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Abstract: Child-Robot Interaction (CRI) has become increasingly addressed in research and
applications. This work proposes a system for emotion recognition in children, recording facial
images by both visual (RGB—red, green and blue) and Infrared Thermal Imaging (IRTI) cameras.
For this purpose, the Viola-Jones algorithm is used on color images to detect facial regions of
interest (ROIs), which are transferred to the thermal camera plane by multiplying a homography
matrix obtained through the calibration process of the camera system. As a novelty, we propose to
compute the error probability for each ROI located over thermal images, using a reference frame
manually marked by a trained expert, in order to choose that ROI better placed according to the
expert criteria. Then, this selected ROI is used to relocate the other ROIs, increasing the concordance
with respect to the reference manual annotations. Afterwards, other methods for feature extraction,
dimensionality reduction through Principal Component Analysis (PCA) and pattern classification
by Linear Discriminant Analysis (LDA) are applied to infer emotions. The results show that our
approach for ROI locations may track facial landmarks with significant low errors with respect to
the traditional Viola-Jones algorithm. These ROIs have shown to be relevant for recognition of five
emotions, specifically disgust, fear, happiness, sadness, and surprise, with our recognition system
based on PCA and LDA achieving mean accuracy (ACC) and Kappa values of 85.75% and 81.84%,
respectively. As a second stage, the proposed recognition system was trained with a dataset of thermal
images, collected on 28 typically developing children, in order to infer one of five basic emotions
(disgust, fear, happiness, sadness, and surprise) during a child-robot interaction. The results show that
our system can be integrated to a social robot to infer child emotions during a child-robot interaction.

Keywords: Viola-Jones; facial emotion recognition; facial expression recognition; facial detection;
facial landmarks; infrared thermal imaging; homography matrix; socially assistive robot
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1. Introduction

Child-Robot Interaction (CRI) is a subfield of Human-Robot Interaction (HRI) [1], which is defined
as the interaction between humans and robotic systems. Inside the several possibilities of HRI and CRI,
socially assistive robots are being used as a therapy-aid tool for children with Autism [2,3]. One feature
that could improve this interaction is the ability of recognizing emotions, which can be used to provide
a better CRI. For instance, children with autism spectrum disorder (ASD) tend to lack the ability of
emotion display, thus, the robots should rely on involuntary biological signals measurements, such as
skin thermography [4–6].

The face is a region of the body that has a high response to emotions, and the facial thermal print
changes may be linked to the child emotion. Thus, this feature can be a useful parameter to be applied in
a CRI, since this biological signal is not voluntary and not easily mutable [7]. Due to this feature, recent
studies are focused on facial detection and thermography to evaluate emotion expressions in affective
computing [8–10]. Moreover, it is a more comfortable and unobtrusive technique to evaluate emotions,
since no sensor touching the child is needed, such as electrodes used in electroencephalography and
electrocardiography [8,11,12].

A conventional system for facial emotion recognition is composed of the following three main
stages: face and facial component detection, computation of various spatial and temporal features,
and emotion classification [10]. Then, the first stage for face detection over an input image, and
consequently to locate facial components (such as eyes, nose, and mouth) or landmarks of interest,
is a crucial task and still a challenge. In fact, to accurately discriminate emotions, it is necessary to
apply geometric or appearance features based methods [10,13–15], being the latter the most popular,
due to its superior performance [16]. On the other hand, Facial Landmarks (FL) should be used to
locate salient points of facial regions, such as the end of the nose, ends of the eye brows, and the
mouth [10,16].

Many studies have demonstrated that dividing the face into specific regions for facial feature
extraction can improve the performance during emotion recognition [17–29]. However, this strategy
may be affected by improper face alignment. Moreover, other works based on learning [30,31] for
feature extraction from specific face regions have been proposed to locate those facial regions with
higher contribution for emotion recognition. Nevertheless, these approaches are difficult to be extended
as a generic system, due to the fact that positions and sizes of the facial patches vary according to the
training data.

It is worth commenting that studies using thermal cameras for emotion recognition have shown
promising results, but low-cost thermal cameras typically present a poor resolution, making it difficult
to accurately detect facial regions by applying conventional methods as the Viola-Jones algorithm,
widely used on visual images [15,32].

Then, we hypothesized that a low-cost system for simultaneous capture of both visual and
thermal cameras may increase the accuracy for locations of specific facial regions of interest (ROIs)
over faces, and consequently improve the feature extraction, increasing the emotion discrimination.
This way, we consider an alternative few-explored, which is to firstly apply Viola-Jones algorithm on
the visual image to locate desired ROIs, and after transferring it for its corresponding thermal image,
but including as a last stage a method for ROI location correction based on error probability, taking
into account manual annotations of a trained expert over a reference frame.

Thus, the goal of this work is to propose a system able to detect facial ROIs for five emotions
(disgust, fear, happiness, sadness, and surprise) in typically developing children during an interaction
with a social robot (as an affective stimulus). In this study, our low-cost camera system allows obtaining
pairs of synchronized images for detecting ROIs in the visual image using the Viola-Jones algorithm as
a first stage, and then, transferring these ROIs to the corresponding thermal camera frame through a
homography matrix. As the main novelty, we introduced here a new way to accurately improve the
ROI locations after applying both Viola-Jones and homography transform. This approach computes
the error probability to automatically find that ROI located over thermal images, which is better placed
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according to manual annotations of a trained expert. This ROI of highest probability (with lowest
location error) is latter used to relocate other ROIs, improving the overall accuracy. Then, better
appearance features can be extracted, in order to increase the emotion discrimination by our proposed
recognition system. Similarly, this method may be extended to other studies aiming to accurately
locate ROIs over facial thermal images, which are physiologically relevant, such as described in [17,21],
allowing to understand phenomena linked to behaviours, emotions, stress, human interactions, among
others. As a relevance of this work, our system is capable of detecting ROIs on the child’s face,
which has neurophysiological importance for emotion recognition through thermal images recorded
in an unobtrusive way. Additionally, methods for feature extraction and dimensionality reduction are
applied on specific ROIs for emotion recognition using Linear Discriminant Analysis (LDA). As another
highlight, a set of visual and thermal images is acquired in an atypical context in which a social robot
is used as an emotional stimulus in an interaction with children, in order to test the proposed system
for specific ROIs detection and emotion recognition. For our knowledge, this type of approach has not
been explored in other studies.

This work is structured as follows. Section 2 presents a description of several works of the
state-of-the-art. Section 3 presents a system for image acquisition, in addition to a proposal based on
the Viola-Jones algorithm and error probability for facial ROI location. Moreover, the experimental
protocol and methods for feature extraction, dimensionality reduction, and classification are described.
Section 4 presents the experimental findings about the automatic method for ROI placement and
children’s emotion recognition during the interaction with the robot. Afterwards, Section 5 presents the
findings of this work and compare them to previous studies, summarizing also its main contributions
and limitations. Finally, Section 6 presents the Conclusion and Future Works.

2. Related Works

Many research to recognize facial emotion by contact-free strategies have proposed automatic
methods for both face and facial ROI detection over visual and thermal images, as constructing an
effective face representation from images is a crucial step for successful automatic facial action analysis,
in order to recognize facial emotions. In this field, there is the Facial Action Coding System (FACS),
which is a taxonomy of human facial expressions designed to facilitate human annotation of facial
behaviour [9,14,33]. For instance, a total of 32 atomic facial muscle actions, termed Action Units
(AUs), and 14 additional descriptors related to miscellaneous actions are specified, which are widely
used by automatic methods to locate facial landmarks and ROIs. These regions are used by methods
based on geometric [9,10,15] and appearance features to discriminate emotions [9,14]. Appearance
representations use textural information by considering the intensity value of the pixels, whereas
geometric representations ignore texture and describe shape explicitly [9,14,15]. Here, we focused
our revision of the state-of-the-art on approaches using only appearance features on the target face,
which are generally computed by dividing the face region into regular grid (holistic representation).
Appearance features can be obtained to encode low or high-level information. For example, low-level
information can be encoded through low-level histograms that are computationally simple and ideal for
real-time applications, Gabor representations, data-driven representations by applying bag-of-words,
among others. Furthermore, higher level of information can be encoded through Non-Negative Matrix
Factorization (NMF) [9]. However, the effectiveness of the feature extraction to increase the emotion
discrimination may be affected by several factors, such as head-pose variations, illumination variations,
face registration, occlusions, among others [9].

In [16] the authors used the Haar classifier for face detection, which is widely applied, due to its
high detection accuracy and real time performance [32]. They extracted appearance features from the
global face region by applying Local Binary Pattern (LBP) histogram that take care of minor changes of
facial expression for different emotions [9,34], followed by Principal Component Analysis (PCA) for
dimensionality reduction, to improve the speed of computation in real time during six emotions (anger,
disgust, fear, happiness, sadness, and surprise). This approach is customizable person to person, and
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achieved an accuracy (ACC) of 97%. It is worth mentioning that unlike a global-feature-based approach,
different face regions have different levels of importance for emotion recognition [17]. For example,
the eyes and mouth contain more information than the forehead and cheek. Notice that LBP has been
widely used in many research of emotion recognition. Refer to Ref. [34] for a comprehensive study
about methods based on LBP for emotion recognition.

Another study [14] used specific regions for appearance feature extraction by dividing the entire
face region into domain-specific local regions, using the landmark detection method presented in
Ref. [35] that uses ensemble of regression trees. These authors used facial point locations to define
a set of 29 face regions covering the whole face, which was based on expert knowledge regarding
face geometry and AU-specific facial muscle contractions, such as shown in Ref. [33]. Ensemble of
regression trees are used to estimate the face landmark locations directly from a sparse subset of pixel
intensities, achieving super-real-time performance with high quality predictions. Similarly, they used
LPB descriptor for appearance feature extraction, achieving an ACC of 93.60% after applying Support
Vector Machine (SVM) with Radial Basic Function (RBF) kernel.

