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Abstract Recognizing emotion is an intrinsic and fundamental part of human social interactions and is closely tied
to behaviors that produce distinct facial patterns. Facial expressions indicate emotional context, so scientific, artistic,
medical, and commercial interest in the field has increased, driving the development of computational techniques
that can recognize emotion automatically. Although current methods provide satisfactory results, challenges per-
sist, particularly challenges regarding the variable patterns of facial shapes and the response time achieved with
low computational resources. For instance, some applications requiring instantaneous emotion recognition with
high accuracy and low latency may be limited by the processing power, specially in the case of mobile devices.
Here, we present a practical and simple method called REFEL (Recognizing Emotions through Facial Expression
and Landmark Normalization), designed to identify facial expressions and human emotions in digital images. This
method addresses sequential steps that reduce sample variability such as anatomical, scale factor and geometric
variations and performs reductions of color, brightness and others in preprocessing tasks. REFEL normalizes facial
fiducial points, commonly referred to as landmarks, and allows fine-tuning of informative aspects delineating facial
patterns. Using landmark positions makes the process of recognizing emotions more reliable. REFEL also exploits
classifiers explicitly tailored to identify facial emotions accurately. As in the case of related works, we employed
Machine Learning algorithms, to achieve average accuracy higher than 90% for emotion recognition, when we ap-
plied REFEL before classification. We have experimented REFEL with various datasets including facial images that
consider racial, age and gender factors as well as facial rotation. In this study, we also compared emotion classifica-
tion without grouping emotions and with two emotion groups (Fear-Surprise and Anger-Disgust). Analysis of the
ROC curves revealed that grouping emotions led to a slight improvement in the average performance of the REFEL
method, with a 3% increase in accuracy. Our method represents an enhanced approach in terms of hit rate and re-
sponse time, generates resilient outcomes, and relies less on the training set and classifier architecture. Furthermore,
REFEL performs well, almost in real time, lowers the processing costs inherent to training, and is particularly suited
to devices with limited processing capabilities, like cell phones. Emotion recognition methods usually have almost
minimal real-time delay, which enables the system to react fast but not necessarily instantaneously. With REFEL,
we hope to improve computational synthesis techniques and resources, and to help robust and motivating assistive
technologies to advance. As future efforts, we intend to consider 3D images and videos.
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1 Introduction

Recognizing emotions is a natural process of human cogni-
tive abilities and is essential for navigating social, personal,
and professional interactions. From early childhood, individ-
uals begin to learn how to map and to interpret the emotions
of others. This skill plays a critical role in effectively commu-
nicating and building relationships given that the recognized
emotions inform humans of the surrounding context [Darwin,
2013; Hess, 2001; Langner et al., 2010]. Mapping emotions
is possible because humans typically translate their emotions
into detectable physical movements, particularly facial ex-
pressions, which is vital for social interactions. Facial ex-
pressions are ubiquitous behaviors that depend little on cul-
tural factors as demonstrated by [Ekman and Friesen, 1971].
Researchers have identified seven emotions across cultures:
fear, anger, sadness, happiness, surprise, disgust, along with

the neutral emotion [Ekman and Friesen, 1971; Alvarez et al.,
2013]. Facial expressions, characterized by their distinct and
stable patterns, can be recognized even in unfamiliar indi-
viduals. This consistency enables emotion recognition to be
systematized and used for automation and allows machines
to interpret human emotions. In specific domains, this pro-
cess can be simplified to focus on fewer than seven universal
emotions, such as happiness versus unhappiness or interest
versus disinterest.

Thanks to growing scientific, medical, and commercial in-
terest in the field, facial expression-based methods for recog-
nizing emotions have advanced rapidly [Lahiri et al., 2011;
XIE et al., 2015; Ullah and Tian, 2021; He et al., 2023]. The
most common approaches for recognizing individuals and fa-
cial expressions focus on automatically detecting patterns in
digital images. Notably, social media platforms, mobile de-
vices, and digital cameras can now discern whether a person
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is smiling or not [Chaugule ef al., 2016]. In addition, assis-
tive technologies have been developed to aid individuals with
behavioral syndromes (e.g., autism and mood disorders) [Pi-
card, 2016; Cheng and Ling, 2008; Lahiri et al.,2011]. By en-
abling these individuals to react differently upon perceiving
expressed emotions, these technologies contribute to enhanc-
ing their social interactions. Therefore, automatically recog-
nizing facial expressions offers new avenues for humans and
machines to interact, which is facilitated when both volun-
tary and involuntary facial movements can be detected.

In general, interpreting information from digital images
involves automation through Machine Learning (ML) [Chol-
let, 2017]. However, manipulating images requires initial
preprocessing [Vaillancourt, 2010], so that specific shapes
such as a human face can be detected. Next pretrained mod-
els scan segments of the image and employ probabilities to
confirm patterns [Wu and Ji, 2018]. Some models can de-
tect human faces in images with accuracy above 90% [Wu
and Ji, 2018; Viola and Jones, 2001]. Once the face is identi-
fied, the Regions of Interest (ROIs), which are specific facial
structures including eyes, nose, mouth, and chin, among oth-
ers, are mapped. The relative positions of these structures
are then marked as landmarks, to which bi or tridimensional
coordinates are assigned to add a layer of information.

