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Abstract

Alcohol poses a significant threat, with approximately 25% of all road deaths in
Europe being alcohol-related [18]. Traditional methods to detect intoxication, such as
field sobriety tests, breathalyzer tests, and blood alcohol concentration (BAC) tests,
are commonly used but have inherent limitations and specific requirements. This
thesis aims to develop an innovative, non-invasive method to identify individuals
under the influence of alcohol using a Deep Learning approach. Our proposed
Convolutional Attention network surpasses current state-of-the-art methods in both
thermal and visible data analysis, and it also provides the capability to visualise
attention masks.
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Chapter 1

Introduction

1.1 Overall problem

A lcohol intoxication poses a serious threat to individuals' health and well-being,
impairing cognitive and motor functions and increasing the risk of accidents,

injuries, and fatalities. Additionally, it may jeopardise public safety by contributing
to disruptive behaviours, violence, and disturbances in various settings, ranging from
public events and entertainment venues to transportation hubs.

Traditional approaches to identify drunkenness typically include �eld sobriety
tests, breathalyser tests, and blood alcohol concentration (BAC) tests. Each of them
are widely employed however come with their inherent limitations and requirements.
For example, a breathalyser test may produce false positives or negatives under
certain conditions such as an individual's metabolism, medical conditions, or the
presence of substances other than alcohol in the breath [5]. Additionally, these tests
require specialised equipment and trained personnel, making them less practical for
immediate and widespread application in various settings. With the advancements
in technology and research, new, non-intrusive methods to discriminate drunk people
became possible. These methods rely solely on observable features such as facial
expressions, speech patterns, or body movements.

Accurate and non-invasive techniques to detect alcohol-intoxicated individuals
can enhance safety and security across various domains such as entertainment venues,
customs and border controls, DUI prevention in cars and beyond.

1.2 The approach and goals of the thesis

The primary objective of this thesis is to develop an innovative and non-invasive
method to identify individuals under the in�uence of alcohol, using the Deep Learning
approach. Speci�cally, the focus will be on analysing and interpreting facial images
as a key indicator of alcohol intoxication. The thesis aims to advance the existing
knowledge base by exploring cutting-edge Deep Learning techniques tailored to the
unique challenges posed by this context.

To achieve this goal, the research will employ diverse publicly available datasets
encompassing both RGB (Red, Green, Blue) and LWIR (Long-Wave Infrared)
imaging. The inclusion of multiple types of imaging data allows to enhance the
versatility and robustness of the �nal model across various environmental conditions.
While RGB images provide detailed colour information, LWIR imaging, sensitive to
thermal emissions, can o�er valuable insights not captured by visible light.
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Building upon the foundation of current state-of-the-art models in the context of
alcohol intoxication detection, the research will systematically investigate and analyse
their e�cacy, delving into their methodologies and assessing their strengths and
limitations. Furthermore, there exists a deliberate intention to re�ne and improve
these models, pushing the boundaries of their capabilities to achieve a novel solution
that surpasses the current standards. Given the relative novelty and limited scope
of research in this �eld, the thesis will delve into the application of the most modern
deep learning models, exploring whether their incorporation contributes to more
accurate and reliable outcomes in the context of alcohol intoxication detection.

1.3 Structure of the thesis

This thesis is structured to provide a comprehensive exploration and analysis
of the methodologies employed in alcohol intoxication detection. The chapters are
organised as follows. In Chapter 2, we conduct an in-depth review of the current state-
of-the-art research in the �eld of alcohol intoxication detection using facial images.
We critically examine existing literature, methodologies, and �ndings to establish a
foundation for our further exploration. Chapter 3 provides an overview of available
data, including its characteristics, collection methods, and preprocessing techniques.
Chapter 4 involves the practical implementation of a vanilla Convolutional Neural
Network (CNN), which is identi�ed as a promising approach in alcohol intoxication
detection based on the literature review. This chapter serves as a vital link between
theoretical knowledge and practical application, allowing for the assessment of
real-world e�ectiveness. In Chapter 5 a novel method for classi�cation of alcohol
individuals, in particular Convolutional Attention Networks, is introduced and
applied to the used datasets to assess its potential in improving the accuracy and
e�ciency of alcohol intoxication detection using facial images. Chapter 6 is dedicated
to the comparison of the implemented models in terms of accuracy, time consumption
and applicability. We aim to identify the strengths and limitations of each model,
providing a foundation for possible improvement. Finally, Chapter 7 contains the
�ndings and conclusions made during the project, as well as possible future objectives.
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Chapter 2