In Ref. [36], a comparative study of methods for feature extraction, such as Kernel Discriminant
Isometric Mapping (KDIsomap), PCA, Linear Discriminant Analysis (LDA), Kernel Principal
Component Analysis (KPCA), Kernel Linear Discriminant Analysis (KLDA), and Kernel Isometric
Mapping (KIsomap) was conducted, achieving the best performance (ACC of 81.59% on the JAFFE
database, and 94.88% on the Cohn-Kanade database) for KDIsomap during seven emotions (anger,
joy, sadness, neutral, surprise, disgust and fear), but without significant difference compared with
other approaches. Here, the authors used the well-known Viola-Jones algorithm to detect the face [32],
which is suitable for real-time applications. This method uses a cascade of classifiers by employing
Haar-wavelet features, which usually use the eye position detected in the face region to align the other
detected face regions.

In Ref. [37] the authors propose the Central Symmetric Local Gradient Coding (CS-LGC) algorithm
to define the neighborhood as a 5× 5 grid, using the concept of center symmetry to extract the gradient
information in four directions (horizontal, vertical, and two diagonals) for feature extraction over
target pixels more representative. Afterwards, they also applied PCA for dimensionality reduction,
followed by the Extreme Learning Machine (ELM) algorithm. The evaluation of this approach was
conducted through JAFFE and Cohn-Kanade databases, which contain grayscale visual images related
to the following emotions: anger, disgust, fear, happiness, neutral, sadness and surprise. Accuracies of
98.33% and 95.24% for Cohn-Kanade and JAFFE were obtained, respectively, being relatively better
compared with other operators for feature extraction, such as LBP.

Several studies for emotion recognition have been conducted with two kinds of camera (one
visual and another infrared), such as in Ref. [20]. Those authors proposed a fusion scheme by applying
PCA over both thermal and visual faces for feature extraction, and k-nearest neighbors to recognize
two classes (surprised and laughing) with mean ACC of 75%. Additionally, in Ref. [23] a comparison
for emotion recognition using visual and infrared cameras was carried out and four typical methods,
including PCA, PCA plus LDA, Active Appearance Model (AAM), and AAM-based plus LDA were
used on visual images for feature extraction, whereas PCA and PCA plus LDA were applied on
infrared thermal images using four ROIs (forehead, nose, mouth, and cheeks). These authors used
k-nearest neighbors to recognize six emotions (sadness, anger, surprise, fear, happiness, and disgust).
It is worth mentioning that the eye locations over the thermal were manually performed for those
authors, which latter were used to locate the aforementioned four ROIs. In Ref. [22] an interesting
approach using both kinds of camera was addressed, including the use of eyeglasses, which are opaque
to the thermal camera, but visible to the visual camera.

Another interesting work shows that infrared and visual cameras can be combined into a
multi-modal sensor system to recognize fear [24], through electroencephalogram (EEG) signals, eye
blinking rate, and facial temperature while the user watched a horror movie. An Adaptive Boosting
(AdaBoost) algorithm was used to detect the face region, and a geometric transform to make the
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coordinates of the two images (visible-light and thermal) coincident was used. Similarly, other study
was conducted on Post traumatic Stress disorder (PTSD) patients to infer fear through visual and
thermal images [38]. In Ref. [39], an algorithm for automatic determination of the head center in
thermograms was proposed, which has demonstrated to be sensitive to the head rotation or position.
In Ref. [40], the authors proposed an unsupervised Local and Global feature extraction for facial
emotion recognition through thermal images. For this purpose, they used a bimodal threshold to
locate the face for feature extraction by PCA, after applying a method based on clustering to detect
points of interest; for facial expression classification, a Support Vector Machine Committee was used.
In Ref. [17], the face was extracted on thermal images after applying both median and Gaussian filters
with further binarization to convert the gray scale image into pure black and white, and removing
small sets of non-connected pixels to enhance the image quality. Afterwards, appearance features were
extracted on defined ROIs over the thermal images, followed by Fast Neighbourhood Component
Analysis (FNCA) and LDA for feature selection and recognition of five emotions, respectively.

More details about different methods for feature extraction, dimensionality reduction, feature
selection, and classification can be reviewed in some studies [37] and also in extensive reviews, such as
in Refs. [9,10].

The next section presents our proposed system for five emotions recognition, which allows
accurately locating facial ROIs over thermal images, improving the appearance feature extraction.

3. Materials and Methods

3.1. Experimental Procedure

Seventeen typically developing children, 9 boys and 8 girls (aged between 8 and 12 years)
participated in this study, who were recruited from elementary schools in Vitoria-Brazil. All had
their parents’ permission, through signatures of Terms of Free and Informed Consent. In addition,
children signed a Term of Assent, informing their wish in participating. This study was approved by
the Ethics Committee of Federal University of Espirito Santo (UFES)/Brazil, under number 1,121,638.
The experiments were conducted in a room within the children’s school environment, where the room
temperature was kept between 20 ◦C and 24 ◦C, using a constant luminous intensity, such as done by
Ref. [39].

A mobile social robot (see Figure 1b), called N-MARIA (New-Mobile Autonomous Robot
for Interaction with Autistics), built at UFES/Brazil to assist children during social relationship
rehabilitation, was used in our research. This robot has attached a camera system to record facial
images during interaction with children. More details about N-MARIA are given in Section 3.2.1.

The experiment was conducted in three phases, as follows. First, N-MARIA was initially covered
at the room with a black sheet, except its attached camera system, that was turned on to record visual
and thermal images of the frontal view with sampling rate at 2 fps, for further processing. Afterwards,
the child was invited to enter the room, and sit comfortably for explanations about the general activities
related to the experiment, being conditioned to a relaxed state for a period of time minimum of 10 min,
in order to adapt her/his body to the temperature of the room, allowing her/his skin temperature
to stabilize for baseline recordings, according to similar studies carried out in Refs. [21,41]. Once
they had completed the relaxation period, the child was placed in front of the covered robot about
70 cm away from it, remaining in standing position. Immediately, recordings of the child face by the
camera system were carried out for a period of one minute with the robot covered, one minute with the
robot uncovered, and three minutes of interaction with the robot. After, the child spent two minutes
answering a questionnaire about the experiment.
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Figure 1. Experimental setup showing the child-robot interaction. (a) Before showing the robot;
(b) After presenting it.

The first part of the recording (robot covered) corresponds to the experimental stage, called
Baseline, whereas the next stage, presenting the uncovered robot is called Test. Before the robot is
uncovered, the child was asked to permanently look forward without sudden facial movements or
touching the face, avoiding any facial obstruction during video recordings.

After the removal of the black sheet that covered the robot, the first dialogue (self-presentation)
of the robot was started. In addition to the self-introduction to the child, prompt dialogues during
the experiment were related to questions, positive reinforcement and invitations. In the interaction
with the child, that lasted two minutes, the child was encouraged to make communication and tactile
interaction with the robot. At the end of the experiment, the child was again invited to sit and answer a
structured interview about her/his feelings before and after seeing the robot, and also about the robot
structure (if the child liked it, what she/he liked more, and what the child would change about it).

3.2. Contact-Free Emotion Recognition

Figure 2 shows the proposed contact-free system for emotion recognition, which is composed of
the following four steps: (a) camera calibration; (b) image acquisition and automatic ROI detection;
(c) ROI replacement; (d) feature extraction followed by the dimensionality reduction and emotion
classification.

Figure 2a shows a first stage to calibrate the camera system by obtaining a homography matrix to
map the pixels of the visual camera image into the thermal camera image, considering the relative
fixed position between the two cameras. Also, another process is performed to obtain a frame that
contains intrinsic noise of the infrared sensor, which is latter used in a second stage (Figure 2b) to
remove the sensor noise (inherent to the camera) over the current thermal image captured. In this
second stage, the image acquisition process is carried out taking synchronous images from both visual
and infrared cameras, which are pre-processed to enhance the automatic facial ROIs detection by
applying the Viola-Jones algorithm on the visual image. Then, the ROIs placed on the visual image are
projected into the thermal image using the homography matrix. As a third stage, manual annotations
by a trained expert over a reference frame are used to accurately relocate the ROIs by applying our
approach based on errors of probability, such as shown in Figure 2c. Afterwards, feature vectors
related to thermal variations are computed on the detected ROIs, and after reduced by applying PCA
for dimensionality reduction for five emotion recognition in a last stage by LDA. More details about
the proposed recognition system are given in the next subsections.
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Figure 2. Overview of the proposed system for emotion recognition during a child-robot interaction.
(a) Camera calibration; (b) image acquisition and automatic region of interest (ROI) detection; (c) ROI
replacement; (d) feature extraction followed by the dimensionality reduction and emotion classification.

3.2.1. Camera System and N-MARIA

The camera system composed of both visual and thermal cameras was attached to the head of the
social robot, such as shown in Figure 3. These two cameras were fixed so that both had approximately
the same visual field. To capture thermal variations, a low-cost camera (Therm-App R©) was used,
which has spatial resolution of 384× 288 ppi, frame rate at 8.7 Hz and temperature sensitivity <0.07 ◦C.
The normalization of the thermal images acquired in gray scale consisted of a brightness rate ranging
from 0 to 255, where darker pixels correspond to lower temperatures, and lighter pixels correspond to
higher temperatures. Moreover, a C270 HD Webcam (Logitech) was used to obtain visual images in
RGB format, with a resolution of 1.2 MP.

Figure 3. N-MARIA (New-Mobile Robot for Interaction with Autistics) developed at Federal University
of Espirito Santo (UFES)/Brazil.

The robot was built 1.41 m tall, considering the standard height of 9–10-year-old children.
Additionally, soft malleable materials were used on the robot’s structure for protection of both children
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and internal robot devices. The Pioneer 3-DX mobile platform was responsible by locomotion, a 360◦

laser sensor was used to locate the child in the environment, and a tablet was used as the robot face to
display seven dynamic facial expressions during the robot-child interaction. Those expressions could
also be remotely controlled through another tablet by the therapist, who could also control the robot
behavior, expressions and dialogues emitted by the speakers.