Using landmarks provides a straightforward and objective
way to recognize facial expressions because patterns of facial
identification (facial recognition) and changes in facial pat-
terns (expression and emotion recognition) can be compared.
Although implementations may vary, both approaches con-
sider the coordinates of landmarks as problem variables (ref-
erence values) when calculating distances (e.g., Euclidean,
cosine, etc.) [Li et al., 2012; Garrido and Joshi, 2018; Mehta
et al.,2018]. In the case of emotions, the muscle movements
underlying each facial expression geometrically changes in
the relative positions of ROIs [Xie and Jiang, 2017]. These
changes alter the coordinates of landmarks and the distances
between them. Given that a neutral face and a fearful or smil-
ing face exhibit different relative distances, the set of varia-
tions can be employed to identify expressions [Mehta et al.,
2018]. The generalizability of emotional responses among
humans tends to simplify the problem, and allows the dis-
tances most affected by each type of facial expression to be
identified. After analyzing these variations, ML classifiers
can be trained to detect human emotions [Wu and Ji, 2018].

Even though current methods yield satisfactory results for
specific contexts, such as photos acquired in controlled en-
vironments, recognizing emotions remains challenging. The
main issue is that patterns in facial shapes, poses and images
obtained under real-world conditions (uncontrolled variables
like lighting, brightness, distance from the capturing device,
etc.) vary [Mehta et al.,2018; Testa et al.,2019]. Differences
in facial shapes tend to introduce noise into the problem, so
that training will depend on factors such as race, age, gender,
etc. Aspects like focal length, luminosity, framing, people’s
poses (rotated face images and expression of sentiment), and
hardware configurations affect how pixels are concentrated
and arranged, which adds noise to the data. These sources
of variability negatively impact the way classifiers perform
and make ML more challenging [Chollet, 2017; Mehta et al.,
2018]. Our hypothesis is that reducing data variability by
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means of the processing of data can improve computational
performance. Nevertheless, pixels represent the information
domain in images, so traditional techniques for aligning and
normalizing data need to be adapted for this context. Such
adaptation demands computationally creative and conceptu-
ally elaborate strategies.

According to Oge et al., Gonzales et al. and others, one
of the major challenges faced by algorithms in Digital Image
Processing (DIP) in uncontrolled environments is the diffi-
culty in achieving good results under varying conditions of
luminosity and contrast [Filho, 1999; Gonzales and Woods,
2008; Kim, 2022; Koohestani et al., 2024]. These conditions
introduce noise and variability into the data, making it diffi-
cult for algorithms to perform effectively. Moreover, the rel-
ative positioning of objects within a scene adds variability,
further hindering algorithmic efficiency.

In this paper, we present a simple method for recogniz-
ing emotion in digital images. The method is called REFEL
(Recognizing Emotions through Facial Expression and Land-
mark normalization) and operates under several conditions of
variability, including scale, rotation, racial factors, and im-
age acquisition !. REFEL incorporates well-known image
manipulation techniques such as histogram of oriented gra-
dient and facial alignment, which helps to harmonize and
to normalize the information. Data variability is reduced
through a set of normalization steps, to produce an optimized
context to identify facial expressions. Next, classifiers suit-
able for the methodology of the study are employed to assess
potential performance gains. Processing and normalization
aim to reduce data variability and to simplify the problem.
As mentioned, we hypothesized that reducing variability can
lead to classifiers that perform better, regardless of the em-
ployed ML method. Thus, developing methods that harmo-
nize image information can potentially yield better results.

The remainder of this paper is structured as follows: Sec-
tion 2 provides a brief review of image defogging and atten-
tion mechanism. Section 3 discusses related work. Section
4 discusses the proposed REFEL method. Section 5 presents
the results of the experiments. Section 6 provides final re-
marks and proposes future work.

2 Background

In the early 1970s, Paul Ekman conducted a groundbreak-
ing scientific experiment that revolutionized the field of hu-
man emotion recognition [Ekman and Friesen, 1971]. Atthat
time, individuals were believed to use their facial muscles ac-
cording to a set of social conventions and expressions shaped
by societal interactions, much like languages, with each re-
gion of the world having its own variations.

Ekman captured numerous images of men and women
displaying various facial expressions. He then traveled to
Brazil, Argentina, and Japan to conduct his experiments. To
his surprise, individuals from different countries obtained the
same results when they classified the images. Ekman ex-
tended the experiment to the forests of Papua New Guinea
in Oceania, reaching the most remote and isolated villages.
The results did not differ even among the inhabitants of these
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regions, which led Ekman to conclude that human emotions
expressed through facial expressions are universal and do not
depend on ethnic or social factors.

Another significant contribution of Ekman’s work was
that the Facial Action Coding System (FACS) was created.
FACS, a system for classifying human emotions, provides a
standardized framework for systematically categorizing the
physical expression of emotions, which allows any anatom-
ically possible facial expression to be labeled. Figure 1
presents the six primary emotions and the neutral expression,
the building blocks of FACS, subdivided into action units.
Figure 1 illustrates the main differences between emotions.

3 Action Unit (AU)
Descriptions
1 - Inner Brow Raise
5 7 2 - Outer Brow Raise
- - o 9 -~
- 2 “ 4 - Brow Lower
a— — 1% 25 10 i i
~ 2% 17 - S - Upper Lid Raise
- > il d 6 - Cheek Raise
7 - Lid Tighten
Contemptuous Disgusted 9 - Nose Wrinkle
10 - Upper Lip Raise
4 4 12 - Lip Corner Pull
14 - Dimple
15 - Lip Corner Depress
17 - Chin Raise
20 - Lip Stretch
23 - Lip Tighten
24 - Lip Press
25 - Lips Part
26 - Jaw Drop

Figure 1. Illustration of FACS (Facial Action Coding System) [Langner
et al.,2010].

This section provides general information about the topic
of our REFEL method, offering the necessary context. To
present this context, we have divided the section into two sub-
sections: (1) Imaging Process, Face Detection, Landmarks
Setting, and (2) Classification. Each subsection focuses on
a specific aspect and provides a comprehensive overview of
the underlying concepts and techniques related to REFEL.

