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Abstract: - This paper proposes a new model of subject-independent drunkenness detection based on analysis
of thermal infrared facial images. The method consists of the following processing stages: (a) thermal infrared
image acquisition; (b) Pulse-Coupled Neural Network (PCNN) image segmentation; (c) feature selection using
Principal Component Analysis (PCA) cascaded with Linear Discriminant Analysis (LDA); (d) Support Vector
Machine (SVM) classification. We have built an experimental thermal infrared facial image database of 10
subjects (7 males and 3 females). The thermal images of each subject have been acquired both for sober
condition and also for inebriation condition obtained after the person drank a specific amount of alcohol. Any
thermal picture has been taken using a FLIR camera and it corresponds to the resolution of 160 x120 pixels in
the wave range of 7.5-13 pm. The parameters of the PCNN have been optimized using a genetic algorithm.
Using the proposed thermal image analysis cascade based on PCNN, we have obtained a drunkenness detection
score of 97.5%, corresponding to an increase of 17.5% over the best score given by the considered benchmark
method without PCNN segmentation.

Key-Words: - Drunkenness detection, thermal imagery, image segmentation, pulse-coupled neural network
(PCNN), genetic algorithms

1 Introduction comprising mid-wave IR (3-5um) and long-wave IR
All over the world, governments and private (8-12um) bands has been suggested as an alternative
companies are putting biometric technology at the source of information for detection and recognition
heart of ambitious projects, ranging from access of faces [6]- Thermal IR sensors measure 'heat
control and company security to high-tech energy emitted, not reflected, from the objects.

passports, ID cards, driving licenses, and company Hence .t}.lermal imaging hgs great a'dvantage.s.in face
security. One of most important areas of biometric recognition [6], in low illumination conditions or
technology is face recognition using visual and/or even in total Qarkness, where visual face recognition
thermal imagery [1], [2], [3], [4], [5], [6], [7]. techniques fail. '

Particularly, facial recognition technology could Road accidents are a global menace in every
help trace terrorism suspects. A connected area with country [9], [10]. The Global status report on road
face recognition is emotion recognition by analyzing safety 2013 compiled by the United Nations (UN)
the facial expression; this belongs to the area of presents  information on road safety from
man-machine communication [8]. Face recognition 182 countries, accounting for almost 99% of the

based only on the visual spectrum has shown world’s population [9]. The report indicates that
difficulties in performing consistently under worldwide the total number of road traffic deaths

remains unacceptably high at 1.24 million per year.

uncontrolled operating conditions. Face recognition ) )
Only 28 countries, covering 7% of the world’s

accuracy degrades quickly when the lighting is dim

or when it does not uniformly illuminate the face populatior}, have compr.ehe'nsive roaq s'afety lawg on
[1], [4], [7]. Light reflected from human faces also five ke.y'rlsk factors: drinking and driving, speeding,
varies depending on the skin color of people from and failing to use motorcycle helmets, seat-belts,

different ethnic groups. The use of thermal infrared and child restraints [9]. The figures increase at an

(IR) images can improve the performance of face alarming rate every ye.ar.'If no action is ta.ke':n, the
recognition under uncontrolled  illumination number of fatalities will increase to 2.4 million by

conditions [2], [3], [5]. Thermal IR spectrum 2030 [9]. A significant ratio of these accidents are

ISSN: 2367-895X 305 Volume 1, 2016



Victor-Emil Neagoe, Serban-Vasile Carata

caused by drivers being intoxicated above the legal
limit. The research described here addresses this
issue through analysis of the thermal infrared facial
imagery.  Drunkenness is a  challenging
physiological condition to be investigated with
applications to test driver (sober/drunk) condition
[11]. However, most of the publications refer only
to automotive anti-drunk driving systems, which use
electrical signals from the heart or brain [12].
Koukiou and Anastassopoulus have recently
published several papers having as aim drunkenness
diagnose using processing of thermal infrared facial
imagery [13], [14], [15], [16]. The success of this
kind of approach is based on the fact that arteries
and vessels on the face of a drunk person increase
activity with the consumption of alcohol [16].