3.2.2. Camera Calibration

The camera calibration is done through a synchronous acquisition between visual and thermal
images, and using a chessboard built with aluminum and electrical tape positioned in several possible
angles. Then, the images obtained are processed with OpenCV calibration software [42], which uses
Direct Linear Transform (DLT) to return a homography matrix [43], allowing transformation of points
from the visual image to the thermal image in a robust way [32]. It is worth mentioning that there is
not a homography matrix matching exactly points in all regions of the face (as they are not in the same
plane), but the matrix obtained by DLT is used as an efficient approximation.

Also, other procedure to remove the intrinsic thermal noise of infrared sensors is carried out [44],
which increases the quality of thermal images by correcting undesirable offsets. For that, a reference of
an object with uniform body temperature covering the visual field of the thermal camera is recorded,
which contains the intrinsic noise of the infrared sensor. Thus, it was expected to have a frame with the
same brightness for all pixels, however, that did not occur. Thus, the frame with the intrinsic sensor
noise was used in the pre-processing stage to eliminate the thermal noise, such as described in the
next section.

3.2.3. Image Acquisition and Pre-Processing

The thermal camera has maximum acquisition capacity of 8.7 fps whereas the visual camera has
maximum capacity of 30 fps. Thus, to obtain temporal consistency, both visual and thermal images
were simultaneously recorded with a sampling rate of 2 fps, which was suitable for our purposes.

During acquisition, the frame with the intrinsic sensor noise obtained in the Calibration stage was
used to remove the intrinsic thermal noise of the current image acquired by subtracting pixel to pixel.
Finally, a median filter was used to reduce salt and pepper noise from the thermal image.

3.2.4. Face Landmark Detection

An automatic method was proposed here for face landmark detection over a given set of frames
(I = {i1, i2, . . . , ib, . . . , iB}), taking as reference annotated ROIs by a trained expert on the frame
iA(b = A), such as shown in Figure 4. It is possible to observe that these manual annotations were
located on eleven ROIs (RA = {R1

A, R2
A, . . . , Rk

A, . . . , R11
A }) of thermal images, taking into account the

relevance of these ROIs in other studies for facial emotion recognition [17,21]. Here, the facial ROI
sizes were computed in the same way as in Refs. [17,18,21], using the width of the head ROI and the
following defined proportions [18]: 6.49% for nose, 14.28% for forehead, 3.24% for periorbital region,
9.74% for cheek, 3.24% for perinasal region, and 5.19% for chin [17].
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Figure 4. Facial ROIs. R1, right forehead side; R2, left forehead side; R3, right periorbital side; R4, left
periorbital side; R5, tip of nose; R6, right cheek; R7, left cheek; R8, right perinasal side; R9, left perinasal
side; R10, right chin side; R11, left chin side.

3.2.5. Automatic ROI Detection

Infrared images are more blurred than color images [23], therefore the ROI detection over thermal
images of low-cost cameras is a challenge. For this reason, the well-known Viola-Jones algorithm [32]
was used on color images for head detection and other facial regions, such as nose and eyes [17,21,32].
Then, these initial detected regions were used as references to automatically locate eleven ROIs within
the face (see Table 1), namely the nose, both sides of forehead, cheeks, chin, periorbital area (close to
the eyes) and perinasal area (bottom of the nose).

Table 1. Reference ROIs used to locate face landmarks over a frame ib.

Reference ROIs Located ROIs

Head R1
b, R2

b, R10
b , R11

b

Eyes R1
b, R2

b, R6
b, R7

b, R8
b, R9

b

Nose R3
b, R4

b, R5
b, R10

b , R11
b

R1
b , right forehead side; R2

b , left forehead side; R3
b , right periorbital side; R4

b , left periorbital side; R5
b , tip of

nose; R6
b , right cheek; R7

b , left cheek; R8
b , right perinasal side; R9

b , left perinasal side; R10
b , right chin side; R11

b ,
left chin side.

In our study, the facial ROI sizes were also computed using the width of the head, and the
aforementioned proportions [17,18,21]. Additionally, the facial ROIs were spatially placed, taking
as reference the expert annotation. Afterwards, the corresponding facial ROIs were projected on
the thermal image through the aforementioned transformation using a homography matrix (see
Section 3.2.2), such as shown in Figure 4. Here, the ROI set of a thermal frame b is defined by
Rb = {R0

b, R1
b, . . . , Rk

b, . . . , R11
b }, being R0

b the head ROI, and Rk
b for k = 1 to 11 the facial ROIs. Notice

that Rk
b is described by several pixels Rij for a range from 0 to 255 (gray scale of 8 bits).

Figure 2b,c show our proposal to accurately locate facial ROIs, formed by the following two-stages:
(1) automatic ROI detection and (2) ROI placement correction.

3.2.6. ROI Location Correction

A new method is proposed here to correct with accuracy the detected ROIs by the Viola-Jones
algorithm, taking into account all pre-defined ROIs positions, which were manually annotated on a
first frame by a trained expert.
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Let Rk
b be an automatic detected ROI over the thermal frame ib that presents a coordinate Ck

b =

(Ck
bx, Ck

by) at the left upper corner, which corresponds to Rk
A (annotated ROI over iA) with coordinate

Ck
A = (Ck

Ax, Ck
Ay) at the left upper corner too. Then, two probabilities pk

bx and pk
by can be calculated for

Rk
b, taking into account the expert annotation, such as described in Equations (1) and (2). These pk

bx and
pk

by values are computed in relation to x and y, respectively. They take values closer to 1 if Rk
b location

highly agrees with the manual annotation of the trained expert, which are shown in Equations (1)
and (2). Notice that Rk

b is automatically obtained by applying the Viola-Jones algorithm, fixing defined
proportions (see Section 3.2.4).

pk
bx =

exp (−|C
k
bx

Wb
− Ck

Ax
WA
|)

11

∑
i=1

exp (−|
Ci

bx
Wb
−

Ci
Ax

WA
|)

, (1)

pk
by =

exp (−|
Ck

by
Hb
−

Ck
Ay

HA
|)

11

∑
i=1

exp (−|
Ci

by

Hb
−

Ci
Ay

HA
|)

, (2)

pk
b = min

{
pk

bx, pk
by

}
, (3)

where k refers to the current facial ROI for analysis, taking values from 1 to 11; Wb and Hb are the
width and height of R0

b (head ROI for ib), respectively; WA and HA are the width and height of R0
A

(head ROI for iA); pk
bx and pk

by are the probabilities that Rk
b were correctly located on ib regarding the

trained expert annotation, in relation to x and y axes, respectively.
Finally, Rk

b (for which Ck
b is denoted as Cre f

b ) of lower probability pk
b is selected as a reference to

correct the location for the other ROIs, using Equations (4) and (5). It is worth mentioning that Cre f
A

notation is used for the annotated frame iA.

Ck′
bx =

Cre f
bx + (Ck

Ax − Cre f
Ax )

W
, (4)

Ck′
by =

Cre f
by + (Ck

Ay − Cre f
Ay )

H
, (5)

where Ck′
b = (Ck′

bx, Ck′
by) is the coordinate of the left upper corner for Rk

b relocated.

3.2.7. Feature Extraction

Given a thermal frame ib formed by a set of ROIs, Rb = {R1
b, R2

b, . . . , Rk
b, . . . , RK

b }, being K = 11
the total number of ROIs, it is possible to extract from Rb a feature vector Fb = {f1

b, f2
b, . . . , fk

b, . . . , fK
b }

that describes a pattern related to an emotion, being fk
b = { f k

b1, f k
b2, ..., f k

b14} features of Rk
b. Table 2

presents the features adopted in our study, which agree with [17].
Rk

b is the current ROI for feature extraction, Rk
b is the average value of Rk

b, σ2k
b is the variance of

Rk
b, and f k

b(c+7) for c equal 1 to 7 are other seven features corresponding to the difference of computed
features throughout consecutive frames. So we have eleven ROIs (see Figure 4), and 14 features for
each of them. This gives a set of 154 features per frame.
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Table 2. Features computed in each ROI.

Features Equations

1. Mean value of the whole ROI f k
bc = Rk

b = 1
m·n

m

∑
i=1

n

∑
j=1

Rij , c = 1

2. Variance form the whole ROI, organized in a vector f k
bc = σ2k

b = 1
(m·n)−1

m

∑
i=1

n

∑
j=1

(
Rij −Rk

b

)2
, c = 2

3. Median of the whole ROI, organized as a vector f k
bc = median(Rk

b) , c = 3

4. Mean of variance values in rows f k
bc =

1
m

m

∑
i=1

1
n− 1

n

∑
j=1

(
Rij −Rk

bi

)2
, c = 4

5. Mean of median values in rows f k
bc =

1
m

m

∑
i=1

median(Rk
bi) , c = 5

6. Mean of variance values in columns f k
bc =

1
n

n

∑
j=1

1
m− 1

m

∑
i=1

(
Rij −Rk

bj

)2
, c = 6

7. Mean of median values in columns f k
bc =

1
n

n

∑
j=1

median(Rk
bj) , c = 7

8. Difference from each item in consecutive frames f k
b(c+7) = f k

bc − f k
(b−1)c , c = 1, 2, . . . , 7

3.2.8. Dimensionality Reduction and Emotion Classification

Let T = (F1, y1), (F2, y2), . . . , (Fb, yb), . . . , (Fn, yn) be the training set, where n is the number of
samples, and Fi is a d-dimensional feature vector with class label yb ∈ 1, 2, . . . , 5. PCA method based
on Single Value Decomposition [9,16,20,23,36] is applied on Fi to obtain the principal component
coefficients, which are used in both training and validation sets to reduce the set of 154 features,
in order to allow a robust and fast emotion recognition. As advantages, PCA is few sensitive to different
training sets, and it can outperform other methods as LDA when the training set is small [45]. This
method has been successfully used in many studies to represent, in lower dimensional subspace, the
high dimensional feature vectors, which are obtained by applying appearance-based methods [16,23].
It is worth mentioning that before applying PCA in our study, the feature vectors of the training set
were normalized using both mean and standard deviation values as reference. Then, the validation
was normalized using the same reference values (mean and standard deviation) obtained from the
training set.