Background

M any scholarly works investigate the identi�cation of drunkenness for various
purposes, such as preventing driving under in�uence (DUI) and conducting

�tness-for-duty (FFD) tests. Seeking alternatives to conventional direct measurement
techniques like blood tests and breath analysis, researchers in this �eld leverage a
variety of observable data sources, including photo and video recordings capturing
facial expressions and eye movements, audio recordings capturing speech nuances, and
behavioural data re�ecting driving and walking patterns. Within this context, this
chapter provides an overview of various statistical and Deep Learning state-of-the-art
approaches to identify individuals under the in�uence of alcohol.

2.1 Face image analysis

Alcohol can manifest on a person's face through various physiological and be-
havioural changes [11][59]. These changes may be subtle or more pronounced,
depending on factors such as the amount of alcohol consumed, the individual's
tolerance, and other physiological variables. Some of the physical reactions include
�ushed or reddened skin due to dilated blood vessels, noticeable changes in pupil
size re�ecting autonomic nervous system e�ects, bloodshot eyes from vasodilation,
and facial swelling caused by alcohol's diuretic properties leading to dehydration.
Additionally, alcohol impacts facial muscle control, resulting in subtle changes in
expressions, and its central nervous system depressant e�ects induce drowsiness and
fatigue, evident through drooping eyelids and slowed movements.

A face image of an individual can be obtained using various types of sensors,
including visible light cameras (RGB), near-infrared (NIR) and long-infrared (LWIR)
sensors. Each of them operates in its own range (Figure 2.1) and comes with its
own bene�ts and limitations. The choice between Thermal, RGB and NIR imaging
for drunkenness detection depends on the speci�c goals, available resources, and the
characteristics of the target application.

Figure 2.1. Wavelength spectrums of ultra-violet, visible and infrared light [21]
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2.1.1 RGB imaging

One of the widely utilised and commercially accessible camera sensors is the
visible light camera, which operates within the 400-700 nm range corresponding to
the spectrum observable by the human eye. Visible cameras employ red, green, and
blue wavelengths (RGB) to capture light, facilitating accurate colour representation
and providing a detailed representation of facial features. This can be valuable for
identifying subtle changes in skin tone, eye colour, or facial expressions that may
be indicative of drunkenness. The colour information in RGB images is human-
interpretable, making it easier for researchers and developers to understand and
interpret the features learned by the deep learning model. Due to its popularity,
RGB images allow for training on diverse datasets that include variations in lighting
conditions, backgrounds, and facial expressions, and the integration with existing
computer vision techniques and the availability of pre-trained models allows for more
e�cient and less resource intensive model development. However, it is essential to
acknowledge the limitations of RGB imaging, particularly its restriction to daytime
and clear sky conditions. Visible cameras rely on ambient light for operation,
rendering them ine�ective in low-light situations, such as in-vehicle sensors when
driving at night. Additionally, atmospheric conditions such as fog, haze, smoke, heat
waves, and smog can signi�cantly impair their performance.

The topic of drunkenness detection from RGB images and video has been widely
studied by the scienti�c community. Researchers have explored various methods
to classify intoxicated individuals, often leveraging publicly available sources like
YouTube videos [65] or publicly accessible photos, comes with inherent challenges.
The reliability of the labels is questionable, as there is no guarantee that a video
labeled as depicting a drunk person actually contains such content.

In 2018, Mehta et. al [65] introduced a new dataset calledDIF (Dataset of
perceived Intoxicated Faces) which contains audio-visual data of intoxicated and
sober people obtained from online sources. The authors tested various models
including CNN (Convolutional Neural Network) - RNN (Recurrent Neural Network),
3D CNN, audio-based LSTM (Long Short-Term Memory), and DNN (Deep Neural
Network), both on separate audio and video channels and combined. The work
reports accuracy of 76.37% using the VGG-LSTM model and 88.39% when coupled
with audio materials.