2.1 Imaging, Face Detection, and Landmark
Setting

Interpreting emotions from images in real time includes man-
aging images, that is, normalizing pixels, detecting faces,
extracting features, and classifying patterns [Gonzales and
Woods, 2008; Chollet, 2017]. During the initial preprocess-
ing of images works out to minimize noise (e.g. pixels
acquired outside the standard [Vaillancourt, 2010]) is mini-
mized, which reduces data variance. This step allows more
precise classifiers to be trained and performs well even if lim-
ited data sets are employed.

The next step analyzes human faces in images and starts
by detecting which region of the image contains the target
object. Viola and Jones developed a method that detects hu-
man faces fast and accurately enough for use in popular cam-
eras [Viola and Jones, 2001]. Specifically for this purpose,
today more efficient and reliable solutions exist, including
the use of Histograms of Oriented Gradient (HOG) [Monzo
and Mossi, 2010; Ghorbani and Dehshibi, 2015]. HOG, a
digital image processing technique, is employed in computer
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vision and multimedia processing. This technique character-
izes objects by shape and texture, on the basis of how density
gradient or edge directions are distributed [Dalal and Triggs,
2005]. HOG has been used as a reference in the facial de-
tection and recognition of various types of objects [Gonzales
and Woods, 2008]. Models trained to detect human faces
in images can scan segments through the image and employ
probabilities to determine bounds and to confirm the whole
pattern [Wu and Ji, 2018]. Certain models can reliably detect
faces, even in low-resolution images [Testa et al., 2019; Wu
and Ji, 2018; Viola and Jones, 2001].

After face identification is confirmed, the next step is to
identify the Regions of Interest (ROIs), like eyes, mouth,
nose, chin, or any relevant structure related to facial expres-
sions. Facial landmarks are subsets of the shape prediction
problem, which involves locating key points and the overall
shape of an object. For instance, the DLib library, available
in C, C++, and Python, is commonly used to extract land-
marks and provides a feature matrix of the x and y coordinates
with 68 facial points, including eyes, nose, mouth, and face
bounds. Landmarks may assume bi- or tridimensional coor-
dinates depending on the implementation, and their relative
positions in the face carry information from relative distances
of facial structures, which can be useful for recognizing faces
or analyzing emotions. Regarding facial expressions, muscu-
lar movements change in the relative positions of face struc-
tures and the relative distances between landmarks will re-
flect the facial features [Vaillancourt, 2010]. For this reason,
relative distances between landmarks are valuable for ob-
jectively analyzing facial expressions and emotions or even
for recognizing faces. In both cases, the landmark coor-
dinates serve as reference values for calculating distances
by using various metrics such as Euclidean, Manhattan, or
Minkowski distances [Garrido and Joshi, 2018; Li and Deng,
2018; Mehta et al., 2018]. Nonetheless, implementations
may greatly differ.

To make landmarks comparable across all faces, re-
searchers have proposed using fixed common distances, in-
cluding the distance between the eyes, to normalize facial
landmarks in images with different scales [Ismail and Sabri,
2009]. However, this normalization approach cannot effec-
tively reduce variability related to image acquisition condi-
tions, particularly rotation and racial variations. Certain indi-
viduals may exhibit prominent facial characteristics that can
negatively influence how ML algorithms perform. For in-
stance, the width of the mouth can be critical when identi-
fying the emotion of happiness, which is often manifested
through a smile. In such scenarios, a classifier trained on the
character Joker, the villain of the Batman superhero series,
would have difficulty converging and distinguishing a per-
son’s expression of happiness when the Euclidean distance
metric is used to normalize landmarks.

Figure 3 illustrates the localization of 68 facial landmarks,
which aim to identify various structural components of the
human face, including the face contour, eyebrows, eyes,
nose, and mouth, among others. With respect to the number
of detected landmarks, the range between 60 and 80 coordi-
nates predominates and appears in nearly half of the studies
[Testa et al., 2019].

After facial landmarks are extracted, Image Processing is
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completed. The processed data transitions from the pixel
space of the image to the bidimensional (x and y) coordinates
representing the positions of the facial landmarks, which re-
duces the dimensionality of the problem being studied. Math-
ematically, rotation is a linear transformation that involves
spatial coordinates, in this case, in two dimensions, while the
magnitude of vector lengths and orientation in the physical
space are preserved [Winterle, 2014]. Therefore, using co-
ordinates tends to introduce less variability than using inter-
landmark distances while avoiding the additional processing
time required to compute distance metrics.

For various types of objects, including human faces,
frontalization techniques allow frontal views to be artifi-
cially synthesized from rotated original sources. Using these
techniques can improve how classification and recognition
systems relying on images perform. Indeed, frontalization
normalizes any variations occurring during the acquisition
[Hassner et al., 2015]. Additionally, training and testing
employed by ML algorithms can be performed with stan-
dardized samples in a consistent position. AS stated by
[Vonikakis and Winkler, 2020], image frontalization tech-
niques can be classified into appearance-based frontalization,
where the original image is rendered to the frontal view, and
coordinate-based frontalization, which uses a model trained
with images of the object under study.

3 Related Work

Methods for recognizing emotions encompass various ap-
proaches aimed at identifying and categorizing human emo-
tions on the basis of observable cues. Unlike REFEL, these
methods do not usually explore the set of techniques regard-
ing manipulation of landmarks, frontalization and normaliza-
tion of coordinates sequentially. Because we hypothesized
that reducing variability would lead to classifiers that per-
form better, regardless of the ML method, our related works
have not focused on studies manipulating big data and deep
learning techniques, which contrasts with the works of [Agar-
wal and Susan, 2023; Nhu et al., 2023; Zhang et al., 2023;
Gupta et al., 2024]. However, we consider that REFEL can
preprocess input data for them.