Some classifiers, such as LDA [17,23,46] and Quadratic Discriminant Analysis (QDA) [12,47] by
applying full and diagonal covariance matrices, as well as other three classifiers, such as Mahalanobis
discrimination [12,48], Naives Bayes [49], and Linear Support Vector Machine (LSVM) [12,14,50] are
used in our study to assign objects to one of several emotion classes based on a feature set.

3.3. Statistical Evaluation

From images recorded during both moments of the experiment (Baseline and Test), a set of 220
thermography frames randomly selected from 11 children was annotated by a trained expert, selecting
the ROIs defined in Figure 4. These annotated images were used as reference to evaluate, through
Euclidean distances (see Equation (6)), the accuracy and precision of both Viola-Jones without ROI
relocation, and Viola-Jones applying our ROI relocation algorithm.

D =
√
(Ax −Mx)2 + (Ay −My)2, (6)

where (Ax, Ay) is the coordinate obtained by the automatic method, and (Mx, My) is the coordinate
obtained by the manual method. When D is close to zero, that means high accuracy.

The statistical analysis used for comparison between both approaches for each ROI was the
Wilcoxon Signed Rank Test for zero median.
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In order to evaluate our proposed system for emotion recognition, a published database (available
in the supporting information of [17] at the website —Available at https://journals.plos.org/plosone/
article?id=10.1371/journal.pone.0212928) was used, which is formed by feature vectors labeled as the
following five emotions: disgust, fear, happiness, sadness and surprise. This database was collected
on 28 typically developing children (age: 7–11 years) by an infrared thermal camera [17]. It is worth
noting that this database was also created with children of similar age range, using the same thermal
camera and feature set (a total of 154 features) described in our study (see Sections 3.1, 3.2.2 and 3.2.7),
and computing this feature set over the ROIs defined on Figure 4. Notice that the correct locations of
these ROIs were visually inspected by a trained expert. For this reason, it was possible to compare the
recognition system using one of the following methods: PCA for dimensionality reduction and Fast
Neighbor Component Analysis (FNCA) [17] for feature selection. Here, the training and validation
sets were chosen for several runs of cross-validation (k f old = 3), and metrics such as accuracy (ACC),
Kappa, true positive rate (TPR), and false positive rate (FPR) were used [51].

On the other hand, this published database was used to train our proposed system based on PCA,
but only using data collected from those children that presented ACC higher than 85% during the
emotion recognition [17]. Then, our trained system was used to infer the children emotion during our
experimental protocol described in Section 3.1.

4. Results

4.1. Automatic ROI Location

The performance of the proposed method using trained expert criteria and error probability to
accurately detect face landmarks was validated on 11 children through two sets of 220 annotated
thermal frames by the trained expert, each one obtained for the following two conditions: (1) Baseline,
(2) Test (see Section 3.1). Figure 5a,b shows that our proposal significantly improved the ROI placements
regarding trained expert criteria. For both conditions, the proposed method closely agreed (errors lower
than 10 pixels) with the trained expert, although the children trended to make abrupt face movements
for the second condition, as they may have got surprised by the uncovered robot. However, the
Viola-Jones algorithm, non-assisted by the error probability, significantly disagreed with the trained
expert, such as shown in Figure 5a,b. Notice that Viola-Jones presented the highest error locating
both R10 and R11, which corresponds to the right and left chin sides, respectively. This undesirable
mistakes may have been caused by mouth movements during talking or by facial expressions, such as
happiness and surprise. As a highlight, our proposal takes into account the best located ROI, R1 or
R5 for Baseline, and R3 for Test, which reduced the location error as much as possible, such as shown
in Figure 5a,b, respectively. It is worth mentioning that our approach for ROI replacements uses the
probability error to select (taking into account the manual annotations of a trained expert) that ROI
better located during the first stage for automatic ROI locations by applying Viola-Jones. Then, this
selected ROI is used to relocate the other neighbor ROIs. Therefore, the first stage using Viola-Jones to
detect the three initial ROIs is quite decisive.

Figure 6 shows, for a child, the ROI placement using the automated Viola-Jones algorithm (green),
the recalculated algorithm (blue) and the manual placement (yellow). In Ref. [17,21], the authors
demonstrated that face regions (see Figure 4) linked to the set of branches and sub-branches of
vessels that innervate the face are decisive to study emotions, as the skin temperature variations
over these regions can be measured by IRTI. Figure 6 shows that our proposal based on probability
error can be used to supervise automatic methods for ROI locations, in order to improve the
appearance feature extraction over detected ROIs and, consequently, increase the performance during
the emotion recognition.

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0212928
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0212928
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Figure 5. Comparison between Viola-Jones (without applying ROI relocations) and Viola-Jones
applying ROI relocations, computing the mean and standard error per ROIs: (a) analysis from Baseline;
(b) analysis from Test. n.s means no significant difference (p > 0.05), while * (p < 0.05), ** (p < 0.01),
*** (p < 0.001) and >*** (p < 0.0001) indicate significant difference. R1, right forehead side; R2, left
forehead side; R3, right periorbital side; R4, left periorbital side; R5, tip of nose; R6, right cheek; R7, left
cheek; R8, right perinasal side; R9, left perinasal side; R10, right chin side; R11, left chin side.

Figure 6. Comparison between manual placement (in yellow, used as reference), Viola-Jones algorithm
(green) and Viola-Jones with our replacement algorithm (blue). Such as shown, our replacement
algorithm obtained better results than using only Viola-Jones algorithm.
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4.2. Emotion Recognition

A database with 28 typically developing children was used to analyze the performance of the
proposed system for five emotions recognition [17]. This database contains appearance feature
vectors that were computed on eleven face ROIs (see Figure 4), whose correct placements were
carefully verified by a trained expert. Then, the effectiveness of PCA plus other classifiers for five
emotions classification was evaluated here, being PCA a popular adaptive transform that under
controlled head-pose and imaging conditions may be useful to capture features of expressions
efficiently [9]. Figure 7a shows the average performance by applying PCA for different principal
components plus LDA classifier based on full covariance matrix, being 60 components sufficient
for five emotions recognition. Notice that non-significant difference (p < 0.05) using more than
60 components was achieved. Similarly, non-significant difference was obtained using PCA with
60 components plus other classifiers, such as LDA using full (Linear) or diagonal (Diag Linear)
covariance matrices, and Linear SVM, such as shown in Figure 7b. For instance, LDA using full and
diagonal covariance matrices achieved Kappa values of 81.84 ± 1.72% and 77.99 ± 1.74%, respectively,
and 78.58 ± 1.83% for Linear SVM. LDA based on full covariance matrix has low-computational
cost and can be easily embedded into the N-MARIA hardware for on-line emotion recognition
during the child-robot interaction. Moreover, PCA and LDA have been successfully used in other
similar studies [16,17,20,23,36], achieving promising results. Then, we selected PCA with 60 principal
components plus LDA based on full covariance matrix as the best setup for five emotions recognition.
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Figure 7. Performance of classification of five emotions applying principal component analysis (PCA)
for dimensionality reduction. (a) Average accuracy and Kappa obtained by applying PCA for different
principal components plus Linear Discriminant Analysis for classification; (b) average Kappa achieved
for 60 principal components plus other classifiers.

Consequently, a comparison between PCA using 60 components and FNCA was carried out to
recognize five emotions of the 28 typically developing children, using LDA based on full covariance
matrix. Figure 8 and Tables 3 and 4 show that both PCA and FNCA methods are interchangeable for
dimensionality reduction, achieving mean ACC of 85.29% and 85.75%, respectively.

Table 3. Performance of the system for five emotions recognition using FNCA plus LDA based on full
covariance matrices.

Disgust Fear Happiness Sadness Surprise

TPR (%) 90.02 ± 1.91 87.25 ± 2.37 87.55 ± 2.12 74.69 ± 2.77 86.93 ± 2.12
FPR (%) 3.07 ± 0.49 4.17 ± 0.57 4.61 ± 0.69 3.42 ± 0.78 2.93 ± 0.50

ACC (%) 85.29 ± 1.16
Kappa (%) 81.26 ± 1.46

ACC, accuracy; TPR, true positive rate; FPR, false positive rate.
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Figure 8. Performance of classification of five emotions applying principal component analysis (PCA)
and Fast Neighbourhood Component Analysis (FNCA) for dimensionality reduction.

Table 4. Performance of the proposed system for five emotions recognition using PCA with 60
components plus LDA based on full covariance matrices.

Disgust Fear Happiness Sadness Surprise

TPR (%) 89.93 ± 1.88 88.22 ± 2.38 86.36 ± 2.09 76.15 ± 2.80 87.14 ± 2.15
FPR (%) 2.80 ± 0.47 3.48 ± 0.47 5.40 ± 0.83 3.42 ± 0.81 2.42 ± 0.44

ACC (%) 85.75 ± 1.16
Kappa (%) 81.84 ± 1.46

ACC, accuracy; TPR, true positive rate; FPR, false positive rate.

It is worth noting that PCA improved the performance for subject S06 (ACC of 83.27% and Kappa
of 78.10% for PCA, and ACC of 73.11% and Kappa of 65.09% for FNCA), such as shown in Figure 8a,b.
This improvement may be consequence of the PCA robustness for feature extraction under controlled
head-pose and imaging conditions [9]. Also, notice that for subject S22 the lowest performance was
achieved by applying PCA (ACC of 49.27% and Kappa of 36.75%) and FNCA (ACC of 49.98% and
Kappa of 37.78%). However, ACC values higher than 85.74% were achieved for a total of 14 children
by applying PCA or FNCA, being the highest ACC of 99.78% for subject S26 using PCA. Labelling
feature vectors of emotion patterns is a challenge, mainly when labels are assigned over periods of time,
as some delays between both perception and manual label assignment may exist. Similarly, a visual
stimulus may produce different facial emotions, thus, the manual labeled procedure is subjective. Then,
an automatic method for feature set labelling may be suitable to obtain reliable labels and therefore a
classification model for LDA.