This dataset has been extensively used in research. For example, Kamath et al.
[31] propose Graph Neural Networks using facial landmarks for alcohol intoxication
detection. In this method, the images are converted to graphs, where nodes represent
facial features. Then, a network of Graph Convolutional Layers is trained, achieving
promising training accuracy of 86.69± 2.29 with validation and testing accuracy of
86.73± 2.6 and 86.4± 2.4 respectively.

In �DrunkSel�e: Intoxication Detection from Smartphone Facial Images� [64]
researchers introduce an Android application,DrunkSel�e (Figure 2.2), that estimates
the subject's drunkenness from a sel�e. The model utilises a photo series capturing
people before and after several glasses of wine. It utilises facial landmark vectors as
features and reports 81% accuracy using Gradient Boosted Machines for classifying
subjects as either �sober� (0 or 1 glasses of wine) or �drunk� (2 or 3 glasses of wine).

Another end-to-end system detecting the alcohol content was proposed by
Rachakonda et al. [48] Their IoT enabled edge deviceDonot-DUEye uses pupil
dilation, raise in blood pressure and eye redness level to analyse the subject's driving
capability. The authors utilise SSD MobileNET for classi�cation and achieve the
accuracy of approximately 95%. However, this type of classi�er requires the ground
truth information, making it inapplicable in the situations where such information
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Figure 2.2. Architecture of DrunkSel�e Android App [64]

is unavailable.
Lastly, Chang et al. [13] proposed dividing the subjects into three distinct age

brackets (18�30, 31�50, and >50 years), presuming varying facial expression changes
across age groups.Their neural network employed a simpli�ed VGG network in the
�rst stage to determine the subject's age range, while the second stage utilised the
simpli�ed Dense-Net to identify facial features indicative of drunk driving. In drunk
driving recognition tests among the three age groups, accuracies of 94%, 83%, and
81% were obtained, respectively, supporting their theory that age in�uences how
facial changes associated with alcohol intoxication manifest.

2.1.2 Thermal imaging

Long-wave infrared or LWIR is a subset of the infrared band of the electromagnetic
spectrum, covering the wavelengths ranging from 8µm to 14µm (8,000 to 14,000nm).
Using thermal imaging for deep learning-based drunkenness identi�cation models can
o�er several advantages over RGB and NIR imaging due to its ability to capture and
visualise temperature variations associated with physiological changes due to alcohol
consumption. Unlike visible light, thermal imaging is unobtrusive and invariant to
lighting conditions, operating e�ectively in low-light or darkness, making it suitable
for discreet monitoring. Thermal cameras are less dependent on facial expressions
and less susceptible to disguises, makeup, or facial changes, primarily relying on
temperature di�erences. While thermal imaging has these advantages, it's essential
to consider its limitations, such as potential challenges in capturing �ne details,
lower spatial resolution compared to RGB, inability to see through some materials
(Figure 2.3) and the need for specialised hardware. The e�ectiveness of thermal
imaging for drunkenness identi�cation will depend on the speci�c characteristics of
the dataset and the features associated with intoxication.

Recent research has been actively exploring ways to study and categorise people
under the in�uence of alcohol using thermal imaging. This interest is largely due
to the availability of a unique dataset gathered at the University of Patras [36]
speci�cally focusing on sober and drunk individuals. The dataset provides a valuable
resource for scientists to investigate the thermal changes associated with di�erent
levels of alcohol consumption.

Georgia Koukiou, one of the creators of the dataset and a prominent researcher
in the �eld of drunk person classi�cation using thermal imaging, has made signi�cant
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Figure 2.3. Long Infrared and visible imagery of a subject [17]

contributions to this area since 2009. Throughout her career, she has explored various
methods and strategies to improve the accuracy and reliability of detecting intoxicated
individuals. Koukiou's research has examined a range of aspects, including optimal
locations for drunkenness identi�cation [32], patterns of eye temperature distribution
[38], thermal signatures of the eyes [39], blood vessels activity [33], local di�erence
patterns [40], and dissimilarity features [41]. She has experimented with a variety of
approaches, beginning with simple neural networks and progressing to more complex
models.

