed lines represent the variance and the arrows indicate the
VLAD operator.

an intermediate video-level representation. Then, this intermediate representation is
passed through a binary encoding network, which is devised based on Multi-Layer
Perceptron (MLP), to encode the intermediate features into a single binary code. Hence,
we would be able to use Hamming distance between binary codes of different videos for
classification of test samples, i.e., same pain intensity level is considered for two videos
with the smallest Hamming distance. Figure 12 shows the outline of the proposed deep
binary representation of facial expressions of pain.
We divide a given video into non-overlapping equal-length segments, where we
randomly sample one frame from each segment as a snippet of the video. We use a CNN
model to extract spatial features from the sampled snippets. In particular, we use the
deep features of the last fully connected layer of VGG-16 [104], which is pre-trained on
the CASIA web face dataset [105], to obtain the spatial representations. The obtained
deep features should be unified to make a video-level representation regardless of
the number of snippets (i.e., the video length). This process enables us to achieve a
compact representation and perform distance measure without resorting to the original
videos. To ensure the video-level representation is generic to maintain characteristics of
the unknown underlying specific pain intensity level distribution, we derive statistics
to describe the global geometry property of the video distribution. Specifically, we
compute the average, variance, minimum, and maximum of features for each dimension.
The average of features yields in the approximated location of data in the feature space
and the variance reveals the degree of variations. The minimum and maximum values of
features define the lower and upper boundaries of the feature space, respectively. An
illustration of the video statistic feature is shown in Figure 13.
For an effective feature representation, it is necessary to derive features based
on the overall feature distribution across all sampled frames (snippets). To increase
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Fig. 14. t-SNE representation of four pain intensity levels; (Left) using deep features without
applying statistics, (Right) after applying statistics and VLAD. Reprinted, with permission,
from Paper I ©2018 IEEE.

the discriminative power, we also use Vector of Locally Aggregated Descriptors
(VLAD) [106] representation, which is effective in describing a set of features with a
low dimension. Therefore, we use CNN features to construct a dictionary for VLAD
representations. This dictionary no longer encodes the spatial representation of frames
but the higher level concepts at the video-level. Given the deep features extracted
from the CNN, the dictionary can be used to represent the semantic structure like pose,
attributes, intensity, etc. Figure 14 demonstrates the increase in the discriminability of
the learned representations by deriving statistics and VLAD from deep features. The
output of the aggregation layer for the snippets of the video is then concatenation of five
feature sets, i.e., average, variance, minimum, maximum, and VLAD. By connecting
deep feature extractor to the feature statistic computation, the video-level representations
are still learned end-to-end through back-propagation training process, which will be
described as follow.
Generating a binary code from the intermediate feature representation is performed
by multiple fully connected layers with non-linear activation. For all layer except the
last one, Rectified Linear Unit (ReLU) is used while the sigmoid activation is used in the
last layer to get output value between 0 and 1. In supervised pain intensity estimation,
we aim to generate a binary code to map the facial variations to the corresponding label,
i.e., codes of the same pain intensity should have a smaller Hamming distance. Hence,
we define a loss function to measure the relative similarity. we assume that the training
X A , X P , X N } with the corresponding features FX A ,
data includes triplets of snippet sets {X

FX P , and FX N . In terms of relative similarity, the pair FX A , FX P is more similar than the


pair FX A , FX N . The task is to learn a binary mapping function b such that b FX A is

closer to b (FX P ) than to b FX N in terms of Hamming distance. We use a ranking loss
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Fig. 15. Sample frames from the UNBC-McMaster dataset; (Top) the cropped faces from
video snippets, (Bottom) the feature maps with the highest activation. Reprinted, with permission, from Paper I ©2018 IEEE.


on the triplet of binary codes {hhA , h P , h N } obtained from b applied to FX A , FX P , FX N .
Ltriplet (hhA , h P , h N ) = max (0, ||hhA − h P ||H − ||hhA − h N ||H + 1) ,

(1)

where || · ||H is the Hamming distance. This loss is zero when the Hamming distance
between the more-similar pair, ||hhA − h P ||H , is at least one bit smaller than the Hamming
distance between the less-similar pair, ||hhA − h N ||H . Therefore, this loss function is
more flexible as it can be used to preserve rankings among similar samples. Since
our architecture is actually a single network, the back-propagation will optimize the
parameters in both MLP and CNN. The intermediate video-level feature representation
is parameter-free and allows the gradient to be back-propagated to the CNN. Hence,
the entire model is trained end-to-end. Figure 15 gives insights into what the CNN
learns from the facial expression of pain from the snippets of the video. It shows the
reconstructed patterns from the sampled frames that cause high activation in a given
feature maps. The regions of the face, such as nose, lip corners, lids, and brow, are
highlighted as they are mostly affected by pain. These reconstructed patterns reveal
the effectiveness of our proposed method in representing pain expressions from facial
videos.
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3.3

Class-specific representation learning

In Section 3.2, we performed pain intensity estimation by learning video-level representations from spatial features of different snippets of the video. Although the obtained
binary representation can capture facial variations into a binary code, which is sensitive
to the pain intensity level, the entire learning process may be sensitive to class imbalance
issue. Any dataset with unequal distribution between its majority and minority classes
can be considered to have class imbalance, and in real-world applications, the severity
of class imbalance can vary from minor to severe (high or extreme). A dataset can
be considered imbalanced if the classes, e.g., pain and no pain cases, are not equally
represented. The majority class makes up most of the dataset, whereas the minority
class, with limited dataset representation, is often considered the class of interest. With
real-world datasets, class imbalance should be expected. If the degree of class imbalance
for the majority class is extreme, then a classifier may yield high overall prediction
accuracy since the model is likely predicting most instances as belonging to the majority
class. Such a model is not practically useful, since it is often the prediction performance
of the class of interest (i.e., minority class) that is more important for the domain
experts [107]. Imbalance data is a common challenge in some of pain datasets (e.g., the
UNBC-McMaster dataset [93]), where numbers of samples for a set of pain intensity
levels is bigger than those other samples.
High-class imbalance, often observed in big data, makes identification of the
minority class by a learner very complex and challenging because a high-class imbalance
introduces a bias in favor of the majority class. Consequently, it becomes quite difficult
for the learner to effectively discriminate between the minority and majority classes.
Such a biased learning process could result in the classification of all instances as
the majority (negative) class and produce a deceptively high accuracy metric. In
situations where the occurrence of false negatives is relatively costlier than false
positives, a learner’s prediction bias in favor of the majority class could have adverse
consequences [108].
The two general categories of methods that address the class imbalance problem
are Data-level methods and Algorithm-level methods [109]. Data-level methods can
be further sub-grouped into data-sampling methods and feature selection methods.
Over-sampling methods and under-sampling methods form the two sub-groups of the
data-sampling methods group, where data sampling from the given dataset is done either
randomly or using a specific approach. During the over-sampling process, instances
from the minority class are added (via replication) to the given dataset, where the
replication is done either randomly or using an intelligent algorithm. In contrast,
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during the under-sampling process, instances from the majority class are removed
from the given dataset, where the removal is largely done randomly. Feature Selection
Methods, while largely used only (without consideration to class imbalance) to improve
classification performance, may also help select the most influential features that can
yield unique knowledge for inter-class discrimination. This leads to a reduction of the
adverse effects of class imbalance on classification performance.
Algorithm-level methods can be further sub-grouped into cost-sensitive methods and
hybrid/ensemble methods. The former works on the general principal of assigning more
weight to an instance or learner in the event of a misclassification, e.g., a false negative
prediction may be assigned a higher cost (i.e., weight) compared to a false positive
prediction, given the latter is the class of interest. Ensemble methods can also be used
as cost-sensitive methods, where the classification outcome is some combination of
multiple classifiers built on the dataset; Bagging and Boosting are two common types of
ensemble learners. Bagging minimizes the predictive variance by producing several
training sets from the given dataset, with a classifier being generated for each training
set and then their individual models combined for the final classification. Boosting
also uses several training sets from the given dataset, and after iteratively assigning
different weights to each classifier based on their misclassifications, a weighted approach
combining the individual classifier’s results in the final classification. Hybrid methods
are designed to remedy known problems arising from the data-sampling methods, feature
selection methods, cost-sensitive methods, and basic learning algorithms such as Naive
Bayes [110]. In some instances, sub-groups of data-level methods or algorithm-level
methods may be combined into an overall approach to address the class imbalance
problem.
Learning class-specific representations
To tackle the imbalance data issue, we hypothesize that the learning algorithm can
benefit from learning representations for each class individually. Specifically, we first
define a Heterogeneous Deep Discriminative Model (HDDM), which will be used to
learn the underlying structure of the data. We build HDDM based on Autoencoder
architecture in which we can employ a greedy layer-wise framework using Gaussian
Restricted Boltzmann Machines to initialize the model parameters. The parameters
of HDDM are initialized through an unsupervised pre-training phase, where samples
from different classes are randomly selected and are fed to the model. Hence, the
HDDM learns the general distribution of data. Once HDDM is initialized, we use
training samples of classes (i.e., pain intensity levels) to fine-tune the model. In this
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Fig. 16. The outline of learning class-specific model for each pain intensity level. HDDM
learns general distribution of data using randomly sampled videos of different classes.
Class-specific models are learned by fine-tuning HDDM using training samples of each class
individually. Modified, with permission, from Paper II ©2018 Springer Nature.

way, we achieve class-specific models for different pain intensity levels, where each
model represents specific characteristics of certain pain intensity level regarding facial
structures. Figure 16 shows the overall process of learning class-specific models. Using
this strategy, frames of a query video can be separately represented by the learned
class-specific models, and then a weighted voting strategy is used to determine the class
label of the given query video Xq . In particular, each query video’s frame x casts a vote
to all classes. Using the reconstruction error of each class’s model, we assign a weight
to the casted vote to each class. The weight µc (xx) of the vote casted by a frame x to
class c is defined as:
µc (xx) = exp (−kxx − x̂xc k2 ) ,