On the other hand, Figure 8c shows that four emotions (disgust, fear, happiness, and surprise)
were successfully recognized by applying both PCA and FNCA, achieving TPR > 85%, whereas sadness
was classified with less sensitivity (TPR of 74.69% and 76.15% for FNCA and PCA, respectively) by the
proposed system. As a highlight, low values of FPR (≤5.40%) were obtained to recognize all studied
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emotions. In general, the results achieved show that PCA and FNCA are interchangeable to obtain the
features that increase the emotion discrimination by discovering those regions that are informative
in terms of expressions [9]. Similar to other studies [52], the sadness emotion was less recognized
(ACC < 77%) than the other emotions, as each child expressed sadness in a different manner, producing
a large intra-class variability for sadness.

Many researchers [1] have conducted studies to infer facial emotions over visual images using
only three out of the six basic expressions, specifically happiness, surprise and sadness, as these
emotions are easier to be recognized for humans, and have been successfully used to generate cohesive
expressions across participants. Similarly, other studies using visual images report that the recognition
rates for expressions as fear or disgust can be very low, in a range from 40 to 50%. As a highlight,
five basic emotions were recognized by our proposed system based on infrared camera, achieving the
highest performance for both disgust (TPR of 89.93%) and fear (TPR of 88.22%), followed by happiness
(TPR of 86.36%) and surprise (TPR of 87.14%), such as shown in Figure 8c and Table 4. In agree with
other studies [17,21], our results show that thermal images are promising for facial emotion analysis
and recognition.

Similarly, this database was used as a training set of our recognition system to infer emotions on
17 children, while they firstly remained in front of N-MARIA covered by a period of time, and after
it was uncovered. Figures 9a–d and 10a,b show inferred emotions by our system for the seventeen
children during the Baseline and Test experiments, being happiness and surprise the most frequent
outputs. Emotions such as disgust, fear, and sadness were few inferred by the system, which agree
with what the children reported, such as shown in Figure 10c.
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Figure 9. Automatic emotion recognition over unknown patterns. (a,b) are inferred emotions obtained
during the Baseline phase of the experiment; (c,d) are emotion decisions achieved for the Test phase of
the experiment.
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Figure 10. Summary of children emotions before and after they saw the robot for the first time. (a) and
(b) are inferred emotions by the recognition system; (c) emotions reported by the children.

Figure 10c shows that a neutral emotion was reported by more children for N-MARIA covered,
while they felt surprise and happiness seeing N-MARIA by first time. In contrast, happiness and
surprise were slightly more inferred after having uncovered the robot for the children, which also
agreed with what the children reported. It is worth noting that emotions may vary among children
for a same visual stimulus, such as a social robot. For this reason, a single indicator for evaluation is
not sufficient to interpret accurately the responses of children to a robot while they are interacting.
Then, a questionnaire was answered by each child, reporting their emotions during both Baseline and
Test (see Section 3.1). However, self-assessments have problems with validity and corroboration, as
described in Ref. [1], as participants might report differently from how they are actually thinking or
feeling. Then, it is not trivial to attribute the children responses to their true behaviours. Similarly, the
emotion produced by each child may be conditioned, as they know that they are being observed by the
robot, parent, and the specialist conducting the experiment. Also notice that an existent database of 28
typically developing children (age: 7–11 years) was used in our study to train our proposed system to
infer one of five basic emotions (disgust, fear, happiness, sadness, surprise) produced by 17 children
during the interaction with N-MARIA. However, visual and thermal image processing may be affected
due to the quality of the input image, as it depends of the illumination conditions and the distance
between child and robot during the interaction.

5. Discussion

Several studies have been addressed to recognize some of the six accepted emotions by
psychological theory: surprise, fear, disgust, anger, happiness and sadness [10,53–55]. For instance,
facial motion and the tone of the speech have shown in recognition systems their relevant role to infer
these aforementioned emotions, achieving accuracy (ACC) from 80% to 98% [56–58] and from 70% to
75% [53,59,60], respectively. Although facial expressions provide important clues about emotions, it
is necessary to measure, by optical flow, the movements of specific facial muscles through markers
located on the face [53,57,58]. However, this non-contact free technique may not be comfortable to
study or infer emotions of children with ASD, as these children present high skin sensitivity.

Following this approach of non-contact techniques, there are some APIs (Application
Program Interface) that allow facial detection, such as the “Emotion API” from Microsoft or the
Oxford API [61,62]. Some works, alternatively, use other image processing techniques, such as finding
the region of the thermogram within a temperature range to detect the face [18]. Another approach is
to keep the face in a fixed position using a support for chin or headrest device [41,63]. Furthermore,
in Ref. [64] the authors show a solution using neural network and supervised shapes classification
methods applied to facial thermogram.

Emotion recognition systems based on IRTI have, in fact, shown promising results. Table 5 shows
some studies that use ROI replacement and further emotion analysis, although using other techniques
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in comparison with our proposal. Unfortunately, the results presented are somewhat disperse, and
it is not possible to make a fair comparison among them, due to the different pictures used in the
studies. In Ref. [18] the authors proposed techniques for selecting facial ROIs and classify emotions
using a FLIR A310 camera. To detect the face, thermogram’s temperatures between 32 ◦C to 36 ◦C
were used to define the face position. The ROIs positions were further calculated by proportions
based on the head’s width. All other temperature points were considered background. Additionally,
for emotion classification, the system was calibrated using a baseline (neutral state) that compensates
the induced emotion by applying fuzzy algorithm, and thus, calibrate the induced emotion image.
Using the baseline, the temperature is inferred by IF-THEN rules to calibrate the thermal images for
the following induced emotions: joy, disgust, anger, fear and sadness. Next, a top-down hierarchical
classifier was used to analyze the emotion classification, reaching 89.9% of success rate.

Table 5. Comparison among some strategies used to infer emotions using Infrared Thermal
Imaging (IRTI).

Studies Volunteers Age ACC (%) Summary

Cruz-Albarran
et al. [18]

25 19 to 33 89.90
Fuzzy algorithm, IF-THEN rules and top-down
hierarquical classifier. The analyzed emotions were joy,
disgust, anger, fear and sadness.

Basu et al. [13] 26 11 to 32 87.5

Histogram feature extraction and multiclass support
vector machine (SVM). The Kotani Thermal Facial
Expression database was used to detect emotions of anger,
fear, happiness, and sadness.

Nhan and Chau
[41]

12 21 to 27 80.0
Comparison between baseline and affective states. High
and low arousal and valence are compared with the
baseline.

Wang et al. [65] 38 17 to 31 62.90 Deep Boltzmann Machine to find positive or negative
valence.

Bijalwan et al. [66] 1 N/A 97.0
Model for expression recognition in thermal images.
Application of PCA for recognizing happiness, anger,
disgust, sadness and neutral emotions.

Yoshitomi et al.
[67]

1 N/A 90.0
Neural Networks and Backpropagation algorithms that
recognize emotions of happiness, surprise and neutral
state.

Kosonogov et al.
[63]

24 20 to 24 N/A

Studied tip of nose thermal variation in volunteers with
images from International Affective Picture System (IAPS)
which found that positive or negative images showed
more temperature change compared with neutral images

Vukadinovic and
Pantic [68]

200 18 to 50 N/A

Algorithm to find facial ROIs. A Viola-Jones adapted
algorithm (that applies GentleBoost instead of AdaBoost)
was used. For facial feature extraction Gabor wavelet
filter was used. No emotion classes were studied, only
the facial points for ROI detection.

Bharatharaj et al.
[62]

9 6 to 16 N/A

AMRM (indirect teaching method) was studied using
a parrot-inspired robot and the Oxford emotion API to
recognize and classify emotions in ASD children. Most of
them appeared to be happy with the robot.

Mehta et al. [61] 3 N/A 93.8%
Microsoft HoloLens (MHL) system was used to detect
emotions achieving a high accuracy to detect happiness,
sadness, anger, surprise and neutral emotions.

Our proposal 28 7 to 11 85.75%
PCA and LDA were used on our database, published in
[17], to recognize happiness, sadness, fear, surprise and
disgust.

ACC, accuracy; N/A means that the age or ACC were not reported.

The functional Infrared Thermal Imaging (fITI) was used in Refs. [21,63], which is considered to
be a promising technique to infer emotions through autonomic responses. Similarly, another study was
carried out using fITI to compare subjective ratings of displayed pictures for the volunteers [63], where
these pictures were categorized into unpleasant, neutral and pleasant. Then, while the volunteers were
watching these pictures, the authors collected the nose tip temperature (there was a chin support to
keep the face correctly located in the camera image), which is one of the most likely places to change
temperature when the person is under some kind of emotion [17]. As a result, they found that pictures
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that evoke emotions (no matter if it is a positive or a negative emotion) were more susceptible to
produce thermal variation, while the difference for the neutral images was not as great as the others.
Thus, their findings demonstrate that fITI can be a useful tool to infer emotions in humans.

Another interesting research [68] locates facial points in visual grayscale image using Gabor
features based boosted classifiers, in which the authors used an adapted version of Viola-Jones
algorithm, using GentleBoost instead of AdaBoost, to detect the face. Also, Gabor wavelet was used
for feature extraction, detecting 20 ROIs that represent the facial feature points. All this detection was
made automatically and contact-free using the iris and mouth detection. These two parts were detected
by dividing the face in two regions, and calculating proportions to find those regions (iris and mouth).
From this, all other ROIs were calculated using proportions. Their success rate was high, since the
algorithm achieved a 93% of success rate using the Cohn-Kanade database, which has expressionless
pictures of 200 people. Although Gabor wavelet transform is a representative method to extract local
features, it takes a long time and has a large feature dimension.