In one of her most recent works,"Intoxicated Person Identi�cation Using Markov
Chains and Neural Networks" [34], Koukiou proposed an innovative method that
utilizes Markov chains to model the statistical behavior in forehead images. This
approach combined with neural networks resulted in high success rates for identifying
intoxicated individuals. Her extensive research and diverse methodologies have
signi�cantly advanced the �eld of thermal-based drunk person classi�cation.

In 2018, Kamath et al. [30] explored intoxicated individual identi�cation using
Convolutional Neural Networks on body parts like hands, ears, and face, with
facial pro�les yielding the highest accuracy (82.16%) and hands the lowest (75.55%).
Combining multiple body parts via a Backpropagation Neural Network (BPNN)
improved accuracy. The research"Detection of Intoxicated Person using Thermal
Infrared Images" [7] employed Non Subsampled Contourlet Transform (NSCT) to
extract texture features from eye, face, hand, and ear thermal images. Support
Vector Machine classi�cation achieved impressive accuracies: 93% for eyes, 94.1%
for face, 95.1% for hands, and 100% for ears.

"Drunkenness Diagnosis Using a Neural Network-Based Approach"(2017) [45]
introduced a model with four stages: thermal infrared image acquisition, Pulse-
Coupled Neural Network (PCNN) segmentation, feature selection via Principal
Component Analysis (PCA) and Linear Discriminant Analysis (LDA), and Support
Vector Machine (SVM) classi�cation, achieving a 97.5% detection score. In 2020,
using the same database the researchers tested an ensemble of CNNs, attaining a
95.75% detection score.

"Deep Learning Technology for Drunks Detection with Infrared Camera" [28]
(2020) proposed a handheld IR-based detection system operating on an iPhone oper-
ating system (iOS) mobile phone with 85.10% accuracy for multi-level classi�cation
(sober, 1 glass, 2 glasses, or 3 glasses) and 74.07% for binary identi�cation. In
"Facial Thermal Image Analysis with Deep Convolutional Neural Network Archi-
tectures for Subject Dependent Drunkenness Diagnosis"(2021) [55], three di�erent
Deep Convolutional Neural Network architectures were compared, with GoogLeNet
achieving the highest accuracy.�Drunkenness Detection Using a CNN with adding
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Gaussian Noise and Blur in the Thermal Infrared Images� (2022) [27] applied a
CNN model to thermal infrared images with added noise and blur, achieving 93%
accuracy. "Identi�cation of Drunk People Among Crowds Using Thermography and
Machine Learning" [49] compared Support Vector Machine and transfer learning
approaches. �Face Recognition and Drunk Classi�cation Using Infrared Face Images�
[61] employed Weber local descriptor (WLD) and local binary pattern (LBP) for
feature extraction, achieving 100% performance in face recognition and 86.96% in
drunk identi�cation. �Thermal Biometric Features for Drunk Person Identi�ca-
tion Using Multi-Frame Imagery� [35] utilised multi-frame thermal imagery and
morphological operations for feature extraction, achieving over 86% success rate.
Lastly, �Prediction Model of Alcohol Intoxication from Facial Temperature Dynamics
Based on K-Means Clustering Driven by Evolutionary Computing� [42] proposed a
segmentation model based on clustering algorithms and evolutionary optimization,
allowing for classi�cation of facial temperature areas into segmentation classes for
tracking alcohol-temperature features during intoxication.

2.1.3 NIR imaging

Near-Infrared Light (NIR) is a subset of electromagnetic radiation (EMR) wave-
lengths nearest to the range of the naked eye but just past what we can see. It
covers the wavelengths ranging from 0.7 to 1.4 microns and sometimes o�ers clearer
details than what is achievable with visible light imaging (Figure 2.4). NIR is very
close to human vision but removes the colour wavelengths, which results in most
objects looking very similar to an image that has been converted to black and white.