Testa et al. reviewed literature studies that discovered that
facial expressions can be synthesized through landmark ex-
traction [Testa e al., 2019]. The study predominantly detects
eyes, eyebrows, mouth, face contour, and nose. The authors
observed that ML approaches have been the most used, and
that few studies have applied metrics to evaluate the results.
Like these studies, our experiments measure accuracy, but it
also considers time of response as a fundamental requirement
for recognizing emotions in almost real-time.

Alvarez, Luengo, and Lawrence presented a method that
uses the Euclidean distance between landmarks in the eye
and mouth regions to detect smiles [Alvarez et al., 2013].
The authors employed relative error distribution to validate
accuracy. The final average accuracy and standard deviation
were respectively 94.53% + 2.47%, obtained by using just
the LabeledFacesInTheWild (LFW) dataset.

Cui developed a method for recognizing smiles in images
containing people. The authors used the Euclidean distance
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as an attribute to train an algorithm called Extreme Learning
Machine [Cui et al., 2018], to achieve 93.40% accuracy on
the Genki4k image dataset.

Salman, Madani, and Kissi proposed a method for recog-
nizing facial expressions to train a decision tree called Clas-
sification and Regression Tree. This tree uses the measure-
ments of the distances between the width and height of the
mouth as the feature vector [Salman et al., 2016].

Hassner et al. explored a simpler approach by using an
unmodified 3D reference surface, which approximates the
shape of all input faces [Hassner et al., 2015]. This allowed a
direct, efficient, and easily frontalization method to be devel-
oped. Importantly, this method generates aesthetically pleas-
ing frontal views and proved surprisingly effective for rec-
ognizing faces and estimating gender. In the LFW dataset,
97.5% of the 1432 images were successfully frontalized.

Jia et al. published a review article that presents spon-
taneous and posed facial expression databases and various
computer vision-based detection methods, including meth-
ods specific for detecting smiles [Jia ef al., 2021]. These au-
thors highlighted that the generalization ability is important
for detecting emotions and specific emotions on the basis of
unique facial features.

By considering multimodal input, Bohyet al. developed a
deep learning-based multimodal smile and laugh classifica-
tion system that uses audio and vision-based models as well
as a fusion approach [Bohy et al., 2022]

Through tests with linear and nonlinear classifiers, Guyon
and Elisseeff demonstrated that selecting features reduces
the variability of the studied problem [Guyon and Elisseeff,
2003]. This happens because certain classifiers struggle with
duplicate data, so accuracy tends to increase.

Kwon et al. developed an algorithm that considers vari-
ations in pose, occlusion, lighting, and skin tones in uncon-
trolled settings for recognizing facial emotions. These au-
thors used 3D facial landmarks, normalization and ML in a
non-cited and unavailable dataset (with 2556 face tessella-
tions), to achieve 73.7% accuracy [Kwon et al., 2023]. In
the same context, REFEL achieved 90% accuracy by consid-
ering well-known datasets.

Poulose et al. recognized facial emotion by using facial
landmarks to classify drivers’ emotion. They reached be-
tween 95% and 99% accuracy by using a Deep Learning Ar-
chitecture [Poulose et al., 2021].

Zhang et al. and Nhu et al. also explored a convolutional
network to detect emotion [Nhu et al., 2023]). Specifically,
Zhang et al. grasped the natural spatial relationships among
geometric facial landmarks, but they reached 30-50% accu-
racy [Zhang et al., 2023].

Hossain et al. used an expanded CK dataset (see above)
and employed ML for recognizing facial emotions on the ba-
sis of landmark points and blocks [Hossain et al., 2023]. In
a challenging context, Agarwal et al. investigated the use of
neural networks to recognize emotions from masked faces
during the COVID-19 pandemic.

Choosing a method for recognizing emotions depends on
several factors, including mainly the data available for pro-
cessing, application context (mobile, desktop, controlled or
uncontrolled environments) or scenario (quality of image,
scale, rotation, brightness, luminosity, etc), and desired per-



A Lightweight Method for Almost Real-Time Recognition of Emotions
through Facial Geometry with Normalized Landmarks

formance. When we used different datasets under various
conditions, the accuracy achieved with REFEL resembled
the accuracy obtained with similar methods that considered
specific datasets. REFEL showed excellent response time,
which is a fundamental requirement for real-time emotion
recognition in mobile applications, for instance. This hap-
pened because normalized landmarks are generalized two-
dimensional coordinates, and allow for low-cost and real-
time processing, which is particularly suited to devices with
limited processing capabilities, such as cell phones.

4 Recognizing Emotions through Fa-
cial Expression and Landmark nor-
malization

REFEL aims to recognize facial expressions and human emo-
tions depicted in digital images. Next, we present collections
of digital images (material) and this method.

4.1 Digital Images Datasets

A facial expression dataset is a collection of digital images
or video clips featuring different people acting or expressing
natural emotions. Its content is essential for training, testing,
and validating Machine Learning (ML) algorithms, as well
as for developing facial recognition and facial expression
recognition methods or systems, encompassing emotions. To
experiment REFEL, we selected different datasets aiming
to augment the variability of noises in the manipulated im-
ages. The theoretical basis of human emotions often guided
datasets of digital images for recognizing emotions [Alvarez
et al., 2013]. Six types of facial expressions are assumed to
exist: happiness, fear, disgust, anger, surprise, and sadness,
in addition to the neutral (or indifferent) expression. We se-
lected only datasets with balanced data and this theoretical
foundation (six facial expressions and a neutral expression).
The following facial expression datasets are freely available
and were used to experiment REFEL:

* The Cohn-Kanade Dataset (CK+) consists of 593 se-
quences obtained from 123 subjects. Each sequence
captured images from the onset (neutral frame) to the
peak expression (final frame) of people of various gen-
ders and heritage, aged from 18 to 50 years [Cohn
and Kanade, 2010]. The peak frame is reliably FACS
coded [Ekman and Friesen, 1971] for facial action.