Another method was proposed in Ref. [65], where a deep Boltzmann machine (DBM) was applied
to recognize emotions from thermal facial images, using a previous database and with the participation
of 38 adult volunteers. Their evaluation consisted of finding the emotion valence, which could be
positive or negative, and their accuracy rate reached 62.9%. In their study, since the face and the
background have different temperatures, they were split by applying the Otsu threshold algorithm in
order to binarize images. Then, the projection curves (both vertical and horizontal) were calculated to
find the largest gradient and detect the face boundary.

Additionally, a model for expression recognition using thermal images of an adult volunteer was
applied in Ref. [66]. These authors used eigenfaces for feature extraction of the volunteer’s facial
images through PCA to recognize five emotions (happiness, anger, disgust, sad and neutral). As a
highlight, that proposal reached an accuracy close to 97%, in which work, they applied eigenvalues
and eigenfaces, trained the system with a set of images, used PCA to reduce the dimensionality, and
distance classifier to recognize the emotion.

In Ref. [13], authors were able to achieve 81.95% of accuracy using histogram feature extraction
combined with multiclass SVM over thermal images of 22 volunteers in the Kotani Thermal Facial
Expression (KTFE) database, and four classes were studied: happiness, sadness, fear and anger.
They used preprocessing techniques to prepare the image to apply Viola-Jones and for further image
enhancement de-noising the image and using the Contrast Limited Adaptive Histogram Equalization.
For ROI detection, a ratio-based segmentation was used.

Moreover, the recognition of both baseline and affective states was carried out in Ref. [41], where,
to detect the face, they used a headrest to keep it in the correct position, in addition to a reference point
(located on the top of the head), which was about 10 ◦C cooler than the skin temperature. To find the
ROIs, the reference point was used, and a radiometric threshold was applied. In case of loss of the
reference point, it was manually corrected by the researchers.

Another study [67] applied IRTI in a female adult volunteer, and Neural Networks and
Backpropagation algorithms were used to recognize emotions, such as happiness, surprise and neutral
state, reaching an ACC of 90%. To find the face they used Otsu segmentation, and the Feret’s diameter
was found in the binary image together with the center of gravity of the binary image. Then, after
segmenting the image, positions of the face based on FACS-AU were used to determine the heat
variation and, thus, the emotion.

Another work [61] shows a study about several approaches of emotion recognition and facial
detection, such as machine learning and geometric feature-based process, in addition to SVM and a
diversity of other classifiers. They also present the use of Microsoft HoloLens (MHL) for detecting
human emotions by using an application that has been built to use MHL to detect faces and recognize
emotion of people facing it. The set of emotions they worked was composed of happiness, sadness,
anger, surprise and neutral. Additionally, they used a webcam to detect emotions and compare with
the result using MHL. The system with MHL could achieve much better results than previous works
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and had remarkable accuracy probably due to the sensors attached to the HoloLens, reaching an
accuracy of 93.8% on MHL, using the “Emotion API” from Microsoft.

In Ref. [62], the authors used a parrot-inspired robot (KiliRo) to interact with ASD children
by simulating a set of autonomous behaviors. They tested the robot for five consecutive days in
a clinical facility. Children’s expressions while interacting with the robot were analyzed by the
Oxford emotions API, allowing them to make an automated facial detection, emotion recognition and
classification system.

Some works, such as Ref. [69], show the use of deep learning to detect the child face and infer the
visual attention on a robot during CRI therapy. Authors used the robot NAO from Softbank Robotics,
which has two low-resolution cameras that were used to take pictures and record videos. They also
used the face detection and tracking system in-built in NAO for the clinical experiments. A total of 6
children participated of the experiment, in which they imitated some robot movements. The children
had 14 encounters over a month, and the actual experiments started 7 days after the preliminary
encounter, in order to avoid the novelty effect in the results. Different deep learning techniques and
classifiers were used, and they could reach an average children attention rate of 59.2%.

Deep-learning-based approaches have shown to be promising for emotion recognition,
determining features and classifiers without expert supervisors [10]. However, conventional
approaches are still being studied for use in real-time embedded systems because of their low
computational complexity and high degree of accuracy [70], although for these systems the methods for
feature extraction and classification should be designed by the programmer and cannot be optimized
to increase performance [71]. Moreover, it is worth mentioning that conventional approaches require
relatively lower computing power and memory than deep learning-based approaches [10]. Similarly,
Gabor features are very popular for facial expression classification and face recognition, due to their
high discriminative power [72,73], but the computational complexity and memory requirement make
them less suitable for a real time implementation.

Our system is composed of low-cost hardware and methods of low-computational cost for visual
and thermal image processing, and recognizes five emotions, achieving 85.75% of accuracy. For
our system, we proposed a method based on probability error to accurately locate subject-specific
landmarks, taking into account the trained expert criteria. As a highlight, our proposal can find
frame-to-frame the best located facial ROI using the Viola-Jones algorithm, and adjust the location
of its surrounding facial ROIs. As another novelty, our proposal based on probability error showed
robustness and good accuracy to locate facial ROIs on thermal images, which were collected while
typically developing children interacted with a social robot. As other findings, we extended an existing
database of five facial emotions from thermal images, to infer unknown emotion generated while the
children interacted with the social robot, using our recognition system based on PCA and LDA, thus,
achieving results that agreed with the written reports of children.

As limitation, our system is not able to track head movements, thus, adding a method for facial
tracking, such as done by Ref. [74], can make robust our proposal for facial landmarks in uncontrolled
scenarios, such as mobile applications for child and social robot interaction. Generally, facial emotion
datasets with six basic emotions contain only adult participants, but there are very few databases
collected on typically developing children (aged between 7 and 11 years) through infrared camera,
containing the basic emotions. Then, it is a challenge to use high quantity of examples during the
training stage of a recognition system to infer emotions of children with age range from 7 to 11 years
while they interact with a robot for example. In addition, more tests with a higher number of volunteers
must be performed, including ASD children.

6. Conclusions

A low-computational cost system for children emotion recognition in an unobtrusive way was
proposed in this study, which is composed of low-cost cameras, making possible its extension for
research into developing countries. As a first stage, our proposal was tested on visual and thermal
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images of children interacting with the mobile social robot N-MARIA, achieving promising results
(85.75% of accuracy) to locate specific face landmarks, as well as to recognize (or infer) five emotions.
All children had a hopeful interaction with the robot, which demonstrated our system is useful to
stimulate positive emotions in children, and able to trigger a profitable interaction with them. In future
works, this proposal will be integrated in N-MARIA, aiming to know online the children’s emotion and
making control decisions based on emotions. Additionally, other methods will be explored for facial
tracking, in order to reduce the influence of head-pose during the emotion recognition. Furthermore,
unsupervised methods for automatic label assignments and classifier learning will be evaluated in our
dataset to obtain a robust recognition system for processing patterns of high uncertainty, such as facial
expressions and emotions.

Author Contributions: Conceptualization, C.G., C.V., D.D.-R. and D.F.; Methodology, C.G. and D.F.; Software,
D.F., V.B., A.F., G.B., C.V. and D.D.-R.; Formal Analysis, C.G. and D.D.-R.; Writing—Original Draft Preparation,
C.G., D.D.-R., C.V. and D.F.; Writing—Review and Editing, E.C. and T.B.-F.

Funding: This research was funded by FAPES/Brazil, grant numbers 72982608 and 645/2016.

Acknowledgments: Authors would like to thank the financial support from CAPES, CNPq and FAPES/Brazil
(project numbers: 72982608 and 645/2016), and UFES for the technical support.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to
publish the results.

References

1. Gunes, H.; Celiktutan, O.; Sariyanidi, E. Live human–robot interactive public demonstrations with automatic
emotion and personality prediction. Philos. Trans. R. Soc. B 2019, 374, 20180026. [CrossRef] [PubMed]

2. Kim, E.S.; Berkovits, L.D.; Bernier, E.P.; Leyzberg, D.; Shic, F.; Paul, R.; Scassellati, B. Social Robots as
Embedded Reinforcers of Social Behavior in Children with Autism. J. Autism Dev. Disord. 2012, 43, 1038–1049.
[CrossRef] [PubMed]

3. Valadao, C.; Caldeira, E.; Bastos-Filho, T.; Frizera-Neto, A.; Carelli, R. A New Controller for a Smart Walker
Based on Human-Robot Formation. Sensors 2016, 16, 1116. [CrossRef] [PubMed]

4. Picard, R.; Vyzas, E.; Healey, J. Toward machine emotional intelligence: analysis of affective physiological
state. IEEE Trans. Pattern Anal. Mach. Intell. 2001, 23, 1175–1191. [CrossRef]

5. Conn, K.; Liu, C.; Sarkar, N.; Stone, W.; Warren, Z. Affect-sensitive assistive intervention technologies
for children with autism: An individual-specific approach. In Proceedings of the RO-MAN 2008—The
17th IEEE International Symposium on Robot and Human Interactive Communication, Munich, Germany,
1–3 August 2008.

6. Shier, W.A.; Yanushkevich, S.N. Biometrics in human-machine interaction. In Proceedings of the
2015 International Conference on Information and Digital Technologies, Zilina, Slovakia, 7–9 July 2015.
doi:10.1109/dt.2015.7222989.

7. Goulart, C.; Valadao, C.; Caldeira, E.; Bastos, T. Brain signal evaluation of children with Autism Spectrum
Disorder in the interaction with a social robot. Biotechnol. Res. Innov. 2018. [CrossRef]

8. Latif, M.T.; Yusof, M.; Fatai, S. Emotion Detection from Thermal Facial Imprint based on GLCM Features.
ARPN J. Eng. Appl. Sci. 2016, 11, 345–349.