Figure 2.4. Near Infrared imagery compared to visible light imagery [51]

Using Near-Infrared (NIR) imaging can be an alternative or complementary
approach for drunkenness detection since it o�ers its unique advantages over RGB
imaging. Due to its greater penetration depth NIR imaging can capture information
from deeper tissue layers, potentially revealing additional physiological changes
associated with intoxication that are not visible in the RGB spectrum. Additionally,
NIR imaging is often less sensitive to variations in lighting conditions compared
to RGB imaging making it more robust in di�erent environments, which can be
bene�cial for real-world applications where lighting conditions may vary. Finally,
longer wavelengths of the NIR spectrum are able to penetrate haze, light fog, smoke
and other atmospheric conditions better than visible light making it perfect for
long-distance imaging. Despite the advantages, NIR imaging comes with its own
drawbacks and challenges. Since NIR detects light between 700nm to 1400nm, we're
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seeing information beyond the wavelengths that make up colour, so the image is
represented in grayscale values. The interpretability of NIR images may be more
challenging for humans, as the information captured is not visible to the naked eye.
Additional considerations include the need for specialised hardware, potential costs,
and the necessity for a dataset that includes NIR images for training and evaluation.

The existing research on the detection of drunkenness using Near-Infrared imaging
faces limitations due to the scarcity of publicly available data and the challenges
associated with independent data collection. Many studies within this domain
predominantly concentrate on NIR images of the eye.

For instance, Juan Tapia Farias and colleagues conducted experiments aimed
at classifying individuals deemed un�t for duty. Their work, �Behavioural Curves
Analysis Using Near-Infrared-Iris Image Sequences,� [12] involves analysing a stream
of Near-Infrared (NIR) iris video frames to examine the e�ects of external factors
such as alcohol, drugs, and sleepiness on pupil and iris movements. To facilitate their
research, they developed the "FFD NIR iris images Sequences database" (FFD-NIR-
Seq), which contains sequences of periocular NIR images captured in four conditions:
control, under the in�uence of alcohol, under the in�uence of drugs, and drowsiness
(Figure 2.5). They utilised pupil-iris-ratio as a feature vector for each sequence and
employed standard machine learning algorithms, including Random Forest (RF),
Gradient Boosting Machine (GBM), and Multi-Layer Perceptron (MLP) Neural
Network, to classify both the four states and �t/un�t states. Their results showed
that the Multi-Layer Perceptron and Gradient Boosted Machine achieved the best
results in all groups, with an overall accuracy of 74.0% and 75.5% for the Fit and
Un�t classes, respectively.

Figure 2.5. Examples of the NIR images captured. a) Control, b) Alcohol, c) Drug, and d)
Sleep images [12]

In their subsequent work titled �Learning to Predict Fitness for Duty us-
ing Near Infrared Periocular Iris Images,� [57] they proposed a modi�ed Mo-
bileNetV2 to classify iris NIR images taken from subjects under the in�uence
of alcohol/drugs/sleepiness. Their results demonstrated that the MobileNetV2-based
classi�er could robustly detect the Un�t alertness condition from iris samples cap-
tured after alcohol and drug consumption, achieving detection accuracies of 91.3%
and 99.1%, respectively. However, the sleepiness condition proved to be the most
challenging, with an accuracy of 72.4%. For two-class grouped images belonging to
the Fit/Un�t classes, the model achieved accuracies of 94.0% and 84.0%, respectively,
while utilising a smaller number of parameters than the standard Deep Learning
Network algorithm.
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In �Alcohol Consumption Detection from Periocular NIR Images Using Capsule
Network,� [58] a novel Fused Capsule Network (F-CapsNet) was proposed to classify
iris NIR images taken from subjects under the in�uence of alcohol consumption.
They introduced a new database called IAL-I, which includes NIR periocular images
captured from 30 volunteers under the in�uence of alcohol. Their results showed
that the F-CapsNet algorithm could detect alcohol consumption in iris NIR images
with an accuracy of 92.3%, while using half the parameters as the standard Capsule
Network algorithm.

Finally, in their latest work titled �Fitness-for-Duty Classi�cation using Temporal
Sequences of Iris Periocular images,�[67] the researchers attempted to leverage not
only spatial information but also temporal information. They classi�ed Fitness-for-
Duty using sequences of 8 iris images using Convolutional Neural Networks based
on VGG-16 and Long Short Term Memory Networks (LSTM). The model delivered
better results compared to classic machine learning algorithms, achieving an overall
accuracy of 83.6%.