(2)

where x̂xc denotes the reconstruction of x through the model of class c. The candidate
class which achieves the highest accumulated weight from all frames of Xq is declared
as the class yq of the query video:
yq = argmax ∑ µc (xx) .
c

(3)

Xq
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Spatiotemporal feature encoding
Although the proposed class-specific representation learning method can mitigate the
imbalanced dataset issue, a basic autoencoder cannot efficiently capture the spatial
and temporal information within videos, since they separately process each frame
and ignore the temporal relationship between frames. To address this limitation, we
devise a spatiotemporal descriptor, called Sparse Cubic Symmetrical Patterns (SCSP),
to capture the spatiotemporal information of the video. SCSP divides the video into
smaller block volumes to jointly encode the spatial and temporal features. Since there
are strong correlations between adjacent frames, we compute a sparse representation
of the spatiotemporal encoded features. As a result, the less important information is
discarded, which makes the representation learning process more efficacious.
Figure 17 illustrates the feature extraction process. We divide a video X into w×h×d
distinct non-overlapping uniformly spaced block volumes and extract symmetric
spatiotemporal variation pattern for every block, which results in a feature vector of the
corresponding block. Consequently, each video X is encoded in terms of the symmetric
signed magnitude variation patterns, denoted as x e ∈ Rd , obtained by concatenating
the feature vectors of all cubic blocks spanning over the entire video sequence. We do
not consider the last one or two frames of video if they do not fit in the block volume
structure. This does not affect the algorithm’s performance due to the correlation between
(t)
consecutive frames. Given any pixel xo at time t, we represent the neighboring pixels
(t)
(t)
by x1 , · · · , xP . The symmetric spatiotemporal variations for j-th plane is calculated as:
P



  ]
2
(t)
(t)
(t)
x p − x p+ P ,
Fj xo =
p=1

(t)

(t)

(4)

2

(t)

where x p and x p+ P are two symmetric neighbors of pixel xo . Also,
2

U

denotes the

concatenation operator.
The aforementioned feature vectors are organized into the columns of a matrix
D ∈ Rd×N , where d is the dimension of the feature vectors and N is the total number of
videos. In variable-length videos, we temporally partition the video sequences into
non-overlapping segments with a fixed length k and extract features from the block
volumes within each segment, separately. Then, we place the extracted features of each
segment into a column of the matrix D. Here, we call matrix D the dictionary and aim to
find a sparse representation x s of the encoded video x e , x e = Dxxs by basis matching
pursuit [111] such that
1
min kxxe − Dxxs k22 + λ kxxs k1 ,
(5)
xs 2
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Fig. 17. An example of feature extraction process using SCSP. The video is divided into
small block volumes. A feature vector is generated from each block volume using a texture
descriptor. Modified, with permission, from Paper II ©2018 Springer Nature.

Fig. 18. An example of the distribution of the learned classes from the UNBC-McMaster
dataset before (Left) and after (Right) applying the proposed SCSP. The SCSP reduces the
correlation between similar classes by condensing and scattering their samples in the feature space. Reprinted, with permission, from Paper II ©2018 Springer Nature.

where λ is a fixed hyperparameter and k·k1 is the sparsity inducing `1 norm. λ balances
the trade-off between fitting data perfectly and employing a sparse solution. We use the
obtained sparse spatiotemeporal feature representations for training the class-specific
models instead of the raw pixel values of video frames to incorporate the spatiotemporal
variations of the facial videos.
In order to illustrate the discriminability of SCSP, Figure 18 shows the distribution
of the sampled data from different classes of the UNBC-McMaster database before and
after applying SCSP in a 3D space. Due to the redundancy, the samples are correlated
before applying SCSP, which makes the representation a non-trivial task. However, the
samples becomes scattered in the feature space after SCSP, i.e., the similar samples are
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closer to each other and dissimilar samples are far apart. Extracting such features makes
the process of learning class-specific models easier as the learning algorithm would
be able to find robust boundaries between different classes (i.e., pain intensity levels).
In Section 3.5, we quantitatively show how SCSP improves the performance of the
representation learning algorithm.
3.4

Spatiotemporal convolutional neural network

Previously discussed methods estimate the pain intensity level for the whole sequence
of frames in videos (i.e., video-level pain intensity estimation). However, videolevel estimation is too rough for fine-grained pain intensity estimation in practice.
Based on PSPI metric, we can estimate the pain intensity for each frame instance
and formulate pain intensity estimation from facial videos as a regression problem.
In addition, aforementioned methods involve disjoint processing steps for learning
spatiotemporal representations. In order to have an efficient representation of facial
videos for pain intensity estimation, it is crucial to jointly encode both appearance
and dynamic information. In recent years, several deep models have been proposed
for spatiotemporal representations. These models mainly use 3D filters and pooling
kernels with fixed temporal kernel depths. The most intuitive architecture is based on 3D
convolutions [112] where the depth of the kernels corresponds to the number of frames
used as input. Simonyan et al. [113] proposed a two-stream network, including RGB
spatial and optical-flow CNNs. Tran et al. [114] explored 3D CNNs with a kernel size of
3 × 3 × 3 to learn both the spatial and temporal features with 3D convolution operation.
In [115], Tran et al.extended the ResNet architecture with 3D convolutions. Sun et
al. [116] decomposed 3D convolutions into 2D spatial and 1D temporal convolutions.
Carreira et al. [117] proposed to convert a pre-trained Inception-V1 [118] model into
3D by inflating all the filters and pooling kernels with an additional temporal dimension.
They achieved this by replicating the weights of the 2D filters. All these structures have
fixed temporal 3D convolution kernel depths throughout the whole architecture. This
makes them often incapable of capturing short, mid, and long temporal ranges. We
address this problem by incorporating several temporal kernel depths for pain intensity
estimation.
A subject experiencing pain often exhibits spontaneous spatiotemporal variations in
his/her face. Our aim is to capture the dynamics of the face that embody most of the
relevant information for automatic pain intensity estimation. We extend the residual
block of ResNet architecture [119] to 3D convolution kernels with diverse temporal
depths. Figure 19 illustrates an overview of our proposed model. By using an identity
60

Fig. 19. The architecture of Spatiotemporal Convolutional Network. The input of each 3D
bottleneck block is connected to its output by an identity shortcut connection. Reprinted,
with permission, from Paper IV ©2019 Springer Nature.

shortcut connection, the input of each 3D residual block is connected to its output feature
maps. The obtained feature maps are fed to the subsequent block. We use bottleneck
building block to make the training process of deep networks more efficient [119].
ResNet architecture [119] uses 2D convolutional filters and pooling kernels. We
introduce an extended ResNet architecture that uses 3D convolutional filters and pooling
kernels. The motivations behind adopting the ResNet architecture include the compact
structure, the ability of training deep networks without over-fitting thanks to residual
connections, and the state-of-the-art performance on visual classification tasks. We
develop a Spatiotemporal Convolutional Network (SCN) by introducing several 3D
convolutional kernels of different temporal depths in the bottleneck building block
instead of the residual building blocks in the 3D ResNet architecture (Res3D) [115].
Figure 20 depicts our proposed bottleneck building block. As can be seen from the
block diagram in Figure 20, the bottleneck block comprises two 3D convolutional layers
with a fixed temporal depth and several 3D convolutional layers with variable temporal
depths. The depth of the 3D convolutional kernels ranges within t ∈ {t1 , . . . ,tK }. Rather
than capturing fixed temporal range homogeneously, our proposed bottleneck is able to
capture a wide range of dynamics that encode complementary information for video
representation.
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Fig. 20. The illustration of bottleneck building block. The red arrows represent ReLu nonlinearity. Reprinted, with permission, from Paper IV ©2019 Springer Nature.

The output feature maps of the 3D convolutions and pooling kernels at the l-th
layer extracted from an input video is a tensor X ∈ Rh×w×d , where h, w, and d are the
height, width, and the number of channels of the feature maps, respectively. The 3D
convolution and pooling kernels are of size s × s × t, where s is the spatial size of the
kernels and t denotes the temporal depth. Within each bottleneck building block, after
convolving the feature map of the preceding layer, X, with a 1 × 1 × 3 convolution
kernel, K parallel 3D convolutions with different temporal depths are applied on it,
resulting K intermediate feature maps {S1 , S2 , . . . , SK }, where Sk ∈ Rh×w×dk . It should
be noted that each intermediate feature map has different number of channels as they are
obtained by convolution operations of different temporal depths, while the spatial size
of all feature maps h × w is the same. These intermediate feature maps {Sk }Kk=1 are
simply concatenated into a single tensor and then fed into a 1 × 1 × 3 convolutional
layer. By using a shortcut connection and element-wise addition, the output feature map
0
of the bottleneck block, X0 ∈ Rh×w×d , is computed. We employ 1 × 1 × 3 convolutional
kernels at the beginning and the end of bottleneck building blocks to perform a feature
pooling operation and control the temporal depth of the intermediate feature maps.
1 × 1 convolutions act as coordinate-dependent transformation in the filter space. So,
1 × 1 × 3 convolution operations allow the network to go deeper and simultaneously
reduce the dimensions inside the bottleneck building block. As shown in Figure 20, the
bottleneck building blocks are learned in an end-to-end network training.
In order to gain a better insight in importance of capturing short, min, and long-range
spatiotemporal variations of the face, we provide a visualization of SCN performance
in estimating different levels of pain versus using a deep model with kernels of fixed
temporal depth (i.e., Res3D). Figure 21 compares the output of SCN with the ground
truth and Res3D on a video from the UNBC-McMaster dataset. It can be seen that SCN
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Fig. 21. An example of continuous pain intensity estimation using Res3D and SCN on a sample video from the UNBC-McMaster dataset [93]. Reprinted, with permission, from Paper IV
©2019 Springer Nature.