9. Sariyanidi, E.; Gunes, H.; Cavallaro, A. Automatic analysis of facial affect: A survey of registration,
representation, and recognition. IEEE Trans. Pattern Anal. Mach. Intell. 2014, 37, 1113–1133. [CrossRef]
[PubMed]

10. Ko, B. A brief review of facial emotion recognition based on visual information. Sensors 2018, 18, 401.
[CrossRef]

11. Rusli, N.; Sidek, S.N.; Yusof, H.M.; Latif, M.H.A. Non-Invasive Assessment of Affective States on Individual
with Autism Spectrum Disorder: A Review. In IFMBE Proceedings; Springer: Singapore, 2015; pp. 226–230.

12. Petrantonakis, P.C.; Hadjileontiadis, L.J. Emotion recognition from EEG using higher order crossings.
IEEE Trans. Inf. Technol. Biomed. 2009, 14, 186–197. [CrossRef]

http://dx.doi.org/10.1098/rstb.2018.0026
http://www.ncbi.nlm.nih.gov/pubmed/30853000
http://dx.doi.org/10.1007/s10803-012-1645-2
http://www.ncbi.nlm.nih.gov/pubmed/23111617
http://dx.doi.org/10.3390/s16071116
http://www.ncbi.nlm.nih.gov/pubmed/27447634
http://dx.doi.org/10.1109/34.954607
https://doi.org/10.1109/dt.2015.7222989
http://dx.doi.org/10.1016/j.biori.2018.11.003
http://dx.doi.org/10.1109/TPAMI.2014.2366127
http://www.ncbi.nlm.nih.gov/pubmed/26357337
http://dx.doi.org/10.3390/s18020401
http://dx.doi.org/10.1109/TITB.2009.2034649


Sensors 2019, 19, 2844 22 of 24

13. Basu, A.; Routray, A.; Shit, S.; Deb, A.K. Human emotion recognition from facial thermal image based on
fused statistical feature and multi-class SVM. In Proceedings of the 2015 Annual IEEE India Conference
(INDICON), New Delhi, India, 17–20 December 2015.

14. Ghimire, D.; Jeong, S.; Lee, J.; Park, S.H. Facial expression recognition based on local region specific features
and support vector machines. Multimed. Tools Appl. 2017, 76, 7803–7821. [CrossRef]

15. Perikos, I.; Paraskevas, M.; Hatzilygeroudis, I. Facial Expression Recognition Using Adaptive Neuro-fuzzy
Inference Systems. In Proceedings of the 2018 IEEE/ACIS 17th International Conference on Computer and
Information Science (ICIS), Singapore, 6–8 June 2018; pp. 1–6. [CrossRef]

16. Happy, S.; Routray, A. Automatic facial expression recognition using features of salient facial patches.
IEEE Trans. Affect. Comput. 2014, 6, 1–12. [CrossRef]

17. Goulart, C.; Valadao, C.; Delisle-Rodriguez, D.; Caldeira, E.; Bastos, T. Emotion analysis in children through
facial emissivity of infrared thermal imaging. PLoS ONE 2019, 14, e0212928.. [CrossRef] [PubMed]

18. Cruz-Albarran, I.A.; Benitez-Rangel, J.P.; Osornio-Rios, R.A.; Morales-Hernandez, L.A. Human emotions
detection based on a smart-thermal system of thermographic images. Infrared Phys. Technol. 2017, 81, 250–261.
[CrossRef]

19. Wang, S.; Shen, P.; Liu, Z. Facial expression recognition from infrared thermal images using temperature
difference by voting. In Proceedings of the 2012 IEEE 2nd International Conference on Cloud Computing
and Intelligence Systems, Hangzhou, China, 30 October–1 November 2012; Volume 1, pp. 94–98.

20. Pop, F.M.; Gordan, M.; Florea, C.; Vlaicu, A. Fusion based approach for thermal and visible face recognition
under pose and expresivity variation. In Proceedings of the 9th RoEduNet IEEE International Conference,
Sibiu, Romania, 24–26 June 2010; pp. 61–66.

21. Ioannou, S.; Gallese, V.; Merla, A. Thermal infrared imaging in psychophysiology: Potentialities and limits.
Psychophysiology 2014, 51, 951–963. [CrossRef] [PubMed]

22. Zheng, Y. Face detection and eyeglasses detection for thermal face recognition. SPIE Proc. 2012, 8300,
83000C.

23. Wang, S.; Liu, Z.; Lv, S.; Lv, Y.; Wu, G.; Peng, P.; Chen, F.; Wang, X. A Natural Visible and Infrared Facial
Expression Database for Expression Recognition and Emotion Inference. IEEE Trans. Multimed. 2010,
12, 682–691. [CrossRef]

24. Choi, J.S.; Bang, J.; Heo, H.; Park, K. Evaluation of fear using nonintrusive measurement of multimodal
sensors. Sensors 2015, 15, 17507–17533. [CrossRef] [PubMed]

25. Lajevardi, S.M.; Hussain, Z.M. Automatic facial expression recognition: Feature extraction and selection.
Signal Image Video Process. 2012, 6, 159–169. [CrossRef]

26. Jabid, T.; Kabir, M.H.; Chae, O. Robust facial expression recognition based on local directional pattern.
ETRI J. 2010, 32, 784–794. [CrossRef]

27. Kabir, M.H.; Jabid, T.; Chae, O. A local directional pattern variance (LDPv) based face descriptor for human
facial expression recognition. In Proceedings of the 2010 7th IEEE International Conference on Advanced
Video and Signal Based Surveillance, Boston, MA, USA, 29 August–1 September 2010; pp. 526–532.

28. Shan, C.; Gong, S.; McOwan, P.W. Robust facial expression recognition using local binary patterns.
In Proceedings of the IEEE International Conference on Image Processing 2005, Genova, Italy, 14 September
2005; Volume 2, pp. II–370.

29. Shan, C.; Gritti, T. Learning Discriminative LBP-Histogram Bins for Facial Expression Recognition.
In Proceedings of the British Machine Vision Conference 2008, Leeds, UK, 1–4 September 2008; pp. 1–10.

30. Song, M.; Tao, D.; Liu, Z.; Li, X.; Zhou, M. Image ratio features for facial expression recognition application.
IEEE Trans. Syst. Man Cybern. Part B Cybern. 2009, 40, 779–788. [CrossRef]

31. Zhang, L.; Tjondronegoro, D. Facial expression recognition using facial movement features. IEEE Trans.
Affect. Comput. 2011, 2, 219–229. [CrossRef]

32. Viola, P.; Jones, M.J. Robust Real-Time Face Detection. Int. J. Comput. Vis. 2004, 57, 137–154. [CrossRef]
33. Jiang, B.; Martinez, B.; Valstar, M.F.; Pantic, M. Decision level fusion of domain specific regions for facial

action recognition. In Proceedings of the 2014 22nd International Conference on Pattern Recognition,
Stockholm, Sweden, 24–28 August 2014; pp. 1776–1781.

34. Shan, C.; Gong, S.; McOwan, P.W. Facial expression recognition based on local binary patterns:
A comprehensive study. Image Vis. Comput. 2009, 27, 803–816. [CrossRef]

http://dx.doi.org/10.1007/s11042-016-3418-y
http://dx.doi.org/10.1109/ICIS.2018.8466438
http://dx.doi.org/10.1109/TAFFC.2014.2386334
http://dx.doi.org/10.1371/journal.pone.0212928
http://www.ncbi.nlm.nih.gov/pubmed/30893343
http://dx.doi.org/10.1016/j.infrared.2017.01.002
http://dx.doi.org/10.1111/psyp.12243
http://www.ncbi.nlm.nih.gov/pubmed/24961292
http://dx.doi.org/10.1109/TMM.2010.2060716
http://dx.doi.org/10.3390/s150717507
http://www.ncbi.nlm.nih.gov/pubmed/26205268
http://dx.doi.org/10.1007/s11760-010-0177-5
http://dx.doi.org/10.4218/etrij.10.1510.0132
http://dx.doi.org/10.1109/TSMCB.2009.2029076
http://dx.doi.org/10.1109/T-AFFC.2011.13
http://dx.doi.org/10.1023/B:VISI.0000013087.49260.fb
http://dx.doi.org/10.1016/j.imavis.2008.08.005


Sensors 2019, 19, 2844 23 of 24

35. Kazemi, V.; Sullivan, J. One millisecond face alignment with an ensemble of regression trees. In Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, Columbus, OH, USA, 24–27 June 2014;
pp. 1867–1874.

36. Zhao, X.; Zhang, S. Facial expression recognition based on local binary patterns and kernel discriminant
isomap. Sensors 2011, 11, 9573–9588. [CrossRef] [PubMed]

37. Yang, J.; Wang, X.; Han, S.; Wang, J.; Park, D.S.; Wang, Y. Improved Real-Time Facial Expression Recognition
Based on a Novel Balanced and Symmetric Local Gradient Coding. Sensors 2019, 19, 1899. [CrossRef]
[PubMed]

38. Giacinto, A.D.; Brunetti, M.; Sepede, G.; Ferretti, A.; Merla, A. Thermal signature of fear conditioning in
mild post traumatic stress disorder. Neuroscience 2014, 266, 216–223. [CrossRef] [PubMed]

39. Marzec, M.; Koprowski, R.; Wróbel, Z. Methods of face localization in thermograms. Biocybern. Biomed. Eng.
2015, 35, 138–146. [CrossRef]

40. Trujillo, L.; Olague, G.; Hammoud, R.; Hernandez, B. Automatic Feature Localization in Thermal Images
for Facial Expression Recognition. In Proceedings of the 2005 IEEE Computer Society Conference on
Computer Vision and Pattern Recognition (CVPR’05)—Workshops, San Diego, CA, USA, 21–23 September
2005. doi:10.1109/cvpr.2005.415.

41. Nhan, B.; Chau, T. Classifying Affective States Using Thermal Infrared Imaging of the Human Face.
IEEE Trans. Biomed. Eng. 2010, 57, 979–987. [CrossRef]

42. Bradski, G. The OpenCV library. Dr Dobb’s J. Softw. Tools 2000, 25, 120–125.
43. Malis, E.; Vargas, M. Deeper Understanding of the Homography Decomposition for Vision-Based Control.