» The Japanese Female Facial Expression (JAFFE) com-
prises 210 images presented by ten Japanese women
[Lyons et al., 2017] in a frontal position.

* Radboud Faces Database (RafD) consists of 1407 im-
ages of 67 actors (Caucasian men and women, European
Caucasian children, and Moroccan men) and comprises
three different rotations of the face and seven emotions
[Langner et al., 2010]. Only RafD provides an addi-
tional emotion labeled as contempt, which was not used.

* The Karolinska Directed Emotional Faces (KDEF) has
4,900 images of 70 actors [Goeleven et al., 2008]. Each
expression is captured from five angles in Sweden.
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* The Nimstim set of Facial Expressions contains 672
frontal images of 43 professional actors, including 18
women and 25 men, aged between 21 and 30 years [Tot-
tenham et al., 2009].

The combined images of all the cited datasets form the
material on which we tested REFEL. We aimed to gather im-
ages depicting emotions while accounting for variations in
age, ethnicity, gender, spontaneity versus acted expressions,
capture equipment settings, focal length, luminosity, fram-
ing, people’s pose (rotated face image and sentiment expres-
sion) and image quality.

4.2 The REFEL Method

REFEL extracts relative positional data of facial structures
and calculates a more accurate measure of facial muscle
movements, such as the movements produced by facial ex-
pressions. Figure 2 shows the steps of the method. Each of
the following subsections describe the various steps of the
method. The last subsection presents an overall algorithm
that represents a systematic and efficient way to accomplish
and to visualize the steps of REFEL.

4.2.1 Capture of Images

The two initial steps focus on capturing and preprocessing
tasks for detecting faces. First, REFEL establishes commu-
nication with the datasets to input the color digital image (see
Figure 2, Step 1).

4.2.2 Gray Scale Conversion

Next, REFEL reduces the three color channels to a single
channel. This simplification aims to streamline digital image
processing, to lower computational demands and to facilitate
feature learning (see Figure 2 - Step 2).

4.2.3 Facial Detection

To reduce the search area, REFEL makes a bounding box
of the Region of Interest (ROI) of each face using His-
togram of Oriented Gradients (HOG). It limits computations
to the most relevant areas for recognizing emotions, which
enhances processing efficiency (see Figure 2 - Step 3).

4.2.4 Landmark Extraction

After focusing the facial area, REFEL outlines the regions of
eyes, nose and mouth as ROI in each image. Pixels must
be changed for the two-dimensional coordinates of points
of reference called landmarks, as mentioned previously (see
Figure 2 - Step 4). In this step, REFEL extracts landmarks
to change data dimensionality. These landmarks are the
REFEL parameters and they include the coordinates of the
eyes, eyebrows, nose, mouth and the face contour. Figure 3
shows the numbering of 68 landmarks of facial images.
After pixels are changed for landmarks, the image domain
comprises only 136 variables, namely 68 coordinates for the
x-axis and 68 coordinates for the y-axis, which reduces data
dimensionality. Furthermore, to minimize the effects of scale
variability of the coordinates, REFEL executes the next step.
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REFEL Method
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Figure 2. REFEL: Recognizing Emotions through Facial Expression and Landmark normalization. Steps: 1 - Capture of the original image (raw data); 2 -
Image processing to gray-scale image; 3 - Pretrained model recognizes the face in the image; 4 - Landmarks are set; 5 - Another pretrained model transforms
the 2D landmarks into 3D landmarks; 6 - The 3D landmarks are rotated to the frontal position; 7 - A new round of face recognition and landmarks setting is
performed; 8 - Coordinates of the evaluated expression are compared with coordinates of the neutral face of the same person, and the delta divergences are

used to create a data vector and to train classifiers.

:

/ 1-17: face conlour

¢ 18-27: eyebrows
28-36: nose

o 37-48: eyes

49-68: mouth

Figure 3. Numbering of the 68 facial landmarks. Facial photo adapted from
https://fei.edu.br/ cet/facedatabase.html, accessed on Apr/1st/2025.

4.2.5 Min-max Normalization of Coordinates

REFEL applies Min-Max (from 0 to 1) normalization to the
coordinates, to reduce scale factors that account for varia-
tions in proximity between the person and the capture device.
The coordinates are normalized by using the minimum and
maximum (min-max) values for each axis, as described in
Equation 1 for the horizontal coordinates on the = axis and
Equation 2 for the vertical coordinates on the y axis. This
normalization process is defined as follows:

. xy—min(z)
i maz(x) — min(z) M
T min(y) 2

maz(y) — min(y)

Thus, all the = and y coordinates are scaled to values be-
tween zero and one,which minimizes the scale effect. x and

1y coordinates assume values between zero and one, minimiz-
ing the scale effect. This transformation does not alter the
proportions between the coordinates. Therefore, the rescaled
face remains similar to the original one and can be used for
facial recognition purposes (see Figure 2 - Step 5). Hence,
the method presented here requires prior knowledge of the
actor in the image.

This step innovates emotion recognition with a constant
O(1) cost and maintains proportionality between coordinates.
The actor’s neutral image is needed for reference. Before
frontalization (next step) is performed, variations in facial
expressions must be recognized.