captures well different levels of pain and keeps track of pain intensity variations in each
time instance thanks to its short, mid, and long-range spatiotemporal representation.
Although Res3D can also determine pain intensity quite well, it is unable to correctly
estimate the pain intensity when sudden changes happen in the face.
Furthermore, Figure 22 illustrates qualitative comparisons between Res3D and SCN
with varied speed of facial expression changes. When changes in the facial structure
happen smoothly (Figure 22 left), both Res3D and SCN track changes in the pain
intensity quite well. However, the performance of Res3D drops as sudden changes occur
in the video sequence, while SCN firmly estimates the pain intensity level. As changes
in the facial expression of pain happen rapidly, Res3D shows a noisy behaviour and
cannot accurately determine the right level of pain intensity. However, SCN adapts itself
to various speeds due to capturing a wide range of facial dynamics by the parallel 3D
convolutional kernels.
3.5

Experimental results and analysis

In order to evaluate the performance of the presented spatiotemporal representation
learning methods in pain intensity estimation, we conducted extensive experiments on
two benchmark and publicly available datasets, namely the UNBC-McMaster [93] and
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Fig. 22. Performance comparisons between Res3D and SCN when facial structures undergo changes with various speeds. (Left) low
speed, (Middle) medium speed, and (Right) high speed of facial expression variation. Res3D shows a noisy behaviour in response to
sudden changes in the facial structure produced by pain. Reprinted, with permission, from Paper IV ©2019 Springer Nature.
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Table 3. The AUC accuracy (%) comparison of frame-level and video-level representation
learning models on the UNBC-McMaster [93] and the BioVid [28] datasets.
Model

UNBC-McMaster

BioVid

VGG

69.4

62.8

Inception-V1 [118]

77.5

67.0

ResNet-101 [119]

79.1

72.5

VGG3D

82.5

78.2

I3D [117]

85.3

81.0

Res3D [115]

91.0

82.5

SCN

98.5

86.0

the BioVid [28]. We measure the performance in terms of the Area under the Curve
(AUC), the Mean Squared Error (MSE), and the Pearson Correlation Coefficient (PCC)
to make a direct and fair comparison against the state-of-the-art methods. First, we
make a quantitative comparison between SCN and other 3D models to demonstrate the
effectiveness of capturing wide range spatiotemporal information. We further compare
our representation learning methods against the state-of-the-arts and study the progress
from frame-level representation to video-level representation.
Table 3 summarizes the comparison results of representation learning in terms of
AUC between deep models that capture frame-level and video-level information (i.e.,
2D and 3D models). The 3D models are directly achieved by replacing 2D filters with
3D filters in the model’s architecture. From these results, we can intuitively conclude
that 3D models achieve higher accuracy than their 2D counterparts. This asserts the
importance of exploiting both the spatial and temporal information of the facial video
for pain intensity estimation. Facial dynamics play a crucial role in pain detection
and estimating pain intensity. However, it is rather challenging to determine whether
a subject is suffering from pain from single images. Moreover, we notice that SCN
achieves very high performance on both datasets by outperforming other methods with a
margin. We argue the effectiveness of SCN is thanks to its capability to capture and
encode short, mid, and long-range spatiotemporal variations of the face. Hence, SCN is
able to follow the subtle variations in the normal facial structure and encode them into a
meaningful representation.
We compare the performance of proposed representation learning methods against
the state-of-the-art on the UNBC-McMaster dataset [93] in Table 4. As can be seen, the
proposed methods achieves comparative results in terms of MSE and PCC. Specifically,
SCN consistently outperforms the existing benchmark approaches by a large margin. It
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Table 4. Comparative analysis in terms of Mean Squared Error and the Pearson Correlation
Coefficient on the UNBC-McMaster dataset [93].
Method

MSE

PCC

RVR+(LBP and DCT) [99]

1.4

0.69

HoT [100]

1.2

0.53

OSVR [101]

-

0.60

RCNN [79]

1.5

0.64

LSTM [80]

0.7

0.78

WRN [120]

0.7

0.78

BORMIR [121]

1.4

0.61

S3D-G [122]

0.6

0.88

C3D [114]

0.7

0.81

Res3D [115]

0.7

0.86

Binary Representation

0.7

0.81

Class-Specific Models (RGB)

1.2

0.60

Class-Specific Models (SCSP)

0.7

0.83

SCN

0.3

0.92

significantly reduces the MSE to 0.3. In addition, its high PCC reveals that SCN is
able to effectively extract detailed information from the facial videos for accurate pain
intensity estimation. The results in Table 4 further confirm that the deep spatiotemporal
representations perform substantially better than other methods, since these methods
jointly encode the spatial and temporal information of the video. Moreover, we notice
that extracting SCSP features from the video significantly improves the performance
class-specific model learning as it reduces the correlation in samples by sparsely
representing them. However, there is still a gap in performance between binary
representation of pain and class-specific model, and SCN. Intuitively, SCN learns
spatiotemporal representations from the video in an end-to-end manner thanks to its
powerful feature extraction property. However, binary representation of pain first
extracts deep features from video frames and, then, obtains a video-level representation
through a statistical aggregation. SCSP encodes the spatiotemporal information using
hand-engineered features, which are not able to fully exploit the embedded information
of the video. Hence, SCN would capture different ranges of facial dynamics and
efficiently encode them to get a reliable estimation of pain based on visual information
of the face.
66

Table 5. Comparative analysis in terms of AUC accuracy (%) on the BioVid dataset [28].
Method

AUC

Head-Movements [28]

67.0

Time-Windows [28]

71.0

LBP [123]

63.7

LPQ [123]

63.2

BSIF [123]

65.2

FAD set [92]

72.4

WRN [120]

73.6

BORMIR [121]

72.9

S3D-G [122]

83.3

C3D [114]

80.3

Res3D [115]

82.5

Binary Representation

78.7

Class-Specific Models (RGB)

78.3

Class-Specific Models (SCSP)

81.1

SCN

86.0

Table 5 compares the results of our proposed methods against the state-of-the-art on
the BioVid dataset [28]. As discussed in Section 2.3, we considered BioVid Part A and
used only the facial videos because there is no occlusion in this set. The obtained results
demonstrate the efficiency of representation learning methods in estimating the pain
intensity from the facial videos on subjects with wide age range, where people react
differently to the external stimuli of pain (i.e., induced heat).
3.6

Conclusion

Capturing the spatial and temporal information of the facial videos is crucial for
automatic pain intensity estimation. Facial expression of a subject, who is experiencing
pain, spontaneously changes and it is important to effectively encode these changes in
the normal facial structure. Extracting useful representations from the appearance and
dynamic of the face makes pain intensity estimation possible for a learning algorithm.
There are different approaches to obtain such representations. Some methods are
directly applied on the video frames to compute frame-level representations. Such
representations allow pain analysis on both the frame-level and video-level. In case of the
latter, an aggregation function is usually used to combine the extracted representations
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and generate a video-level representations. On the other hand, the representation
learning algorithm can significantly benefit from simultaneous encoding of both the
spatial and temporal cues. Spatiotemporal representations are obtained using either
hand-engineered feature extraction methods or deep learning methods. Our extensive
experiments demonstrate that the learned representations using deep models achieve
superior performances over hand-engineered features in pain intensity estimation. Above
all, the face shows complex and subtle changes during pain expressions, which are
important for pain intensity estimation. Hence, we devised SCN to capture short, mid,
and long-range spatiotemporal variations of the facial videos to compute effective
representations. We showed that SCN is capable of tracking the sudden changes in the
facial expressions and mapping these variations to different pain intensity levels.
Although the presented methods shows promising performances in automatic
pain assessment, they need a lot of labeled training samples in order to achieve a
robust performance and their learned representations can be used on other datasets.
However, there is not such a large-scale labeled dataset on pain. Moreover, some of
existing datasets suffer from imbalanced data, which means that samples are not equally
distributed for different classes (i.e., pain intensity levels). Consequently, training such
deep models is challenging. In the next chapter, we will present different learning
strategies to reduce the dependency on large training samples and to leverage the
representations that are learned from unlabeled data by transferring them to the task of
interest.
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4

Data-efficient learning for automatic pain
assessment

Deep learning is successful when massive amounts of labeled data are available, as
evidenced by astonishing results in many applications such as image classification,
object detection, speech recognition, etc. For many problems, however, the precious
labeled data may be scarce, hard to obtain, or simply unavailable; healthcare is among
those domains that suffers from data-deficiency. For general-purpose deep learning
uptake, data-efficiency is a necessity. In this chapter, we summarize the findings in
papers IV, V, and VI, which present different deep learning approaches to efficiently
learn the visual representations from the facial videos for automatic pain assessment.
4.1