On the other side, there has been an increasing
interest in using artificial neural networks (ANN)
for image processing and pattern recognition [17],
[18]. One of the most exciting neural network that
recently has proven to be a viable method for image
processing is Pulse-Coupled Neural Network
(PCNN) [19], [20].The PCNN model is a biological
inspired type of neural network, whose functions are
found in the visual cortex of the cat [10] and some
authors claimed that it can lead to a perfect image
segmentation [21], [22], [23].

Within this paper we propose an original
approach of drunkenness diagnose wusing a
processing cascade of PCNN thermal infrared facial
image segmentation followed by feature selection
by Principal Component Analysis (PCA) — Linear
Discrimant Analysis (LDA) and finally a Support
Vector Machine (SVM) classifier. We have built an
original database of thermal images for the
sober/drunk  subject condition (10 persons).
The experimental results are given.

2 A New Thermal Image Analysis

Algorithm for Drunkenness Diagnose
The proposed algorithm for inebriation diagnose has
the following thermal image processing stages

(Fig.1):
(1) Thermal infrared image acquisition
(i1) PCNN image segmentation
(i) Loading of the PCNN segment pixels with
corresponding grey levels
(iv) PCA
(v) LDA
(vi) SVM classifier
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Fig. 1. Flowchart
of the drunkenness diagnose cascade.

The above mentioned processing stages are
further presented in detail by selecting and grouping
them in a few essential steps.

2.1 PCNN image segmentation

2.1.1 PCNN model

The Pulse-Coupled Neural Network (PCNN) model
is a biological inspired type of neural network; its
functions are found in the visual cortex of mammals
[19], [20], [21]. It is a single layered, two-
dimensional, laterally connected network of pulse-
coupled neurons. There exists a one-to-one
correspondence between the image pixels and
network neurons. The PCNN equations are given
below [19], [20], [21] [22] [23]

Fij[n] = exp(— ap)
Z Z Ml]lekl

Ll][ ] - eXp( aL) * Ll.]

1+s; D

+ VLZZ Wik Yia[n — 1] 2)

Uyj [n]= i n(1+ﬁLl,[ ]) 3)

EI, L n - 1] exp( aE) + VE U[ 1] (4)
,if Uyln] > Eyln]

Yyln { othe;”wise )

where of, ar, and og are the time constants; Vg, Vi,
and Vg are the magnitude adjustments; B is the
linking strength of the PCNN. Each neuron is
denoted with indices (i, j), and one of its
neighboring neurons is denoted with indices (k, 1).
Feeding component F;;[n] is combined with linking
component L;;[n] into neuron’s internal activity

Volume 1, 2016



Victor-Emil Neagoe, Serban-Vasile Carata

Uijj[n]. The neuron receives input signals via
feeding synapse M;jy;, and each neuron is connected
to its neighbors such that the output signal of a
neuron modulates the activity of its neighbors via
linking synapse W;jx;. The pulse is able to feed back
to modulate the threshold Ej[n] via a leaky
integrator, raising the threshold by magnitude Vj
that decreases with time constant ag During
iterations, when a neuron’s internal activity Ujj[n]
exceeds its dynamic threshold Ej[n], a pulse is
generated (firings).

2.1.2 PCNN-image segmentation

The input taken thermal images are processed
according to the previously presented PCNN model.
The extracted segments are composed by the pixels
that fired at the moment of n-th iteration, namely
those whose corresponding neurons outputs become
“1” at this iteration according to equation (5).

We have used a genetic algorithm (GA) [24] to
optimize the following seven parameters of the
PCNN segmentation model: the number of
iterations n; the linking strength f5; the link arrange
representing the size of matrix M/W, the time
constants op=a; and og; the magnitude adjustments
V=V, and Vi The AG parameters are:
chromosome population; crossover rate;, mutation
rate; elite count;, stop generation. The fitness
function for GA is the score of correct
diagnose/classification of PCNN extracted segments
in sober/drunk classes. As a result of PCNN
segmentation, we obtain a set of white pixels
belonging to the segments placed in a background of
black pixels.