4.2.6 Frontalization

Frontalization aims to reduce variations in facial rotation,
both horizontally and vertically, with respect to the image
plane, by centering the pose in a frontal manner. The ge-
ometric variability caused by various rotations in both the
x-axis and y-axis are reduced. The coordinates are adjusted
to simulate a frontal position (see Figure 2 - Step 6). Before
frontalization, REFEL recognized the variations in facial ex-
pressions, as previously mentioned.

4.2.77 Normalization by neutral Actor’s Face (Delta
standard)

This step eliminates anatomical variations. First, REFEL
method first needs to recognize variations in facial expres-
sions because anatomical differences among different actors
in the images can be a significant source of noise. Con-
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sequently, detecting morpho-geometric patterns of the face
can be challenging when the aim is to recognize emotions.
Bearing this in mind, we propose evaluating the variation
in patterns when a facial expression is performed. In con-
trast to what is typically done in facial expression detection
[Revina and Emmanuel, 2018; Cui et al., 2018; Mohan et al.,
2021], our approach requires assessing a neutral facial pat-
tern instead of evaluating static morpho-geometric patterns.
Specifically, we propose that a frontal image A of the resting
face (neutral facial expression), as reference, be submitted
to facial detection, landmark extraction, coordinate normal-
ization, and frontalization, to generate 136 reference coordi-
nates to form a vector A.

A second image B, the object of evaluation, undergoes the
same process, to generate 136 coordinates to form vector B.
"£I>1is leads the final information vector K 4B to be created.
A 4p consists of 136 variables, where each coordinate 7 is
obtained as A 4gi = Ai — Bi. Therefore, A 45 contains
the information about the relative variation of the frontalized
coordinates of B with respect to the coordinates of the resting
face A (see Figure 2 - Step 7).

Given that the expression of interest in B is always com-
pared to the expression of the same actor in a neutral position,
previously labeled and known in A, problems of anatomi-
cal variability are minimized. In this way, a static geometric
pattern—such as the one characterizing a smile—can be clas-
sified, and the deformation resulting from this expression can
be quantitatively measured (see Steps 6 and 7 in Figure 2).

4.2.8 Creation of the Coordinate Vector

To concatenate the coordinates into a vector and aiming to
facilitate induction of ML algorithms, REFEL creates a final
feature vector with all the coordinates for each image (see
Figure 2 - Step 8). Thus, REFEL generates feature vectors
based on image coordinates without altering the original im-
ages. The final dimension of the vector is 1 row with 136
columns (68 columns for the x coordinate and 68 columns for
the y coordinate) for each actor, as presented in Figure . One
hundred and thirty-six positions were normalized by coordi-
nates and frontalized, and the neutral face was subtracted for
all of them. The vector in Figure corresponds to the emotion
fear. The coordinates are presented in sequence, meaning 0
and y0, so that the frontalization algorithm can be executed.

[ o [ oo [ wa [ w1 | [ mes [ mvee [ mxer [ mer |

| 0016616 | 0011625 | 0010550 | 0001208 | = = = | 001674 | 0171511 | -0.050333 | o.1es302 |

Figure 4. An example of part of a feature vector corresponding to the emo-
tion fear.

All the steps precede the construction of ML-based algo-
rithms, i.e., the steps pertain to data preprocessing aimed
at better standardizing input information in a feature vector.
The execution of the machine learning algorithm is detailed
in the Experiments Section.

4.2.9 An Overall Algorithm

In summary, Algorithm 1 outlines the technical steps for
recognizing facial emotions within REFEL. The input com-
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prises images obtained from facial expression databases, in-
cluding CK+, RafD, NimStim, KDEF, and Jaffe. The output
is a reusable Machine Learning Model (MLM) tailored for
recognizing emotions. First, REFEL loads the images and
focuses on preprocessing tasks that are essential for detect-
ing faces. These tasks are executed concurrently with im-
age loading. Then, there are three main grouped phases fol-
low: (1) extracting and normalizing reference coordinates,
(2) frontalizing and normalizing, and (3) extracting measure-
ments of the relative position of the facial expression in the
image relative to the actor’s neutral face.

The algorithm starts (line 1) and iterates over all input im-
ages G (line 2) and for each image (line 3) and initiates image
preprocessing (line 3) and facial detection (line 4). If success-
ful (line 5), the processing for reducing data variability se-
quentially runs landmark extraction (line 6), normalization of
x coordinates by using min-max normalization (line 7), nor-
malization of y coordinates by using min-max normalization
(line 8), frontalization of coordinates (line 9), and normal-
ization by the actor’s face (delta pattern) (line 10). Finally,
the coordinates are inserted into the resulting feature vector
(line 11). After all the images are processed, the final vector
undergoes the classification process and the creation of the
MLM (line 14). Several types of ML classifiers exist, and
each has their own structures, rules, processes, and reasoning.
REFEL exploits (i) the connectionist Perceptron that identi-
fies nonlinear relationships between input and output data by
considering a single input and output layer (without hidden
layers); (ii) the instance-based K-Nearest Neighbor (KNN),
which assigns labels on the basis of the closest k-nearest
neighbors, often by using Euclidean distance; (iii) the Deci-
sion Tree (D3), which creates classification rules by splitting
attributes to maximize performance gain; (iv) the ensemble
Random Forest (RFC), which builds multiple decision trees
and aggregates their predictions, to improve generalization
and to reduce overfitting; (v) the neural network Multilayer
Perceptron (MLP) with an input layer, one or more hidden
layers, and an output layer (MLP can solve nonlinear prob-
lems through activation functions); and (vi) the supervised
learning Support Vector Machine (SVM), which is used for
classification, regression, and detection of outliers. The con-
figuration of our overall algorithm is presented next.