2.2 Alternative data modalities

In addition to facial image data, various other data types have been explored in
e�orts to identify intoxicated individuals, including speech [ 52][9][10], texts [4][29][44],
gait [43][47], driving patterns [66][8] and so on.

Identi�cation of drunkenness through speech falls within the domain of par-
alinguistics, which started gaining popularity in the research community after the
"INTER-SPEECH 2011 Speaker State Challenge"by Schuller et al. [52] This chal-
lenge included a subtask focused on predicting speakers' intoxication levels using the
"Alcohol Language Corpus," a dataset comprising 162 speakers aged 21�75 from �ve
di�erent locations in Germany. For example, Biadsy et al. [9] conducted a series of
experiments discovering that phonotactic features extracted from phone durations
play a signi�cant role in classi�cation. Their approach, based on the hypothesis that
certain phonemes manifest di�erently in intoxicated and sober speakers, employs
Support Vector Machines with a kernel function computing similarities between
adapted phone Gaussian Mixture Models, which encapsulate speakers' phonetic
characteristics in their utterances. Bonela et al. [10] present their Audio-based
Deep Learning Algorithm to Identify Alcohol Inebriation (ADLAIA), which utilises
mel spectrograms derived from 12-second audio clips as input. Mel spectrograms
visualise the spectrum of a signal, mapping frequency bands to the mel scale, ap-
proximating human auditory perception. These spectrograms are then fed into a
pretrained ResNet-18 convolutional neural network. ADLAIA demonstrates superior
performance, particularly on subjects with higher Blood Alcohol Concentration
(BAC) levels, supporting the hypothesis of increasing impairment of cognitive and
psychomotor abilities with rising BAC levels, as previously suggested by Brumback
et al. in 2007 [11].

Drunk texting classi�cation has been explored by several studies. These works
typically employ traditional feature extraction techniques for text classi�cation,
encompassing tasks like tokenization, stopword removal, normalisation of men-
tions/URLs, along with stylistic features such as discourse connectors, word count,
and capital letter frequency, alongside sentiment analysis. Various classi�cation
algorithms are experimented with, including Random Forest, Support Vector Ma-
chine, Generalised Linear Model (GLM), and Naive Bayes. For instance, Joshi et
al. [29] proposed a pipeline utilising n-grams in Tweets and achieved a classi�cation
accuracy of 78.1% for drunk Tweets. Meanwhile, Maity et al. [44] analysed Twitter
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pro�les to di�erentiate drunk and sober users based on their Tweets. Additionally,
Grzeca et al. [20] explored integrating semantic enrichment and word embeddings
to identify drunk texting in short, noisy text pieces like tweets, although they faced
challenges due to limited dataset size.

The methods mentioned above show promise for identifying alcohol intoxication.
However, our focus is on passive measurements that don't rely on active participation,
such as gait, cognitive tests, or speaking. This broader applicability leads us to
choose facial image data for our work.
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Chapter 3

Datasets

T he success of any deep learning model heavily depends on the quality and
quantity of the data used to train them. Quality data helps better model

training and generalisation, can reduce over�tting, enhances model robustness and
helps more accurate evaluation. This chapter discusses the datasets used in this study,
detailing the collection and description processes, data preprocessing techniques,
and exploratory data analysis. In section 3.1, we explore the methods used to collect
the datasets and provide a comprehensive description of the data, including key
attributes and characteristics. This section outlines the source of the data, the
collection process, and any special considerations taken into account during data
acquisition. Section 3.2 delves into the data preprocessing techniques applied to
prepare the datasets for analysis and modeling. This includes cleaning, normalization,
and other transformations to ensure data consistency and quality. We also discuss
speci�c challenges encountered during preprocessing and how they were addressed to
maintain data integrity. Section 3.3 focuses on exploratory data analysis and outlier
detection. This section describes the techniques used to understand the underlying
structure of the data, identify patterns, and detect anomalies. Methods such as
clustering, visualization, and statistical analysis are employed to gain insights into
the datasets, allowing for more informed decision-making in subsequent analysis and
modeling stages.

3.1 Collection and description

Following an extensive literature review, we compiled a list of potentially usable
datasets for this study. We �rst checked which of these datasets were available online.
For those that were not publicly accessible but seemed promising, we reached out to
the authors to request access. While some did not respond, others informed us that
the data could not be shared due to privacy policies. Luckily, a few authors agreed
to share their datasets with us.