2.1.3 PCNN segment loading with corresponding
grey levels

After extracting the pixels defining the segments,
we load the PCNN segment pixels with
corresponding grey levels.

2.2 Feature selection

2.2.1 Principal Component Analysis (PCA)

We have used Principal Component Analysis (PCA)
as a first feature selection stage. Principal
Component Analysis (PCA) is a statistical technique
for optimal dimensionality reduction under least
square sense that provides an orthogonal basis
vector space to represent original data [18]. This
technique searches for directions in the data that
have largest variance and subsequently project the
data onto it. We have applied PCA to transform the
initially taken thermal image of S=pxq pixels
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corresponding to an S-dimensional space into a
reduced m-dimensional space.

2.2.2 Linear Discriminant Analysis (LDA)

The second feature selection step corresponds to
Linear Discriminant Analysis (LDA) [18]. By this
technique we have performed a new dimensionality
reduction from m to m’, but opposite to PCA, by
LDA we have taken into account the labels of the
data belonging to the training set in order to increase
the class separability.

2.3 SVM classification

We have chosen the Support Vector Machine
(SVM) to classify the input PCNN grey level
segments into two categories: sober and drunk.
SVM classifies data with two class labels by
determining a set of support vectors that belong to
the set of training inputs that outline a hyperplane in
the feature space. SVM provides a generic
mechanism that fits the hyperplane surface to the
training data using a kernel function. We have
considered several kernel function (e.g. linear,
polynomial, or radial basis function (RBF)) for the
SVM during the training process that selects support
vectors. For a parametric kernel such as RBF, we
have also scanned a large range of values of its
parameter (gamma /spread).

3 Experimental Results

3.1 Thermal image dataset for drunkenness
diagnose

For experimental evaluation, we have built a
thermal infrared facial image dataset for inebriation
diagnose. Any picture has been taken using a FLIR
ThermaCAM B2 camera and it corresponds to the
resolution of 160 x120 pixels with the wave range
of 7.5-13 um. The thermal database contains 400
images, corresponding to J=10 subjects. The thermal
images of each subject have been acquired both for
sober condition and also for inebriation condition
obtained after 30 minutes since the person drank
100 ml amount of whisky (with 40 degrees of
alcohol). Each subject is represented by 40 images,
20 images for the “sober‘ condition and the other
20 for “drunkenness” condition. For each of the
sober/drunk subject condition, we have considered
half of the images for optimizing the parameters of
the PCNN segmentation model using fitness function
of the genetic algorithm and other half of the images
are used for training and testing (validation) the SVM
classifier for drunkenness diagnose.
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We have chosen a procedure of subject
independent drunkenness recognition using SVM
classification that implies building datasets for each
of the J=10 subjects. For the subject of index “i”, we
have built the dataset DSi, where i = (1,...,]); each
set DSi is split into two sub-sets:

— LDSi — the learning dataset for the subject “1”; it
is created using (J-1) pictures of the other
persons from the dataset, and has a size of k x (J-
1) x M pictures; k is the number of images for
each of the M=2 drunkenness conditions
(sober/drunk); for our database, we have
considered k=10, leading to the number of 180
images for any LDSi

— TDSi — the test (validation) dataset for the subject
“1” consisting of k x M pictures of the person
leading to the number of 20 images for any TDSi.