Introduction

The ultimate data-efficiency is to use no labeled data at all [124], known as unsupervised
machine learning. This topic has been identified by many as a grand challenge in deep
learning, unlikely to be resolved soon, as existing methods lack in scalability, theoretical
justification, or both. Arguably, a more viable near-term solution is zero-shot learning, a
methodology able to solve a task despite not having received any training examples of
that task. Both paradigms are promising for data-efficient deep learning. An alternative
solution to data-deficiency is to simulate, crowd-source, or gamify labeled data. It
is important to design learning approaches that can successfully learn to recognize
new concepts by leveraging only a small amount of labeled examples. With a limited
amount of labeled data, the semi-supervised learning paradigm is attractive as it learns
to combine labeled and unlabeled data points by assuming data are smooth, clustered, or
lie on a manifold. In certain real-world scenarios, such as automatic pain assessment
from the face, unlabeled instances are also difficult to collect, which usually makes the
resultant learning models unsatisfactory.
There are a number of learning technique to circumvent the lack of labeled data
for training deep learning models. Transfer learning, which focuses on transferring
the knowledge across domains, is a promising machine learning strategy for tackling
the above problem. Inspired by human beings’ ability to transfer knowledge across
domains, transfer learning aims to leverage knowledge from a related domain (i.e.,
source domain) to improve the learning performance or minimize the number of labeled
samples required in the target domain. To the contrary of semi-supervised learning, the
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data distribution of the source and the target domains are not necessarily identical in
transfer learning. Transfer learning approaches can be divided into three categories, i.e.,
transductive, inductive, and unsupervised transfer learning [125]. These three categories
can be interpreted from a label-setting aspect. Transductive transfer learning refers
to the situations where the label information only comes from the source domain. If
the label information of the target domain samples is available, the scenario can be
categorized as inductive transfer learning. If the label information is unknown for both
the source and the target domains, the case is known as unsupervised transfer learning.
In pain intensity estimation, where there are limited amount of labeled training data in
the target domain, we follow the principal of the inductive transfer learning. We will
demonstrate that transferring the learned representations from pre-trained models in the
source domain can improve the learning of the model in the target domain in automatic
pain assessment.
In order to avoid time-consuming and expensive data annotation, in many real-world
applications (e.g., pain analysis), a large research effort is dedicated towards learning
from unlabeled data that is much less onerous to acquire than labeled data. Within, this
effort, the field of self-supervised visual representation learning has shown promising
results [126]. In the self-supervised learning framework, visual representations are
learned from large-scale unlabeled samples through solving a pretext task. Consequently,
models trained for solving the pretext task learn representations that can be used
for solving other downstream tasks of interest, such as pain intensity estimation. A
wide range of pretext tasks have been proposed for self-supervised learning including
colorizing gray-scale images [127], image inpainting [82], jigsaws puzzle [83], temporal
order prediction [128], etc. Figure 23 illustrates the general outline of self-supervised
learning. We will further show pain intensity estimation can be formulated as a selfsupervised learning problem, where underlying structure of face is learned in the pretext
task using large amount of unlabeled data and the learned visual representations are then
transferred to the downstream task for pain intensity estimation. Using self-supervised
learning, we conduct experiments in cross-dataset setting to gain insights into the
generalization of the learned visual representations.
4.2

Cross-architecture knowledge transfer

In order to effectively learn spatiotemporal representations from videos, CNNs have
been extended to the temporal domain by adding another dimension (i.e., 3D CNNs)
to jointly encode the appearance and dynamic of the video. However, adding this
extension comes with the cost of a significant increase in the number of parameters,
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Self-supervised Pretext
Task Training
Unlabeled Data

Pretext Task

Knowledge Transfer

Supervised Downstream
Task Training
Labeled Data

Downstream Task

Fig. 23. The general outline of a self-supervised learning framework. The visual representations of unlabeled data are learned in a self-supervised pretext task. Then, the learned
representations are transferred to the downstream task, where the model is fine-tuned on
labeled dataset in supervised manner.

which causes the need for more training data and increases the training time of such
architectures. In Section 3.5, we showed that 3D CNNs have superior performance in
pain intensity estimation compared with other methods. Therefore, it is important to
design a framework to afford the efficient training of 3D CNNs with limited amount of
training data in a reasonable time.
Using a cross-architecture knowledge transfer learning strategy, we would be able to
train 3D CNNs from scratch by leveraging the learned representations of a pre-trained
2D CNNs. To be specific, suppose there is a pre-trained 2D model that has learned a
rich representation from images, while a 3D model is randomly initialized. Transferring
substantial knowledge from the 2D model to its 3D counterpart would result in an
appropriate weight initialization in the 3D model. The training of 3D model may
fail provided that the model is initialized randomly. It is worth noting that parameter
initialization plays a significant role in convergence of the training. On the other hand,
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Input Images

Pre-trained 2D Model

Binary Classifier

Input Video

3D Model

Fig. 24. The outline of cross-architecture knowledge transfer learning. The pre-trained 2D
model deals with frames and the 3D model process videos. If the input video and images
have the same pain intensity (belong to the same class), they are considered as a positive
pair for the binary classifier. Otherwise, they are negative pairs. The parameters of the 2D
model are frozen during training. Modified, with permission, from Paper IV ©2019 Springer
Nature.

arbitrary weight initialization may compromise or slowdown the convergence, e.g.,
getting the model stuck in local minima.
We randomly sample frames, with same pain intensity level, from the training videos
and treat them as an image sequence. Correspondingly, we use a video segment with the
same length of the image sequence as the input to the 3D model. Due to the fact the
frames in the image sequence and the video show the same pain intensity level, they
share some similarity in the appearance. We leverage this for learning intermediate
feature representation by finding image-video correspondence in 2D and 3D model
architectures. Figure 24 shows the cross-architecture knowledge transfer setting. In this
setup, we use a pre-trained 2D model and a 3D model (i.e., ResNet and SCN in this case)
and and concatenate the outputs of the fully connected layers from both architectures.
The concatenated features are fed to a binary classifier. The binary classifier’s trained to
determine whether the image sequence and video show the same pain intensity (i.e., they
belong to the same class) or not.
During this transfer learning process, the parameters of the 2D model are frozen and
do not change, while the task is to learn the parameters for the 3D model. In this training
framework, the input pairs that belong to the same pain intensity level are considered as
positive pairs, while the pairs drawn from different pain intensity levels are negative
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pairs. By computing the error of the binary classifier, the knowledge is transferred from
the 2D model to the 3D model in the backpropagation. Hence, only the parameters of the
3D model are updated. In Section 4.5, we show that appropriate parameter initialization
followed by fine-tuning on the target dataset significantly improves the learning process
and model’s performance.
4.3

Self-supervised visual representation learning of pain

The generalization capability of supervised learning is rather limited, i.e., depending
largely on the training data. In other words, the performance of supervised methods
is limited due to the data, which they are trained on [129, 130]. The differences in
culture, gender and age, as well as imaging conditions such as lighting, pose, camera
specification, and noise are counted as factors for performance degradation using same
model across datasets [131]. Another challenging issue in facial video based pain
assessment is the lack of large-scale benchmark datasets due to the difficulties in data
collection, while deep learning methods demand huge amount of data to achieve good
performance. Many factors, such as ethic, privacy, cost, and time, contribute to the
challenging task of data collection. In addition, labeling facial videos of pain is costly
and time-consuming [30].
In order to tackle time-consuming and expensive data annotation, self-supervised
learning has been introduced to learn visual representations from large-scale unlabeled
data [84]. In this context, self-supervised learning can be considered as an alternative
to supervised learning in pain analysis, where collecting large-scale labeled dataset
is a tedious task. Hence, we use a self-supervised learning method to capture visual
features from unlabeled data using a pretext task to improved the generalization of the
learned representations for pain intensity estimation. In particular, we learn feature
representations by measuring sample similarity of large-scale unlabeled data using
a Siamese network [132]. The learned representations are then transferred to the
downstream task, where we fine-tune the model to estimate the pain intensity levels.
To further advance automatic pain assessment and close the gap between theory and
real-world settings, we evaluate the robustness and generalization quality of the learned
representations through the self-supervised learning by cross-dataset analysis.
Learning the pretext task
Due to the fact that visual information of different pain intensity levels is highly
correlated, we define a pretext task to measure the similarity of sample pairs. To
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𝐗𝑖

𝒙𝑖 = 𝜇𝑖 + 𝐔𝑖 𝒗𝑖

Minimize 𝐿2 Distance:
𝐗𝑗

𝜇𝑖 + 𝐔𝑖 𝒗𝑖 − 𝜇𝑗 + 𝐔𝑗 𝒗𝑗

2
2

Maximize the sparsity on 𝛼 and 𝛽

𝒙𝑗 = 𝜇𝑗 + 𝐔𝑗 𝒗𝑗

Fig. 25. The outline of Siamese model used as the pretext task. The objective function
measures the similarity of input samples and represent them sparsely to obtained more discriminative representation of data. Modified, with permission, from Paper VI ©2020 Elsevier.

encode such function, we use a Siamese network. We present every set of samples
jointly by its sample instances and their affine hull model to cover all possible affine
combinations of samples. Such a loose representation of the affine hull is capable of
accounting for the unseen appearances, which do not appear in the dataset, in the form
of affine combinations of samples. Hence, this increases the generalization quality of the
learned representations making them suitable for cross-dataset performance evaluation.
However, the affine hull model also introduces a challenge for data representation, i.e.,
different sets of samples are more likely to intersect due to the overlarge space of their
affine hulls. To address this issue, we measure the distance between two sets of samples
as the nearest points of the sets that can be sparsely represented by the samples of the
respective set.
We formulate measuring the distance between two sets as a partial `1 norm regularized convex optimization problem. Figure 25 shows the outline of the proposed
technique for learning the similarity between sample pairs. The distance measurement
has two important characteristics. First, the nearest samples to be sparsely represented
are unknowns, which means that we need to jointly optimize the nearest samples and
their sparse representations. Second, sparsity is enforced on the sample coefficients
instead of the model parameters.
We jointly represent unlabeled samples in each set. We denote a set of unlabeled
data as X = [xx1 , . . . , x N ] as the data matrix, where x i is the deep feature vector of the i-th
sample instance. The joint representation benefits from constructing a linear model to
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approximate the structure of each set of samples in a high-dimensional feature space.
Hence, we model a set as an affine hull of its samples:
(
AH =

N

N

)

∑ αi x i | ∑ αi = 1

i=1

,

(6)

i=1

where αi ∈ R. This affine hull can also be represented by another parametric form using
the sample mean µ = N1 ∑Ni=1 x i as a reference point to represent every sample.
n
o
AH = µ + Uvv|vv ∈ Rd ,