Unfortunately, despite our e�orts, we were unable to obtain any datasets con-
taining near-infrared images of sober and intoxicated individuals. As a result, we
will not be able to include this domain in our tests. Nonetheless, we have a selection
of datasets that will allow us to conduct a comprehensive study. The list of the
available datasets alongside with its features can be found in the Table 3.1.
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Dataset Name Domain Subjects Ethnicity Controlled Environment

Sober-Drunk Database [36] LWIR 42 Greece Yes
PUCV-DTF [23] LWIR 46 Chile Yes
Kubicek et. al [42] LWIR 20 Czechia Yes
DIF [65] RGB 166 Mixed No
3 Glasses After [3] RGB 53 Brazilian Yes

Table 3.1. Available datasets

Sober-Drunk Database (Figure 3.1)

The most popular and publicly available dataset is the Sober-Drunk database
collected at the University of Patras. The database includes the facial image data
collected from 41 individuals, comprising 31 males and 10 females. The subjects
were recorded using the ThermoVision Micron/A10 Model infrared FLIR camera
in two distinct states: sober and 30 minutes after consuming four glasses of wine
(62.4 ml of alcohol). Each recording consists of 50 sequential frames of the same
object, captured at intervals of 100 milliseconds, resulting in a total acquisition time
of 5 seconds for all 50 frames. Consequently, each person has a set of 100 frames
recorded in two sessions, leading to a comprehensive database of 4100 images. The
infrared images have a resolution of 128 x 160 pixels.

Figure 3.1. Examples of subjects from the Sober-Drunk Database

Ponti�cia Universidad Católica de Valparaíso-Drunk Thermal Face database
(PUCV-DTF) (Figure 3.2)

A total of 46 individuals, consisting of 40 men and 6 women, participated in this
study. Their average age was 24 years, with a standard deviation of approximately
3 years; the age range was 18 to 29 years. All participants were in good health with
no history of alcohol-related issues, as con�rmed by a screening test that excluded
regular alcohol consumers.

Before the experiment, subjects rested for 30 minutes in the robotics lab to
acclimate to the temperature conditions. The procedure involved drinking a 355
mL can of 5.5° beer, followed by a 30-minute rest period. This cycle was repeated
four times, after which subjects with a blood alcohol level of around 0.8 g/L were
considered "drunk." They remained in the lab until their blood alcohol level dropped
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Figure 3.2. Examples of subjects from the PUCV-DTF database

below 0.2 g/L, veri�ed by a breath test. A paramedic was present throughout the
experiment to ensure participant safety.

The thermal camera used to capture the data was a FLIR TAU 2, with a resolution
of 640Ö 480 pixels, a framerate of 30 frames per second, thermal sensitivity of 50
mK, and a spectrum range of 7.5 to 13.5� m.

The dataset comprised 250 images per subject, across �ve subsets, each containing
50 images. These subsets were labeled as "Sober," "1 Beer," "2 Beers," "3 Beers," and
"4 Beers," re�ecting the number of beers consumed during the experiment.

Kubicek et. al (Figure 3.3)

This study involved 20 volunteers to measure alcohol intoxication using infrared
(IR) imaging. During the experiment, six images were captured for each participant to
track the dynamic progression of alcohol intoxication. The �rst IR image represented
the sober state, and the subsequent images re�ected increasing levels of alcohol
consumption. The measurements were conducted at the Faculty of Safety Engineering
at the Technical University of Ostrava. The measuring room was air-conditioned,
with controlled conditions to ensure consistency. The IR camera was positioned
two meters from each participant, and the data were exported in a .mat format
for further analysis using MATLAB. Participants were instructed not to consume
any food before the experiment. After 30 minutes of rest to stabilize from outdoor
temperature, participants consumed 38% alcohol in 0.04L doses, with 30-minute
intervals between each dose. Blood pressure was measured before the start, and
breath alcohol levels were monitored using a Dräger Alcotest® 7510. The experiment
had ethical approval, and all participants signed informed consent forms in Czech to
allow the publication of their data and acknowledge the e�ects of alcohol consumption.
A physician was present throughout the experiment to ensure safety.