5 Experiments and Results

This section presents the experiments we conducted by con-
sidering the presented datasets, the obtained results, and the
discussions regarding REFEL processing.

5.1 Training and Evaluation

We evaluated the proposed REFEL method by using the men-
tioned datasets (see Section 4.1). In its sequence of steps
and after performing all normalization steps, REFEL created
a feature vector comprising a set of 136 coordinates, which
served as input for the SVM, MLP, RFC, Extra Trees, and D3
ML algorithms. These algorithms assess the quality of the ex-
tracted features and the classification of emotions. D3, RFC,
Extra Trees MLP and SVM classified the resulting REFEL
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Algorithm 1 - REFEL

Datasets (G)
ML Models (MLM)

Output...:

BEGIN
WHILE G has images
Load Image G(I) and preprocessing
face < face detection G(I)
IF face # @
coord < 68 Landmarks Extraction
coord ¢— Norm. coordinates x
coord < Norm. coordinates y
coord < Coord Frontalization
coord < Normalization (A)
coordArray < coord
END-IF
: END-WHILE
MLM < Classifier(coordArray)
: RETURN MLM
16: END

R e A A R o S e

e e e
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vector by considering the following configuration: (i) D3,
RFC and Extra Trees set the maximum depth of the nodes
used to 4, while RFC and Extra Trees considered this depth
value along with a tree count parameter set to 1000; (ii)) MLP
algorithm had the number of iterations set to 3000 epochs, a
learning rate of 0.001, and the Adam algorithm to activate the
neural network; and (iii) SVM employed a radial basis ker-
nel to separate categories, with a penalty parameter of C' = 5
to penalize incorrect classifications.

To present the results, we employed graphs depicting the
percentages of accuracy and error were employed. Figure 5
showcases the results regarding emotion recognition through
the sequential execution of the REFEL steps. The INPUT
consisted of the raw data, such as each unprocessed image
obtained from the dataset, while the OUTPUT wss the emo-
tion classified after each REFEL step. The succession of co-
ordinate normalization techniques played a crucial role in im-
proving the accuracy of the results, irrespective of the algo-
rithm employed for classification. Thus, we assume that ML
algorithms took longer to detect patterns in data when nor-
malization was not applied, particularly if the scale factor
(such as the proximity to the image acquisition equipment)
remained unnormalized.

According to Tables 1 and 2, we achieved the best OUT-
PUT performance of REFEL by using SVM, to obtain 87.1%
accuracy and processing time of only 4.33 seconds (s). The
experiments used 10-fold cross-validation during training.
Emotions are suggested to be also universally recognizable
by machines, and their recognition can be effectively per-
formed artificially.

Table 1. Accuracy of each ML algorithm used to recognize emo-
tions by the REFEL method.

Algorithm INPUT Norm. Front. OUTPUT
SVM 0.596 0.675 0.826 0.871
MLP 0.446 0.781 0.837 0.861

ExtraTrees 0.636 0.697 0.818 0.860
RFC 0.652 0.707 0.819 0.860
D3 0.463 0.578 0.743 0.794

Persona, Meloni & Macedo, 2025

— ’/.
081 _—
:7/,,7.
,»//
§ 0.71
>
Q
g
=
§ o5
— SWM
MLP
051 —— ExtraTrees
— RFC
— D3
1+ INPUT 2- Normalization 3- Frontalization 4- QUTPUT

The main steps of the REFEL method
Figure 5. Accuracy evolution for recognizing emotions by using the REFEL
method.

Another important aspect to analyze regarding REFEL is
the processing time of the algorithms in relation to the chain-
ing of normalization steps. According to Figure 6, the data
were consistent and demonstrated that the REFEL steps de-
creased the processing time of all the experimented algo-
rithms. On the basis of Table 2, SVM and D3 provided the
best constant performance. Therefore, the reduced sample
variability in the coordinates, provided by REFEL with min-
max normalization, frontalization, and normalization by ac-
tor’s face, contributes to the good performance of ML algo-
rithms responsible for recognizing human emotion as well as
optimizes the processing time required in each step. These
results proved our hypothesis.
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Figure 6. Processing time evolution for recognizing emotions by using the

REFEL Method.

Table 2. Processing time (seconds) of each ML algorithm used to
recognize emotions by the REFEL method.

Algorithm INPUT Norm. Front. QUTPUT
SVM 22.11 15.82 6.37 4.33
MLP 504.11 390.61 129.04 139.72

ExtraTrees 82.58 74.53 56.64 46.96
RFC 329.19 300.29 280.39 250.33
D3 6.79 5.66 5.58 2.46
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Figure 7. ROC curve for recognizing emotions by using the REFEL and
considering surprise with fear and disgust with anger.

According to Ekman’s work [Ekman and Friesen, 1971],
brightness between the emotions surprise and fear is strong,
even when the latter is an extension of the former. By con-
sidering this and applications that demand fewer than seven
universal emotions, we evaluated REFEL by grouping sur-
prise and fear and disgust with anger.

The ROC (Receiver Operating Characteristic) curves in
Figure 7 were created on the basis of the true positive (TP)
and false positive (FP) rate so that the discriminative capa-
bility of the classifiers, i.e., the ability of the classifier to
classify specific emotions correctly, would be represented.
In the ROC graphs, points closer to (0,1) indicate higher TP
and lower FP and represent a more consistent and general-
izable classification. Thus, Figure 7 presents a ROC graph
depicting comparative analysis of the performance of the var-
ious ML algorithms we used to recognize emotions after im-
plementing all the variability reduction steps of REFEL and
grouping the emotions. The dashed diagonal line represents
how a random classifier performs and serves as a reference
for evaluating the others. Points above the diagonal in the
ROC space represent better classification than points below
the diagonal. By analyzing Figure 7, we can see that the ROC
curves of the SVM and MLP yielded more accurate results
than the others. In conclusion, the average performance of
SVM was the best (over 93%) for the evaluated measures
when we grouped fear with surprise and anger with disgust.