(7)

where the d columns of U are the orthogonal bases obtained from the Singular Value
Decomposition (SVD) of the centered data matrix X̄ = [xx1 − µ, . . . , x N − µ], and v
contains the parameters of the linear model w.r.t. the bases U. The difference between
the two representations of an affine hull is that Eq. (6) is a constrained representation
with the constraint of ∑Ni=1 αi = 1, while Eq. (7) is an unconstrained representation.
Contrary to the other tight representations, e.g., convex hull, any affine combination of
samples in the set is accommodated in this representation even when the combination
does not appear in the samples of the set. Such a loose representation is particularly
appealing in the context of small size datasets because unseen data can be better modeled,
i.e., the model learns a better generalization of representations. Therefore, we represent
a set as a triplet (µ, U, X) by including both structure information and sample instances.
The information of sample instances can be utilized to eliminate the ambiguity of the
overlarge space of the affine hulls. This joint representation of the set is useful for
improving the robustness the learned representations.
Similar samples can be noisy or vulnerable to outliers. Hence, the direct search
between nearest neighbors degrades the performance because it is possible to find a
pair of similar samples with very small distance that represent different pain intensity
levels. To overcome this limitation, we measure the dissimilarity between samples so
that the Euclidean distance between them is small and samples of each class could be
represented by a combination of its neighborhood points in the deep feature space.
Convex formulation
To find the optimal distance between two sets by considering the above points, we
propose a convex formulation. Given the data matrices Xi and X j of two sets, their
corresponding affine hull representations are (µi , Ui , Xi ) and (µ j , U j , X j ). We first define
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several functions as follows:
Fv i ,vv j = || (µi + Ui v i ) − (µ j + U j v j ) ||22 ,

(8)

Gv i ,α = || (µi + Ui vi ) − Xi α||22 ,
Qv j ,β = || (µ j + U j v j ) − X j β ||22 ,

(9)

(10)
n
o
where the optimal model parameters v ∗i , v ∗j and sample coefficients {α ∗ , β ∗ } of the
proposed metric are obtained by optimizing the following unconstrained objective
function:


min Fv i ,vv j + λ1 Gv i ,α + Qv j ,β + λ2 kαk1 + λ3 kβ k1 ,
(11)
v i ,vv j ,α,β

where the first term is to keep the distance between similar samples xi = µi + Ui vi and
x j = µ j + U j v j small. The second term is to preserve the individual fidelity between
such samples and their representations. The last two terms enforce the representations
to be sparse. λ1 , λ2 , and λ3 are trade-off values to control the relative importance of
different terms. The object function in Eq. (11) is convex with respect to all variables
(vvi , v j , α and β ).
We do not use the representation of Eq. (6) alone to formulate the problem because
this would require an additional constraint, i.e., the sum of coefficients be equal to 1.
This will make the corresponding optimization a constrained optimization problem,
which is more complex to solve. We rather use Eq. (7) to represent the affine hull
in the first term of the objective function to eliminate the additional constraint. The
second and third terms are required because we enforce sparsity constraints on the
samples (Eq. (6)) instead of the set bases (Eq. (7)). Moreover, minimizing these terms
minimizes the difference between the two representations thus implicitly ensuring
that the corresponding combination of the optimal sample coefficients is an affine
combination. Such a formulation allows us to solve an unconstrained optimization
problem more easily.
4.4

Weighted spatiotemporal distillation

We note that deep models usually have large computational complexity for spatiotemporal processing of videos. In practice, videos are divided into smaller segments before
being processed by deep models. Processing short intervals of videos is not efficient as
they contain less information [133]. Therefore, it remains unclear that how videos can
be optimally represented. To circumvent the deficiencies caused by processing video on
short intervals and/or avoid scaling deep models for temporal processing, we propose a
method to capture the appearance and dynamic information of the video and distill it
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into one feature map. Using the obtained feature maps (i.e., 2D representation of the
video) allows employing less complex deep models, which are designed for images,
for video processing. This strategy is computationally efficient because the proposed
method does not involve in any parameter learning process.
Summarizing the video as a single image may seem challenging. Particularly, it is
not clear how image pixels, which already contain appearance information in the video
frames, could be overloaded to reflect dynamic information as well, and in particular
different ranges of facial dynamics that are important for pain assessment. We note that
visual attention is usually given to the regions that have more descriptive information.
Motivated by information theory, the local information of an image can be quantified
in terms of sequences of bits [134]. We extend this notion to the temporal dimension
in order to capture the discriminative spatiotemporal information. To this end, under
a Markovian assumption, we delineate a video as an feature map (i.e., 2D image) by
devising a statistical model for a neighboring group of pixels using Gaussian Scale
Mixture (GSM).
We first divide a given video into several non-overlapping segments. Then, the
mutual information between consecutive segments (i.e., the total perceptual information
of consecutive segments) is explored to model the variations in dynamics and appearance.
Hence, we encode the spatiotemporal variations of two consecutive segments into one
feature map. Further, we use an aggregation function to combine several feature maps
that are obtained by processing consecutive segments throughout the video. Figure 26
demonstrates the outline of our proposed method for spatiotemporal summarizition of
the video.
We denote a block volume in a video segments as x and model it using GSM: x = αuu,
where u is a zero-mean Gaussian vector and α is a mixing multiplier. According to
GSM, α is a random variable with a certain distribution in a continuous scale. However,
we assume that α only takes a fixed value at each block volume for computational
simplicity. Considering the noise effect, we extend the model of the block volume
to p = x + n 1 = αuu + n 1 , where n 1 is Gaussian noise. Intuitively, spatiotemporal
variations v changes the structure of the block volume p , leading to a distorted version
q = y + n 2 = gαuu + v + n 2 , where y represents deformation of x (i.e., y = gαuu + v ), g
is a gain factor, and n 2 denotes Gaussian noise.
At each point, the perceived visual information of the reference and deformed block
volumes is computing using the mutual information I(xx|pp) and I(yy|qq), respectively. We
strive to approximate the perceptual information content from both block volumes.
Therefore, we need to discard the share information between two volume blocks, i.e.,
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Input Video
𝑦𝑗,𝑖

ℓ
ℓ
Segment 1 (𝐗)

Encoded RGB
Image

Segment 2 (𝐘)

…

…

𝐿
𝑥𝑗,𝑖

Segment 𝑆 − 1 (𝐗)

𝒚

𝑦𝑗,𝑖

Mutual Info Extraction

Feature Map
𝒙

Aggregation Function

𝑥𝑗,𝑖

𝒚

Mutual Info Extraction

Feature Map
𝒙

Segment 𝑆 (𝐘)

Fig. 26. The outline of the proposed spatiotemporal summariztion technique. A video of
length L is divided into non-overlapping segments of smaller length `, where the mutual
information of two consecutive segments are computed to generate an RGB feature map that
encodes the appearance and dynamic information of the video. Reprinted, with permission,
from Paper VI ©2020 Elsevier.

I(pp|qq), resulting in a weight based on the mutual information as:
w = I(xx|pp) + I(yy|qq) − I(pp|qq),

(12)

where x , y , p , and q are all Gaussian for a given α. The mutual information approximation can be computed using the determinants of the covariances. Details for deriving the
mutual information weight function in Eq. (12) are provided in the Appendix 1.
For each of three color channels, we compute a set of weights by moving a sliding
voxel across two consecutive segments. This process results in a feature map for each
two consecutive segments of the video. We define a weighted MSE for the corresponding
location of the central point in the spatial neighborhood using w defined in Eq. (12).
Suppose x j,i and y j,i are the ith points at the jth frame and w j,i is the weight computed at
the corresponding location. The proposed Weighted Spatiotemporal Distillation (WSD)
is defined as:
!
2
`
∑Pi=1 w j,i (x j,i − y j,i )
WSD (X, Y) = ∏
,
(13)
∑Pi=1 w j,i
j=1
where ` is the length of each segment of the video. Repeating this process for all two
consecutive segments of the video, we obtain a set of feature maps, which encode the
appearance and dynamic variations within video segments. This distilled information
can bot be directly used as the input of pre-trained CNN models due to multiple channels.
To overcome this issue, we use a weighted aggregation technique (i.e., weighted sum) to
generate a single RGB image from the computed feature maps.
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Table 6. The AUC accuracy (%) of the cross-architecture knowledge transfer learning on 3D
CNN models.

UNBC-McMaster

Model

BioVid

without TL

with TL

without TL

with TL

VGG3D

80.3

82.5

75.1

78.2

I3D [117]

82.7

85.3

78.3

81.0

Res3D [115]

87.3

91.0

79.0

82.5

SCN

95.3

98.5

83.5

86.0

4.5

Experimental results and analysis

In order to demonstrate the effectiveness of the proposed data-efficient learning approaches, we conducted comprehensive experiments on pain intensity estimation and
compared the performance of our methods with the state-of-the-art methods. The
goal of these experiments is to gain insight into how to train deep models on limited
amount of data and maintain the generality of the computed representations. Thanks to
self-supervised learning framework, we advocate the test of performance robustness by
applying cross-dataset evaluation and the use of dataset combination to advance pain
assessment.
First, we analyze the performance of learning algorithm using cross-architecture
knowledge transfer. We used a pre-trained 2D ResNet architecture on the CASIA
WebFace dataset [105] in the cross-architecture knowledge transfer setup. In order
to transfer knowledge to the 3D model, we substituted the classification layer of the
2D model with a two-way softmax classifier to determine positive and negative pairs.
During the backpropagation, the parameters of the 2D model remain unchanged and
only the 3D model’s parameters are updated. Using this training technique enables
us to train any 3D model when large-scale datasets are not available for a specific
application. Hence, we can fine-tune the 3D model on the target dataset after pre-training
using cross-architecture knowledge transfer. A direct comparison between the accuracy
of different 3D architectures (VGG3D, I3D [117], Res3D [115], and SCN) with and
without cross-architecture knowledge transfer learning is given in Table 6. These
experimental results shows significant improvement in learning, specially when the
model has a lot of parameters and has more complex architecture.
We conducted extensive experiments to analyze the performance of pain assessment
methods using WSD representations (i.e., summarizing the appearance and dynamic as a
single image). WSD divides the video into smaller fixed-size non-overlapping segments.
The spatiotemporal block volume-wise statistical analysis between two consecutive
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Fig. 27. The AUC accuracy (%) of pain intensity estimation on the UNBC-McMaster dataset
by varying the segment length size and the spatial size of block volumes for WSD representation computation using ResNet-50. Reprinted, with permission, from Paper VI ©2020
Elsevier.