Ph.D. Thesis, INRIA, Sophia Antipolis Cedex, France, 2007.
44. Budzier, H.; Gerlach, G. Calibration of uncooled thermal infrared cameras. J. Sens. Sens. Syst. 2015,

4, 187–197. [CrossRef]
45. Martínez, A.M.; Kak, A.C. Pca versus lda. IEEE Trans. Pattern Anal. Mach. Intell. 2001, 23, 228–233. [CrossRef]
46. Friedman, J.H. Regularized discriminant analysis. J. Am. Stat. Assoc. 1989, 84, 165–175. [CrossRef]
47. Kwon, O.W.; Chan, K.; Hao, J.; Lee, T.W. Emotion recognition by speech signals. In Proceedings of the Eighth

European Conference on Speech Communication and Technology, Geneva, Switzerland, 1–4 September 2003.
48. Bamidis, P.D.; Frantzidis, C.A.; Konstantinidis, E.I.; Luneski, A.; Lithari, C.; Klados, M.A.; Bratsas, C.;

Papadelis, C.L.; Pappas, C. An integrated approach to emotion recognition for advanced emotional
intelligence. In International Conference on Human-Computer Interaction; Springer: Berlin/Heidelberg,
Germany, 2009, pp. 565–574.

49. Ververidis, D.; Kotropoulos, C.; Pitas, I. Automatic emotional speech classification. In Proceedings of the
2004 IEEE International Conference on Acoustics, Speech, and Signal Processing, Montreal, QC, Canada,
17–21 May 2004; Volume 1, pp. I–593.

50. Hsu, C.W.; Lin, C.J. A comparison of methods for multiclass support vector machines. IEEE Trans. Neural
Netw. 2002, 13, 415–425. [PubMed]

51. Japkowicz, N.; Shah, M. Evaluating Learning Algorithms: A Classification Perspective; Cambridge University
Press: Cambridge, UK, 2011.

52. Boucenna, S.; Gaussier, P.; Andry, P.; Hafemeister, L. A robot learns the facial expressions recognition and
face/non-face discrimination through an imitation game. Int. J. Soc. Robot. 2014, 6, 633–652. [CrossRef]

53. Busso, C.; Deng, Z.; Yildirim, S.; Bulut, M.; Lee, C.M.; Kazemzadeh, A.; Lee, S.; Neumann, U.; Narayanan, S.
Analysis of emotion recognition using facial expressions, speech and multimodal information. In Proceedings
of the 6th International Conference on Multimodal Interfaces, State College, PA, USA, 13–15 October 2004;
pp. 205–211.

54. Pantic, M.; Rothkrantz, L.J. Toward an affect-sensitive multimodal human-computer interaction. Proc. IEEE
2003, 91, 1370–1390. [CrossRef]

55. Cowie, R.; Douglas-Cowie, E.; Tsapatsoulis, N.; Votsis, G.; Kollias, S.; Fellenz, W.; Taylor, J.G. Emotion
recognition in human-computer interaction. IEEE Signal Process. Mag. 2001, 18, 32–80. [CrossRef]

56. Essa, I.A.; Pentland, A.P. Coding, analysis, interpretation, and recognition of facial expressions. IEEE Trans.
Pattern Anal. Mach. Intell. 1997, 19, 757–763. [CrossRef]

57. Mase, K. Recognition of facial expression from optical flow. IEICE Trans. Inf. Syst. 1991, 74, 3474–3483.
58. Yacoob, Y.; Davis, L. Computing Spatio-Temporal Representations of Human Faces. Ph.D. Thesis,

Department of Computer Science, University of Maryland, College Park, MD, USA, 1994.

http://dx.doi.org/10.3390/s111009573
http://www.ncbi.nlm.nih.gov/pubmed/22163713
http://dx.doi.org/10.3390/s19081899
http://www.ncbi.nlm.nih.gov/pubmed/31013582
http://dx.doi.org/10.1016/j.neuroscience.2014.02.009
http://www.ncbi.nlm.nih.gov/pubmed/24561216
http://dx.doi.org/10.1016/j.bbe.2014.09.001
https://doi.org/10.1109/cvpr.2005.415
http://dx.doi.org/10.1109/TBME.2009.2035926
http://dx.doi.org/10.5194/jsss-4-187-2015
http://dx.doi.org/10.1109/34.908974
http://dx.doi.org/10.1080/01621459.1989.10478752
http://www.ncbi.nlm.nih.gov/pubmed/18244442
http://dx.doi.org/10.1007/s12369-014-0245-z
http://dx.doi.org/10.1109/JPROC.2003.817122
http://dx.doi.org/10.1109/79.911197
http://dx.doi.org/10.1109/34.598232


Sensors 2019, 19, 2844 24 of 24

59. Lee, C.M.; Yildirim, S.; Bulut, M.; Kazemzadeh, A.; Busso, C.; Deng, Z.; Lee, S.; Narayanan, S. Emotion
recognition based on phoneme classes. In Proceedings of the Eighth International Conference on Spoken
Language Processing, Jeju Island, Korea, 4–8 October 2004.

60. Nwe, T.L.; Wei, F.S.; De Silva, L.C. Speech based emotion classification. In Proceedings of the IEEE Region
10 International Conference on Electrical and Electronic Technology, TENCON 2001 (Cat. No. 01CH37239),
Singapore, 19–22 August 2001; Volume 1, pp. 297–301.

61. Mehta, D.; Siddiqui, M.F.H.; Javaid, A.Y. Facial emotion recognition: A survey and real-world user
experiences in mixed reality. Sensors 2018, 18, 416. [CrossRef]

62. Bharatharaj, J.; Huang, L.; Mohan, R.; Al-Jumaily, A.; Krägeloh, C. Robot-Assisted Therapy for Learning and
Social Interaction of Children with Autism Spectrum Disorder. Robotics 2017, 6, 4. [CrossRef]

63. Kosonogov, V.; Zorzi, L.D.; Honoré, J.; Martínez-Velázquez, E.S.; Nandrino, J.L.; Martinez-Selva, J.M.;
Sequeira, H. Facial thermal variations: A new marker of emotional arousal. PLoS ONE 2017, 12, e0183592.
[CrossRef] [PubMed]

64. Yoshitomi, Y.; Miyaura, T.; Tomita, S.; Kimura, S. Face identification using thermal image processing. In
Proceedings of the 6th IEEE International Workshop on Robot and Human Communication, RO-MAN’97
SENDAI, Sendai, Japan, 29 September–1 October 1997; pp. 374–379. [CrossRef]

65. Wang, S.; He, M.; Gao, Z.; He, S.; Ji, Q. Emotion recognition from thermal infrared images using deep
Boltzmann machine. Front. Comput. Sci. 2014, 8, 609–618. [CrossRef]

66. Bijalwan, V.; Balodhi, M.; Gusain, A. Human emotion recognition using thermal image processing and
eigenfaces. Int. J. Eng. Sci. Res. 2015, 5, 34–40.

67. Yoshitomi, Y.; Miyawaki, N.; Tomita, S.; Kimura, S. Facial expression recognition using thermal image
processing and neural network. In Proceedings of the 6th IEEE International Workshop on Robot and
Human Communication, RO-MAN’97 SENDAI, Sendai, Japan, 29 September–1 October 1997. [CrossRef]

68. Vukadinovic, D.; Pantic, M. Fully Automatic Facial Feature Point Detection Using Gabor Feature Based
Boosted Classifiers. In Proceedings of the 2005 IEEE International Conference on Systems, Man and
Cybernetics, Waikoloa, HI, USA, 12 October 2005.

69. Di Nuovo, A.; Conti, D.; Trubia, G.; Buono, S.; Di Nuovo, S. Deep Learning Systems for Estimating Visual
Attention in Robot-Assisted Therapy of Children with Autism and Intellectual Disability. Robotics 2018,
7, 25. [CrossRef]

70. Suk, M.; Prabhakaran, B. Real-time mobile facial expression recognition system—A case study.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition Workshops, Columbus,
OH, USA, 23–28 June 2014, pp. 132–137.

71. Deshmukh, S.; Patwardhan, M.; Mahajan, A. Survey on real-time facial expression recognition techniques.
IET Biom. 2016, 5, 155–163. [CrossRef]

72. Gu, W.; Xiang, C.; Venkatesh, Y.; Huang, D.; Lin, H. Facial expression recognition using radial encoding of
local Gabor features and classifier synthesis. Pattern Recognit. 2012, 45, 80–91. [CrossRef]

73. Liu, C.; Wechsler, H. Gabor feature based classification using the enhanced fisher linear discriminant model
for face recognition. IEEE Trans. Image Process. 2002, 11, 467–476. [PubMed]

74. Boda, R.; Priyadarsini, M.; Pemeena, J. Face detection and tracking using KLT and Viola Jones. ARPN J. Eng.
Appl. Sci. 2016, 11, 13472–13476.

c© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.3390/s18020416
http://dx.doi.org/10.3390/robotics6010004
http://dx.doi.org/10.1371/journal.pone.0183592
http://www.ncbi.nlm.nih.gov/pubmed/28922392
http://dx.doi.org/10.1109/ROMAN.1997.647015
http://dx.doi.org/10.1007/s11704-014-3295-3
http://dx.doi.org/10.1109/roman.1997.647016
http://dx.doi.org/10.3390/robotics7020025
http://dx.doi.org/10.1049/iet-bmt.2014.0104
http://dx.doi.org/10.1016/j.patcog.2011.05.006
http://www.ncbi.nlm.nih.gov/pubmed/18244647
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction
	Related Works
	Materials and Methods
	Experimental Procedure
	Contact-Free Emotion Recognition
	Camera System and N-MARIA
	Camera Calibration
	Image Acquisition and Pre-Processing
	Face Landmark Detection
	Automatic ROI Detection
	ROI Location Correction
	Feature Extraction
	Dimensionality Reduction and Emotion Classification

	Statistical Evaluation

	Results
	Automatic ROI Location
	Emotion Recognition

	Discussion
	Conclusions
	References