[333 1}
1 >

3.2 Performance evaluation

We have considered the following performances to

evaluate the proposed model:

— TPi = true positives = drunkenness correctly
detected for subject “i” (drumk images
diagnosed as drunk)

— TNi = true negatives = soberness correctly
detected for subject “i” (sober images
diagnosed as sober)

— FPi = false positives = sober images of subject
“” diagnosed as drunk

— FNi = false negatives=drunk images for subject
“1” diagnosed as sober (for i=1,...,10)

— Overal Accuracy:

0Ai= 100 x (TPi + TNi)/(TPi + TNi + FPi + FNi) (6)

— False Alarm Rate:

FARi = 100 x (FPi)/(TNi + FNi) @)
— Miss Alarm Rate:
MARi = 100 x (FNi)/(TPi + FNi) ®)

We have also computed the global performances
indices OA, FAR, MAR, by averaging the indices
defined by relations (6), (7), (8) over all the J=10
subjects.

3.3 Experimental performances

For the genetic algorithm used to optimize the
PCNN parameters, we have chosen the following
parameters:

— population P=150

— crossover rate=0.8

— mutation rate=0.01

— elite count=0.05

— stop generation N=50.
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In Figs. 2, 3, 4, and 5 there are shown the
processed image results of the proposed
drunkenness diagnose cascade corresponding to 4 of
10 subjects.

S
()
(b) (c)
(e) ®

@®

Fig. 2. Gabriel: (a) visible spectrum image; (b) input
thermal infrared image, sober; (c) PCNN segmented
picture (white corresponds to the segments), sober;
(d) grey level loaded PCNN extracted segments,
sober; (e) input thermal infrared image, drunk; (f)
PCNN segmented picture (white corresponds to the
segments), drunk; (g) grey level loaded PCNN
extracted segments, drunk.

®) (d)

(e) (=)

Fig. 3. Michaela: (a) visible spectrum image; (b)
input thermal infrared image, sober; (c) PCNN
segmented picture (white corresponds to the
segments), sober; (d) grey level loaded PCNN
extracted segments, sober; () input thermal infrared
image, drunk; (f) PCNN segmented picture (white
corresponds to the segments), drunk; (g) grey level
loaded PCNN extracted segments, drunk.
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Fig. 4. Adrian: (a) visible spectrum image; (b) input
thermal infrared image, sober; (c) PCNN segmented
picture (white corresponds to the segments), sober;
(d) grey level loaded PCNN extracted segments,
sober; (e) input thermal infrared image, drunk; (f)
PCNN segmented picture (white corresponds to the

segments), drunk; (g) grey level loaded PCNN
extracted segments, drunk.

(@)

Fig. 5. Cristina: (a) visible spectrum image; (b)
input thermal infrared image, sober; (c) PCNN
segmented picture (white corresponds to the
segments), sober; (d) grey level loaded PCNN
extracted segments, sober; (e) input thermal infrared
image, drunk; (f) PCNN segmented picture (white
corresponds to the segments), drunk; (g) grey level
loaded PCNN extracted segments, drunk.
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The final diagnose provided by SVM classifier
must diagnose between the pictures grey level
loaded PCNN extracted segments sober/drunk as
shown in Figs. 6 and 7.

Fig. 6. Final processed pictures to be diagnosed for
Gabriel: (a) grey level loaded PCNN extracted
segments, sober; (b) grey level loaded PCNN
extracted segments, drunk.

Fig. 7. Final processed pictures to be diagnosed for
Michaela: (a) grey level loaded PCNN extracted
segments, sober; (b) grey level loaded PCNN
extracted segments, drunk.

For the PCA feature selection stage, we have
chosen m=150 features; for the LDA feature
selection, we have selected m’=1.

The performance evaluation of the experimental
results for subject independent drunkenness
diagnose using the proposed PCNN segmentation-
based processing cascade are given in Table 1.

For comparison, we have shown in Table 2 the
results of the processing cascade without PCNN
segmentation stage (by processing the whole
thermal image).