segments allows WSD to capture and encode the appearance and dynamic variations into
one single RGB image. Hence, the performance of WSD depends on two parameters,
i.e., the length of segments and the spatial neighborhood around each point. We analyze
the performance of our method by varying the length of video segments from 5 to 60
frames. Figure 27 shows the results of experiments using the UNBC-McMaster dataset.
As depicted, the Area Under the Curve (AUC) accuracy increases as the number of
frames per segment increases. However, after a certain number of frames (20 frames
per segment), the performance drops significantly. The deterioration in performance
is likely due to capturing a wide range of temporal information from the face, which
covers different pain intensity levels throughout the segment. Hence, WSD is not able to
effectively encode the appearance and dynamic of the sequence.
Another important parameter, which influences the quality of obtained representations using WSD, is the spatial size of the block volumes. We change the spatial
size of neighborhood around each point of the video segments to investigate its effect.
Figure 27 demonstrates the results of this experiment. Using the small spatial windows,
the receptive field of WSD is also small. Hence, the statistical operation is performed
in a tiny region of the video, which ignores most important relationships between
neighboring points. However, choosing a large size for spatial patches leads to low
accuracy. We argue that this drop in the performance is due capturing too much
information and increasing the complexity of the obtained image map.
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Table 7. Performance of analysis of WSD representation in terms of AUS accuracy (%) by
distorting the temporal coherency of video frames.
Removed
Frames

5%

10%

25%

50%

75%

Accuracy

80.1

77.3

65.9

60.2

47.3

To assess the effect of temporal correlation among adjacent frames on the WSD
representations, we randomly remove a number of frames from each segment of the
video and compute WSD on the rest of frames. Table 7 summarizes the results of
these experiments. As can be seen, the performance significantly drops by removing a
larger portion of information in each segment. Although WSD can handle the absence
of a portion of information until losing 10% frames, it fails to successfully capture
spatiotemporal information as the result of losing the temporal coherency. Results of
this experiment assert that the spatiotemporal coherency of data plays a crucial role in
extracting discriminative information from facial videos for automatic pain assessment.
The WSD representations can be processed by models devised for images. Consequently, the need for complex 3D models and large amount of annotated training
videos can be avoided. Although extracting the distilled representations adds overhead
to training of 2D models, this time is negligible when compared with the training time
of 3D models. For instance, the training time of ResNet-50 on RGB frames of the
UNBC-McMaster is 1, 257 minutes, which is raised to 1, 326 minutes by applying WSD.
However, our method is more efficient in the test time. To demonstrate this efficiency,
we randomly selected a set of 50 videos from the test set of the UNBC-McMaster
dataset. The videos have lengths in range of 150 − 200 frames. We, then, compare the
runtime of our method using 2D models against their 3D counterparts in Table 8, where
we replace 2D filters of CNNs by 3D filters. From Table 8, we conclude that encoding
information via WSD enables us to estimate pain intensity levels by using less complex
models devised for images and still achieve high performance.
The performance of pain assessment methods in cross-dataset setting when the
training and test datasets are different may is subject to deterioration [129]. This is
due to lack of generalization in the learned representations. Therefore, we conduct
cross-dataset experiments to demonstrate the generalization of learned representation in
the self-supervised framework. In particular, the model learns the pretext task using
WSD representation of unlabeled data of either the UNBC-McMaster, BioVid, or theid
combination and is fine-tuned and tested using labeled WSD representation of the
other (target) dataset. We note that when the combination of two datasets are used in
the pretext tasks, 30% of training data from the target dataset is used in the pretext.
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Table 8. Comparison of average testing runtime (sec.) per frame and accuracy (%) using 2D
and 3D models on the UNBC-McMaster.

2D

Architecture
Method

Time

3D
AUC

Time

AUC

VGG16

0.924

75.3

2.769

77.1

Inception-V1

0.985

78.5

2.854

78.8

ResNet-18

1.085

80.5

2.866

79.3

ResNet-50

1.299

83.2

2.892

81.5

Table 9. Performance analysis of self-supervised pain intensity estimation in cross-dataset
setting using WSD representations. ResNet-50 is used as the backbone of our model.
Pretext Data

Downstream Data

AUC (%)

BioVid

UNBC-McMaster

69.2

UNBC-McMaster

BioVid

65.5

UNBC-McMaster + BioVid

UNBC-McMaster

73.5

UNBC-McMaster + BioVid

BioVid

69.0

Table 9 summarizes the results. As can be seen, the model achieves reasonably good
performance in self-supervised fashion and benefits from a larger dataset in the pretext
task learning. However, including a portion of target data to the training data of the
pretext task can slightly improve the performance.
We also conduct cross-dataset experiments in a supervised manner to gain a better
insight into difference in performance of supervised and self-supervised learning in
cross-dataset setting. In these experiments, we train the CNN model using WSD
representations of one dataset (with labels) and, then, use the WSD representations of
other dataset for testing. Table 10 lists the results of this experiment. Although the
accuracy drops in the cross-dataset setting, the WSD still shows a good performance,
demonstrating its high capability to represent video sequences discriminatively. From
the results of Tables 9 and 10, we notice that there is still a gap in performance between
supervised and self-supervised techniques. However, the cross-dataset experiments
show promising results by using WSD representations.
Finally, we compare the performance of our proposed method with the-stateof-the-art methods for pain intensity estimation on the UNBC-McMaster and the
BioVid datasets. In these experiments, VGGFace2 dataset is used as unlabeled data
for learning the pretext task. We compare the performance of supervised and selfsupervised approaches on both RGB and WSD representations. Table 11 summarizes
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Table 10. Comparison of supervised pain intensity estimation using WSD representations
in the cross-dataset experimental setting using ResNet-50. The model is trained on one
dataset and is tested on another dataset.
Training Data

Testing Data

AUC (%)

BioVid

UNBC-McMaster

80.1

UNBC-McMaster

BioVid

75.3

UNBC-McMaster + BioVid

UNBC-McMaster

82.3

UNBC-McMaster + BioVid

BioVid

78.2

Table 11. Comparative analysis in terms of the Mean Square Error (MSE) and the Pearson
Correlation Coefficient (PCC) on the UNBC-McMaster dataset using RGB and WSD representations. ResNet-50 is used as the backbone of our method.

Supervision

Supervised

Self-supervised

Method

RGB

WSD

MSE

PCC

MSE

PCC

RVR

1.4

0.59

1.2

1.63

HoT

1.2

0.53

1.0

0.66

OSVR

-

0.60

1.1

0.63

RCNN

1.5

0.64

1.3

0.73

LSTM

0.7

0.78

0.7

0.80

SCN

0.3

0.92

-

-

Geometry

1.8

0.51

1.7

0.57

OPN

1.8

0.57

1.6

0.61

Jigsaw

1.7

0.68

1.6

0.70

Wang et al

1.6

0.65

1.3

0.70

DeepCluster

1.5

0.71

0.1

0.73

Our Method

1.0

0.74

0.9

0.78

the comparative results on the UNBC-McMaster dataset. We observe that our method
improves the performance of self-supervised pain intensity estimation using either RGB
or WSD data following leave-one-subject-out cross-validation. Our method achieve 1.03
and 0.92 MSE using RBG and SSD data, respectively. It also improves PCC among
self-supervised methods. We assert that this improvement is due to learning generalized
representations in the pretext task thanks to the proposed similarity function, which push
dissimilar samples away from each other. However, there is still a margin between the
performance of the self-supervised and the supervised approaches in Table 11.
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Table 12. Comparative analysis in terms of the AUC accuracy (%) on the BioVid dataset.
ResNet-50 is used as the backbone of our method.
Supervision

Supervised

Self-supervised

Method

RGB

WSD

Head-movement

67.0

70.4

Time-windows

71.0

72.2

LBP

63.7

65.2

BSIF

65.2

67.8

FAD set

72.4

74.6

SCN

86.0

-

Geometry

61.3

62.5

OPN

63.1

64.8

Jigsaw

63.4

65.2

Wang

65.2

68.4

DeepCluster

66.0

69.2

Our Method

69.4

71.0

Table 12 draws comparison against the state-of-the-art methods on the BioVid
dataset. We use part A of this dataset, which contains only unoccluded facial videos.
As can be seen, our method achieves 69.35% and 71.02% AUC accuracy using RGB
and WSD data, respectively, and improves the highest performance of self-supervised
techniques by 3.34% and 1.83%, showing results comparable to some of the supervised
techniques.
4.6

Conclusion

The groundbreaking success of deep learning is mainly due to training models on
large-scale labeled datasets. However, large-scale labeled datasets are not always
available in some applications, e.g., healthcare. Automatic pain assessment is one
of these applications, in which collection of large-scale dataset is difficult to due
many reasons such as ethical, privacy, cultural variations, etc. Moreover, it is wellsubstantiated that labeling facial videos of people suffering from pain is time-consuming
and costly. Therefore, it is crucial to devise learning techniques, which allows learning
discriminative representations with limited amount of labeled and are able to generalize
the learned representations to unseen data. Transfer learning is a learning method that
enables the model to leverage the learned representations of another model, which has
been pre-trained on large-scale labeled data. Using transfer learning, relatively smaller
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number of labeled samples is required for fine-tuning the pre-trained model. Recently,
a large amount of effort has been dedicated to extend the learned representations
from unlabeled data, which are easier to collect, to the labeled data. Such learning
techniques are classified into self-supervised learning category, where a pretext task
aims to learn representations from unlabeled samples by solving an objective function
in self-supervised manner. Then, the learned representations are transferred to the
downstream task in which the model is fine-tuned using labeled samples of the target
dataset.
In this chapter, we introduced a cross-dataset knowledge transfer learning method
to avoid time-consuming training process of 3D models from scratch while limited
amount of labeled data are available. In this context, the 3D model can leverage the
learned presentations of a pre-trained 2D model during the training process for proper
parameter initialization. We further fine-tuned the 3D model on the target dataset. In
addition, we formulated pain intensity estimation as a self-supervised learning problem.
Specifically, we designed a novel objective function of a Siamese network for measuring
the similarities between unlabeled samples. Hence, the model learns to effectively
discriminate different pain intensity levels based on the visual information. In the
downstream task, we fine-tuned the learned representations of the Siamese network
to estimate the pain intensity of the target dataset. We further advocate the test of
performance robustness by applying cross-dataset evaluation and the use of dataset
combination to advance pain assessment.
In order to deal with the deficiencies caused by processing videos on short intervals
and/or avoiding deep models for temporal processing, we proposed a statistical approach
to capture and encode the appearance and dynamic information of the video into one
single RGB image. This method allows us to use less complex deep models, which
are originally designed for images, for processing videos. Therefore, it significantly
reduces the computational complexity for spatiotemporal processing. Due to the fact
that the appearance and different ranges of facial dynamic play an important role in pain
intensity estimation using facial videos, we successfully summarized this information
from the entire length of the video into one single image, resulting in a significant
improvement in performance and reduction of processing time.
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5