With SVM selected as the classifier for REFEL, Table 3
shows how it performed in terms of accuracy, sensitivity, and
F-measure for the universal emotions studied herein. REFEL
easily identified happiness with accuracy rates above 95%,
even in experiments that used the raw coordinates from the
initial input image. Therefore, REFEL can potentially detect
smile automatically in digital images, which confirms previ-
ous experiments published in [Persona et al., 2023]. Con-
versely, REFEL provided the lowest accuracy and perfor-
mance rates for sadness regardless of the employed tech-
niques and after the REFEL normalization steps were carried
out. The table also shows the result for SVM concerning
the grouped emotion. The two groups had performance rates
above 92%.

Without grouping emotions, Figure 8 shows graph plot-
ted for SVM and MLP produced more accurate results. The
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Table 3. The REFEL method with the SVM classifier.

Emotion Acc Sensit. F-measure
Neutral 0.996 0.999 0.998
Happiness 0.954 0.964 0.959
Sadness 0.861 0.835 0.848
Fear-Surprise 0.932 0.921 0.926
Anger-Disgust 0.927 0.945 0.936

performance of the classifiers varied from 0.87 to 0.92 in
TP (True Positives) and 0.1 in FP (False Positives), which
demonstrated good discrimination. Finally, the average per-
formance of SVM was the best for all the measures evaluated
in the different experiments (over 90%).
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Figure 8. ROC curve for recognizing emotions by using the REFEL method
without grouping emotions.

We have not compared REFEL against our previous work
described in [Persona, 2022], which only manipulated smiles.
However, we compared our classification of emotions with-
out grouping emotions to [Macedo et al., 2024a] and by con-
sidering two groups of emotions: fear with surprise and anger
with disgust. Comparisons of the two ROC curves in Fig-
ures 7 and 8 showed that the grouping emotions improved
the average performance of REFEL. In the literature, we did
not find a baseline as well to assess the results mainly con-
sidering response time, resulting in a lack of comparison to
other state-of-the-art systems. Remarkably, REFEL exhibits
a real-time performance accuracy exceeding 90%.

6 Final Remarks

Emotions provide our first means of nonverbal communica-
tion, which is developed throughout our lives. Through emo-
tions, humans can interact with each other and the environ-
ment where they live. This interaction is possible because hu-
mans almost always translate their emotions into detectable
physical movements, such as facial expressions, which is es-
sential for social interactions.

Although recognizing emotions is trivial for human be-
ings, it is a challenging task for machines and computers.
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Thus, we have developed an artificial emotion recognition
method called REFEL to extract and to analyze the morpho-
metric characteristics of the facial region. REFEL combines
various techniques of digital image processing and statisti-
cal methods to reduce variability in the employed images.
Among these techniques, normalizing coordinates by using
min-max is noteworthy because it can optimize the effects of
scale factor, frontalization (which reduces the effects caused
by facial rotation), and delta normalization (which uses the
actor’s neutral face to identify other emotions), to minimize
the effects of anatomical and racial variations.

Our results demonstrated that REFEL effectively classi-
fies and artificially recognizes human emotions, achieving
over 93% accuracy for grouped emotions and 90% accuracy
for non-grouped emotions, both across various facial expres-
sions from diverse databases. Regarding smile detection
only, we achieved a final accuracy close to 95%, which is
superior to accuracy reported in the literature. REFEL also
surpassed the time processing of methods evaluating it. Here,
we have not exploited quantitative aspects of movements be-
cause our focus was classification. However, REFEL can
measure the intensity and speed of movements. We have
used it in the SofiaFala Project’ [Macedo ef al., 2024b].

The main contribution of this work is our technique for
normalizing facial landmark coordinates - the technique re-
duces the scale factor effect on images. The main limitation
of REFEL is associated with the fact that REFEL is tailored
for contexts which the identity of the actor is assured. How-
ever, this limitation does not pose a problem for applications
such as routine use in detecting driver’s emotion or assistive
technology. The acquisition of landmarks can also be a limi-
tation, but it works effectively up to a rotation of 45 degrees
(left and right). Experiments considering uncontrolled envi-
ronments would demand coupling a routine of face recogni-
tion. Moreover, this work will be continued in terms of:

+ analyzing the performance of REFEL with a greater
number of facial landmark coordinates and a fewer num-
ber of landmarks. For example, face contour coordi-
nates are exploited by REFEL, but recent tests revealed
that removing these coordinates produced nearly iden-
tical results. Although, these parameters are computa-
tionally lightweight, future experiments should explore
the potential of excluding the face contour coordinates
from processing to further simplify the method without
compromising accuracy.

+ analyzing REFEL with three-dimensional coordinates
of facial landmarks.

« using other databases to evaluate the performance of
REFEL, preferably databases with greater representa-
tion of Black and Asian actors. Facial geometry plays a
critical role in extracting landmarks effectively, making
it important to ensure a wide variety of facial structures
in future datasets.

« assessing how REFEL performs in video-based applica-
tions.

* investigating facial recognition with coordinates nor-
malized by min-max and frontalization.

Zhttps://dem. ffclrp.usp.br/sofiafala/ or https://sites.usp.br/sofiafala/
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* using the quantitative responses of REFEL, especially
considering fear and surprise.
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