In Tables 3 and 4 there are shown the individual
and global confusion matrices obtained by
experimenting the proposed method.
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Table 1. Performance evaluation for subject independent drunkenness diagnose
using the proposed PCNN segmentation-based processing cascade
m PCA=150; m’ LDA=1

Kernel and parameters | Link arrange n Vi=Ve| Vg |ap=ap| ag | B |OA | MAR|FAR
of SVM classifier (size of M/W | (number (%) | (%) [(%)
matrix) of PCNN
iterations)
Linear 4 3 0.1 ]031| 28 |16.6|/04 |975] 1 4
Polynomial of 2 degree 4 3 0.1 ]0.31 2.8 16.6/ 04 |97.5] 1 4
Polynomial of 3 degree 4 3 0.1 ]0.31 2.8 16.6| 04 |97.5] 1 4
Polynomial of 4 degree 4 3 0.1 ]0.31 2.8 16.6| 0.4 |97.5] 1 4
Polynomial of 5 degree 4 3 0.1 ]0.31 2.8 16.6| 0.4 |97.5] 1 4
RBF sigma=0.571 6 5 0.28 [0.63| 36.03 |2.05/3.62|97.5] 1 4
RBF sigma=1 6 5 0.28 [0.63] 36.03 |2.05]3.62|97.5] 1 4

Table 2. Performance evaluation for subject independent drunkenness diagnose
using the processing cascade without PCNN segmentation stage
(by processing the whole thermal image)
(m PCA=150; m’ LDA=1)
Kernel and parameters | OA | MAR | FAR
of SVM classifier (%) | (%) | (%)
Linear 77.5] 24% | 14%
Polynomial of 2 degree 76.5| 24% | 16%
Polynomial of 3 degree 78 | 20% | 17%
Polynomial of 4 degree 76.5] 16% | 23%
Polynomial of 5 degree 80 | 8% | 23%
RBF sigma=0.411 77 | 24% | 0%
RBF sigma=1 77.51 24% | 21%

Table 3. Confusion matrix of subject “i”” for subject independent drunkenness diagnose
using the proposed PCNN-based processing cascade
(m PCA=150; m’ LDA=1; as one can see from Table 1 the results do not depend on SVM type)

Subject index “i” 1 2 3 4
Real state of drunkenness— | sober | drunk | sober | drunk | sober | drunk | sober | drunk | sober drunk
Assigned state
{
sober 100%| 0% J100%| 0% J100%| 0% | 90% | 10% J100% | 30%
drunk 0% [100%] 0% |100%] 0% |100%] 10% | 90% | 0% | 70%
Subject index “i” 6 7 8 9 10
Real state of drunkenness — | sober | drunk | sober | drunk | sober | drunk | sober | drunk | sober | drunk
Assigned state
{
sober 100%| 0% J100%| 0% J100%| 0% J100%| 0% J100%| 0%
drunk 0% [100%] 0% [100%] 0% |100%] 0% |100%] 0% |100%

Table 4. Global confusion matrix for subject independent drunkenness diagnose
using the proposed PCNN segmentation-based processing cascade
(m PCA=150; m’ LDA=1; as one can see from Table 1 the results do not depend on SVM type)

Real state of drunkenness —

Assigned state sober | drunk
sober 99% | 4%
drunk 1% | 96%
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4 Conclusion

The proposed new thermal image analysis algorithm
for drunkenness diagnose has as a main novelty
element the application of PCNN model for thermal
image segmentation in the image processing
cascade. It also uses several modern signal
processing tools as Fisher cascade of PCA-LDA
steps for feature selection and a genetic algorithm to
optimize the parameters for the PCNN model.

We have built an original drunkenness detection
thermal image database of 400 images
corresponding to 10 subjects.

We have performed a detailed performance
evaluation taking into account the overall accuracy
(OA), missing alarm rate (MAR), false alarm rate
(FAR) and confusion matrices. The experimental
results confirm the proposed method; they do not
depend on the type and parameters of the SVM
classifier. The proposed method of thermal image
analysis cascade for inebriation detection based on
PCNN leads to very good performances as OA of
97.5% and MAR of 1%. The above scores are far
better than the best ones obtained by the reference
method using thermal imagery analysis without
PCNN segmentation, namely OA of 80% and MAR
of 8%.
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