Discussion and summary

This thesis gave an overview on automatic pain assessment using facial information
and proposed new methods address pain intensity estimation from spatiotemporal
representation learning and data-efficient learning perspectives. In this chapter, findings
and contributions of new proposed methods are summarized. In addition, we discuss
impediments to automatic pain assessment and present future research challenges.
It was substantiated that pain sensation is important for survival, because it attracts
attention to physical injuries to the body. Pain assessment is usually carried out through
self-report. However, self-reporting of pain experience is not available in the case
of patients, who are unable to articulate. Alternatively, pain could be assessed by
inspection of clinicians, i.e., observer’s reports are made. Observer’s report is prone to
errors due to subjective biases of observers. On the other hand, pain is a subjective
phenomenon, where each person react differently to pain stimulus. Moreover, continuous
monitoring by observers is infeasible. Hence, automatic pain assessment can be used to
assist clinicians and provide objective information on the health condition of patients,
resulting in improvement in pain management. Facial expressions are considered as a
reliable indicator of pain and are used in visual assessment applications. Following
the advancements in facial expression analysis, computer vision and machine learning
communities have used different techniques to interpret the facial expressions for
automatic pain assessment.
The automatic pain assessment methods analyze facial expressions either in framelevel or video-level manner. Dynamic information of facial expressions of pain is used
by extracting spatiotemporal features. Spatiotemporal features are used for representing
variations of the facial expressions of pain over time. A wide range of machine learning
(specially deep learning) methods have been put forward for classification as well
as regression tasks for pain detection (i.e., presence vs. absence of pain) and pain
intensity estimation. Classification tasks, such as distinguishing pain from non-pain
expressions and detection of discrete pain intensity levels, have shown promising results
in continuous pain intensity estimation.
5.1

Contributions of the thesis

In this thesis, we addressed pain intensity estimation from facial videos by proposing
spatiotemporal representation learning methods, which allow to capture and represent
spatiotemporal variations of facial expressions to estimate pain intensity levels. The
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main contribution of this thesis is two fold, i.e., (1) learning robust and discriminative
representations of facial expressions, and (2) data-efficient representation learning.
Discriminative Representation Learning. First, we extracted frame-level deep
features using CNNs and used an aggregation function to compute a video-level representation of the input instance. However, this strategy do not exploit the dynamic
information of the face. Therefore, we proposed a method to capture the local spatiotemporal feature of the facial videos and used these feature to estimate the pain
intensity level using class-specific deep models. Although this method is able to encode
the spatiotemporal variations throughout the video length, the applicability of pain
intensity estimation model is hindered by using handcrafted features. Moreover, the
disjoint representation learning process (i.e., extracting handcrafted features and training
the deep model using these features) is not computationally efficient. Inspired by the
success of 3D CNNs in spatiotemporal representation learning, we proposed a novel
deep model to capture short, mid, and long-range spatiotemporal variations of the face.
We showed that facial expression variations exhibit complex appearance and dynamic
changes. Therefore, it is essential for the representation learning model to capture such
changes in different spatiotemporal ranges.
Data-Efficient Representation Learning. Deep learning methods have achieved
great successes in visual representation learning thanks to the availability of large-scale
labeled datasets. However, to the best of our knowledge, there is not any publicly
available large-scale labeled dataset available for automatic pain assessment from
the face. Moreover, annotation of such datasets would be very time-consuming and
expensive. It is a serious obstacle in development of representation learning models in
this field of research. In order to tackle this problem, we introduced different learning
techniques that enable us to either use learned representations of pre-trained models
on labeled datasets or leveraging the information of abundant unlabeled data. We
presented a cross-architecture knowledge transfer learning method to make the training
process of complex 3D models easier by transferring knowledge from pre-trained
2D models to 3D models. This method significantly reduced the training time of
3D models and made the training computationally efficient. Motivated by promising
performance of self-supervised learning, we formulated the pain intensity estimation
as a self-surprised learning framework, where a pretext task is learned using a large
amount of unlabeled data. In the pretext task, a Siamese model is trained to learn the
similarities of pain intensity levels from facial videos. After training the pretext task,
its learned representations are transferred to the downstream task, where the model is
fine-tuned on the labeled target dataset in a supervised manner. Following this strategy,
we evaluated the performance of representation learning model in a cross-dataset
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setting to gain insight into the robustness of the learned representations. In order to
improve the computational efficiency and avoiding processing videos on short intervals,
we proposed a spatiotemporal summarization method to encode the appearance and
dynamic of the video into one single RGB image. This method statistically represents
the mutual information within video frames to generated the output RGB image. These
2D representations of the videos allow using less complex models, which are devised for
images, for video processing.
5.2

Open challenges in automatic pain assessment

In spite of all the promising advancements in automatic pain assessment, there are a
number of challenges that should be addressed for developing reliable and applicable
methods to infer pain through analyzing facial expressions. These challenges are
associated to the subjectivity of pain, data collection and quality, and methodology.
Practically, the challenges are also intertwined with each other. Future research requires
to address these challenges in order to bring automatic pain assessment closer to
real-world application. In the following, we list the existing challenges of automatic
pain assessment in computer vision and machine learning domains. We further discuss
the potential solutions as the future work.
Data Collection. The core challenge is the collection of high-quality data. When it
comes to pain assessment in neonates, critically ill, elderly, or cognitively impaired
populations, data collection becomes even more challenging. Because of the ethical
challenges involved, the common practice is to record videos of cognitively health
subjects (mainly young adults) by inducing acute pain and other distress states in
controlled conditions. However, models trained only on young faces do not generalize
well to older faces [135] due to the textural differences caused by ageing and variations
in facial muscle elasticity and facial dynamics. Moreover, models trained only on
cognitively healthy individuals would be unable to capture well the differences in
pain expressions and their underlying nuances that could possibly be characteristic
of people with cognitive impairments. In addition, models trained only on facial
expressions of experimentally induced pain, may not perform well in the context of
clinical setting. Although facial expressions of induced pain and clinical pain are highly
similar, a significant difference lies in the fact that, in the experimental setting, pain
is induced in certain physical conditions (e.g., sitting without movement), whereas
clinical pain usually occurs with head and body movements and has spontaneous
behavioral components. On the other hand, existing pain datasets have been created
under controlled settings. Therefore, they do not sufficiently cover environmental
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variations such as lighting condition, pose changes, and occlusion. Hence, it is important
to consider such environmental variations during the data collection process to increase
the robustness of automatic pain assessment methods. To address these issues, there is a
need to devise automatic pain assessment methods that can generalize well on real-world
clinical data after training on acute pain data of health adults in the experimental phase.
Moreover, including environmental variations in capturing images and videos from the
subjects would enrich the variability of data in the pain datasets.
Labeling and Ground-truth. Labeling the collected data is another important
challenge. Facial expressions of pain exhibit high variability [94] and closely resemble
facial expression associated with distress states [136]. Therefore, objective coding
standards such as FACS need to be used to distinguish the differences between various
states. However, FACS coding is time-consuming and requires expert coders. Self-report
and observer report are also used for labeling samples. In the case of uncommunicative
patients, self-report cannot be obtained. On the other hand, observer report may include
biases or errors, especially if the observer does not have sufficient expertise. There are
several types of information that could be used as ground truth. For instance, Werner et
al. [137] used pain stimulus level as the video-level ground truth. Liu et al. [138]
used self-report and observer report as the video-level ground truth. Zhou et al. [79]
used AU-based PSPI as the frame-level ground truth. The use of semi-supervised and
self-supervised learning methods could reduce the need for labeling entire dataset at
frame and video-levels by human annotators. The FACS experts could rather focus on
labeling the representative examples of different facial expressions of pain and on the
ambiguous samples that exist in the dataset. This would reduce time and costs involved
in labeling of large-scale pain datasets.
Generalization of Learned Models. Automatic pain assessment methods based
on facial expressions should be capable of being personalized. This adaption should
preferably occur online, without the need for manual intervention or cooperation from
monitored user. Currently, offline methods have been explored for person-specific
adaption of learned pain models. For instance, Werner et al. [137] studied person-specific
models, where person-specific models were developed. This approach would require
sufficiently large amount of data for each subject and is not scalable. It would be
more advantageous to learn models for different categories of users. Liu et al. [138]
explored the use of personal information such as age, gender, and complexion as
additional personalised features in order to take different cohort-specific variations into
consideration. Majority of methods have striven to train generic and person-independent
pain expression models. For adaptation to unseen faces, the pain datasets should cover a
large number of subjects to include as much as, the identity-related variances in facial
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morphology, texture, and expression of pain. There is a need to develop benchmark
datasets that would enable the comparison of different automatic pain assessment
approaches, especially their generalization capability. This benchmark dataset could
also be created by combining existing or new datasets.
Continues Pain Monitoring. Useful information for development of a continues
pain monitoring system could be obtained through studying the long-term pain expression
dynamics. This information could be used to choose or adapt the desired temporal
granularity for pain analysis and to determine how this granularity changes over time.
Adapting the temporal granularity could help in making specific facial expression
patterns associated to pain to distinguish other distress states from pain. This could
help in reducing the occurrence of false alarms and missed detection. For example,
information about the duration for which pain medication would be effective could
be useful in adjusting the pain detection thresholds as well as the time window that is
examined for pain events, immediately after the administration of the medication.
Multi-Modal Pain Assessment. The use of AUs in automatic facial expression
analysis allows objective, reliable, and anatomically-based coding of facial responses.
However, the coding of AUs is limited by human observation capacities, i.e., only visible
facial motions are detected and coded. Consequently, very subtle facial expressions
cannot be assessed. In order to assess visible as well as subtle facial movements, the use
of a sufficiently sensitive EMG could be helpful. Although EMG can detect even subtle
muscle activities, only a limited number of facial muscles can be jointly processed.
Since EMG electrodes have to be attached to the skin of the face, a placement of more
than 3 or 4 electrodes is not advisable, because it would otherwise become obtrusive and
would interfere with the facial expression [47]. Moreover, the capability of EMG to
isolate a single facial muscle is much poorer compared to FACS based analysis [139]. In
addition, facial EMG electrodes would introduce facial occlusions that would make a
simultaneous video-based analysis of facial expressions difficult. Therefore, within
the realm of automatic pain assessment from the face, FACS based facial expression
analysis is the more practical option for continuous pain monitoring. Moreover, the
fusion of distinctive modalities, such as audio, video, and physiological signals, has
shown promising results in pain intensity estimation [10].
Source of Pain. Although detection of pain and estimating its intensity are important
in the pain assessment, identifying the cause (i.e., source) of pain would further improve
the pain management. Self-reporting the pain experience, the subject can tell which
part of their body is suffering, e.g., stomach, back, tooth, etc. However, it is almost
impossible for the observer to understand the source of pain without communicating
with the patient. By incorporating other attributes about the source of pain to the training
91