The IR images were captured using a FLIR T640 camera with a resolution of 640
Ö 480 pixels and thermal sensitivity (NETD) of less than 0.035°C. The IR camera
was calibrated with a Flat Field Correction (FFC), performed during startup and
as the camera changed temperature. The background for the IR images was white
stucco plaster, and the emissivity was set at 0.96.
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Figure 3.3. An example of data from the Kubicek et. al Database

Due to the need to protect personal data, all records were at least partially
anonymised. To achieve this, a median �lter with a 10x10 kernel mask was applied.
This �ltering process has an additional bene�t: it creates a smoother temperature
color map, where colors blend more seamlessly with each other. However, this
approach can distort some of the original temperature information.

Dataset of Perceived Intoxicated Faces (DIF) (Figure 3.4)

The dataset was collected by sourcing videos from social networks, primarily
YouTube and Periscope. The selection process involved search queries like "drunk
reactions," "drunk review," and "drunk challenge" to gather content featuring intoxi-
cated people. Videos of sober individuals were also collected using similar methods.
Due to the nature of these sources, the videos were recorded in real-world, uncon-
strained settings, providing a broad representation of intoxicated and sober behavior.
The DIF dataset contains:

ˆ 91 videos in the drunk category with an average length of 6 minutes. This
category consists of 88 unique subjects, including 55 males and 33 females.

ˆ 78 videos in the sober category with an average length of 10 minutes. This
category consists of 78 unique subjects, including 35 males and 43 females.

Figure 3.4. Examples of subjects from the DIF database
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Given the nature of the video sources, class labels are based on the video title
and description. These labels are considered "weak labels" since there's a chance that
a subject labeled as "drunk" may not exhibit clear signs of intoxication, or a subject
labeled as "sober" may not be entirely devoid of intoxication e�ects. Moreover, some
videos might have been uploaded for their humorous content, adding an additional
layer of ambiguity. To process these videos, several steps were followed:

1. Shot Detection and Face Tracking: Using the pyannote-video library, shot
detection was performed to isolate individual camera shots. Face detection
and tracking were then conducted to identify and follow the faces in each shot.

2. Clustering and Unique Subject IDs: Since some videos contain multiple subjects,
clustering was used to extract unique subject identities from the face tracks.
This allowed for cropping faces in each frame to create individual data samples.

3. Face Alignment and Standardization: The OpenFace toolkit was employed for
face alignment, ensuring a consistent orientation of facial features. The �nal
data samples were �xed at 10 seconds in length.

This comprehensive processing pipeline resulted in a total of 4,658 face videos for the
intoxicated category and 1,769 face videos for the sober category, each containing
tracked faces of the respective subject.

3 Glasses After (Figure 3.5)

The dataset features photographs by Brazilian photographer Marcos Alberti.
The project provides a snapshot of how individuals' expressions and moods evolve
with each successive glass of wine. Marcos Alberti set out to test this concept by
inviting a diverse group of friends to his studio, with the aim of capturing their
changing expressions as they consumed wine. The dataset comprises photographs
taken in a controlled studio environment. The process involved:

ˆ Initial Capture: The �rst photograph was taken as soon as the guests arrived
at the studio, capturing their natural state, often displaying signs of stress or
fatigue from their daily routines and rush-hour tra�c.

ˆ Subsequent Captures: After each glass of wine, another snapshot was taken.
Each participant was photographed three times during the course of the evening,
with each photo representing a di�erent stage of wine consumption.

ˆ Simple Setting: The photos were taken against a plain wall, focusing solely on
the subject's face. The simplicity of the setup allows for a clear view of the
subject's expressions without any distractions.

The dataset includes 53 unique subjects from various backgrounds, representing
a wide range of professions, such as music, art, fashion, dance, architecture, and
advertising. The subjects were photographed across four di�erent states of inebriation,
providing a broad spectrum of expressions and reactions to wine consumption.

3.2 Data preprocessing

Preparing the data is an essential step when working with machine and deep
learning; this includes tasks like data cleaning and data augmentation. During this
phase, it's important to ensure consistency and address any anomalies in the dataset.
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