data for the computational models, it would be possible to identify the cause of pain
from the facial expressions. The main obstacle to achieve this is the lack of a codebook
for making connections between specific facial expressions, their duration, and subject’s
behavior to the source of pain. Training the computational models on datasets with
variation in different types of pain could address this problem.
Real-time Processing. Advances in algorithms, sensors, and embedded computing
hold the promise to enable computer vision technology of facial expression analysis
than can be address real-life applications such as smile detection [140]. In such real-life
applications, either the face images are often captured in a lower resolution with a larger
variation of head poses or the face images must be down-sampled to a lower resolution
due to the limited processing power. However, most of existing facial expression and,
specifically, pain assessment methods attempt to analyze facial expressions from data
collected in a highly controlled environment with high-resolution frontal faces. While
many recent advances and success in automatic pain assessment from facial expressions
have been achieved, a plethora of questions remain open. For example, how do we
analyze subtle facial expressions of pain in real-life? There are several challenges
attributing to the low-quality facial expression analysis including small face region and
lack of details, blurriness, non-aligned face, and variety of dimension.
5.3

Conclusion

In this thesis, we presented different efficient representation learning methods for pain
intensity estimation from facial expressions. We studied the dynamics of the face and its
importance in obtaining discriminative representations from facial videos. The main
idea behind the proposed methods was to distinguish different pain intensity levels
despite the correlation of their corresponding facial expression using a limited amount of
labeled data. First, we developed supervised learning methods to capture and encode the
spatial and temporal variations of the face to estimate the pain intensity. Then, we moved
towards a self-supervised learning framework to reduce the dependency on large amount
of labeled data by leveraging abundant unlabeled training data. Although our methods
showed promising performance in pain intensity estimation, direct comparison of results
across different datasets was not applicable due to inconsistency of ground-truth. For
example, the UNBC-McMaster dataset is labeled based on PSPI in frame-level and
OPR in video-level fashion according the pain levels that people experience from
their affected limbs, while labeling is performed based on the level of induced pain
on a different scale in the BioVid dataset. On the other hand, we found out that
incorporating different modalities, (e.g., physiological signals and body movements),
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could increase the reliability of pain assessment systems and decreases the model
uncertainty. Considering the challenges that we encountered in this research and those
mentioned in Section 5.2, we would like to develop computational models that can
efficiently and incrementally learn from limited amount of labeled data as a future work.
Such models should be capable of generalization to unseen samples. This strategy would
facilitate the collection of larger size pain datasets by reducing the labeling labor work.
We conducted extensive experiments on the UNBC-McMaster and the BioVid
datasets to evaluate the performance of the proposed representation learning methods.
However, these (and other publicly available) datasets do not include imaging variations
such as illumination changes and movements of subject. Therefore, it is hard to make a
discussion on the robustness of the obtained representations against the environmental
variations. Specially, when the data is scares and the model should be trained on few
noisy samples. As a future work, we would also like to focus on the robustness of the
representations while maintaining their discriminative power.
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Appendix 1 Parameter estimation of WSD
In order to obtain feature maps from a video, we model a block volume, x , in a video
segment with GSM: x = αuu, where u is a zero-mean Gaussian vector, α is a mixing
multiplier. The general form of GSM allows α to be random variable that has a certain
distribution in a continuous scale. For computation simplicity, we assume that α only
takes a fixed value at each block volume (i.e., it has different values in each block
volume). In practical scenarios, the noise effect needs to be taken into consideration in
our model. Hence, we extend the model of the block volume as:
p = x + n 1 = αuu + n 1 ,

(14)

where n 1 is Gaussian noise. Intuitively, each block volume p undergoes spatiotemporal
variations v over time, leading to a distorted version q :
q = y + n2 = gαuu + v + n2 ,

(15)

where y represents deformation of x (i.e., y = gαuu + v ), g is a gain factor, and n 2 denotes
Gaussian noise. n 1 and n 2 are independent with covariance matrices Cn 1 = Cn 2 = σn2 I,
where I is an identity matrix. Then, the covariance matrices of x , y , p , and q are derived
straightforwardly as:
Cx = α 2 Cu ,
2

2

Cy = g α Cu + σv2 I,
C p = α 2 Cu + σn2 I,
Cq = g2 α 2 Cu + σv2 I + σn2 I,

(16)
(17)
(18)
(19)

where Cu is the covariance matrix of u .
At each point, the perceived visual information of the reference and deformed block
volumes is obtained by the mutual information I (xx|pp) and I (yy|qq), respectively. We aim
to approximate the perceptual information content from both blocks. To be specific, we
subtract the common information shared between p and q (I (pp|qq)) from I (xx|qq) and
I (yy|qq). So, we define a weight based on the mutual information as:
w = I (xx|pp) + I (yy|qq) − I (pp|qq) ,

(20)

where x , y , p , and q are all Gaussian for a given α.
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The mutual information approximation can be computed using the determinants of
the covariances.
"
#
|Cx | × |C p |
1
I (xx|pp) = log
,
(21)
2
|C(xx,pp) |
"
#
|Cy | × |Cq |
1
I (yy|qq) = log
,
(22)
2
|C(yy,qq) |
"
#
|C p | × |Cq |
1
,
(23)
I (pp|qq) = log
2
|C(pp,qq) |
where
"

#
Cx Cx p
C(xx,pp) =
,
C px C p
"
#
Cy Cy q
C(yy,qq) =
,
Cq y Cq
"
#
C p C pq
C(pp,qq) =
.
Cq p Cq

(24)

(25)

(26)

According to the fact that u and n 1 are independent, Equation (24) can be simplified
using:


Cx p = C p x = E x p T = α 2 Cu = Cx .
(27)
This results in:

"
Cx
|C(xx,pp) | =
Cx

Cx
Cp

#
= |σn2 Cx |.

(28)

Cy q = Cq y = g2 α 2 Cu + σv2 I = Cy ,

(29)

Similarly, we can derive:

2

2

C p q = Cq p = g α Cu ,
"
#
Cy Cy
|C(yy,qq) | =
= |σn2 Cq |.
Cy Cq

(30)
(31)

Putting all the above equations together, we can simplify the mutual information
weight function in Equation (20) as


|C(pp,qq) |
1
w = log
,
(32)
2
σn4K
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where
|C(pp,qq) | = |




σv2 + σn2 α 2 + σn2 g2 α 2 Cu + σn2 σv2 + σn2 I |.

(33)

Hence, again, the mutual information weight function in Equation (20) can be
expressed as:

 2


σv2
σv 1 + g2
1 K
2
+
α λk .
w = ∑ log 1 + 2 +
2 k=1
σn
σn4
σn2

(34)

The obtained weight function shows an interesting connection with the local deformation within frames of video. According to the deformation model in Equation (15),
the variations from x to y are characterized by the gain factor g and the random deformation σv2 . As g is a scale factor along the temporal frame evolution, it does not
cause any changes in the image spatial structure. Thus, the changes in image spatial
structure are captured by σv2 . The weight function increases monotonically with σv2 .
This demonstrates that more weights are cast to the areas that have larger variations.
In the derived weight function of Equation (34), we still need to derive approximation
for a set of parameters: Cu , α 2 , g, and σv2 . Cu is computed as:
Ĉu =

1 N
∑ x i x Ti ,
N i=1

(35)

where N is the number of block volumes and x i is the ith neighboring vector. The
multiplier α can be approximated using a maximum likelihood estimator:
α̂ 2 =

1 T −1
x Cu x .
K

(36)

The deformation parameters g and σv2 can be computed via optimizing the following
least square regression problem:
ĝ = arg min kyy − gxxk22 ,
g

(37)

T

resulting ĝ = xx T xy . Substituting this into Equation (15), we can compute σv2 using v T v /K,
which leads to:

1 T
σ̂v2 =
y y − ĝxxT y .
(38)
K
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