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Abstract

Body gestures are one of the crucial components of body language and can also be
used for emotion recognition in people. This could include movement and depths
and changes in the motion of the body in a confined environment. However, these
aspects remain less explored to recognise emotion while facial expressions and ex-
amples such as speech-based approaches are widely investigated. This paper intro-
duces a custom method of emotion recognition through facial expressions and body
gestures in people based on Viola-Jones using Matlab images saved in the archive
and a thousand images online collection of a thousand body gestures and facial
expressions. A Viola Jones control model was used to save these images and to
identify features that recognise different forms of emotion saved in the database.
The surroundings of the person also help to map the right emotion and expression
on the face of the person. Tracking points and error tracking were computed for
each class of emotion detected; prediction accuracy is close to 78% for each pre-
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1 INTRODUCTION

A lot of research (Kessous et al.| (2010); Castellano et al.
(2007); |Zhao et al| (2013); |De Gelder| (2016]); Klein-
smith and Bianchi-Berthouzd (2012);|Calbi et al| (2021));
D’Mello and Graesser| (2009);|Sapinski et al.| (2019); |Isi
aka and Adamu;|Dael et al| (2012)) has viewed body ges-
tures to be very crucial features of body language and
less explored emotion recognition. This paper investi-
gated a tentative experimental procedure that recognises
emotion using a custom Voila Jones control model on fa-
cial expression and body gestures with a good number of
Matlab images saved in archives and also online images
of static body gestures and environment input including

[@ose)

the contours and symmetry in clothes and atmo-
spheric disturbance caught in static motion. Their neu-
ral control groups are from different persons or in a
group, just like the simple model used as an example in
this paper. A camera with high image capture was used
to support the experiment. The novel approach here is
to use the control model as a fuse skeleton and color
feature both for background and foreground capture to
support the experiment on the color image capture data.
The results showed that the approach achieved exten-
sive improvements in all categories and also in the over-
all dataset with stronger generalisation and capability of
image processing. For the complete dataset that involves
the image of a person, the surrounding environment (Fig-
ure [1)) is captured which also includes certain body
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postures and gestures as parameters used to identify
the emotion on the face of the person. These are divided
into training and test sets.

10

0

Treining set

Figure 1: Emotion recognition based on multi-view body
gesture perspective at different angles.

In different psychological investigations, it is revealed
that bodily gestures convey very important information
about emotion recognition as a valuable aspect but have
not gained much recognition from the aspect of the sci-
ence community when compared to modalities, such as
facial expression and speech recognition related to emo-
tion recognition. Also, there are certain limited prob-
lems in this area of research. Recent work has also ex-
ploited the hand-grafted features that propose an end-to-
end deep learning approach (Kim et al| (2023);|Naik and
) for gesture-based emotion recognition. In
the initial stage, they adopted the hashing procedure
that extracts the keyframes from some video files and in
the second stage, a convolution LSTM network was used
for exploiting the sequence information. The results ex-
ceed some of the had-grafted results and achieved the
state-of-the-art results for an end-to-end deep learning-
based technique for gesture-based emotion recognition on
the FABO dataset they used and also indicate a promis-
ing future improvement (Mohammed et al.| ([QOIQ) .

et al. (2018); \Mahmoud et al. (2022); Ly et al.

Goyal et al| (2020);|Radoi et al| (2021);
Cui et al.| (2020)).

Other r research has worked specifically on related
changes in facial patterns that give more information
about the emotional state of a person and contribute
to regulating conversations with any person. These ex-
pressions help in understanding the overall mood of the
person in a better way. Facial expressions play an im-
portant role in human interactions and non-verbal com-

Wez et a d );

munication. The classification of facial expressions can
be used as an effective tool in behavioural and cognitive
studies as an analysis that deals with visually recognis-
ing and processing different facial motions and facial fea-
tures’ distinctness. Research (Rado: et al.| (2021); |We
let al.| (2024); |Cui et al| (2020); |Ekman and Rosenberg
(1997);|Ekman and Friesen| (1978);|Donato et al.| (1999);
Correia-Caeiro et al| (2022);|Bartlett et al.
and Vizireany| (2019);|Tian et al| (2001));|Essa and Pent-
land (1997)) was conducted on facial action using action
coding systems to measure facial behaviour. The codes
use different facial movements into action units that are
based on the underlying muscular activity which pro-
duces momentary changes in the facial expression of the
images. An expression can be recognised by correctly
identifying the action unit or combination of the action
units related to a particular expression.

1.1 Emotion recognition as a mental state

Using facial expressions for emotion recognition can be
an intuitive reflection of a person’s mental state, this con-
tains rich enough emotional information and can serve as
one of the most important forms of interpersonal com-
munication. This interpretation can also be used in var-
ious fields such as psychology to understand a person’s
mood and psychological status. (Salovey et al| (2000);
Rauthmann et al| (2015); |Russell (2003); |Gross (1998);

Lazarus (20006)) the book on wisdom in facial recogm—
tion and emotion recognition summarises eight different
methods on how to recognise people’s mood and iden-
tity by choosing the right attributes. One of the charac-
teristics to identify a person is looking at the eyes and
nose for evil and righteousness, the lips tend to curve
up for truth and falsehood; the temperament for success
and fame and also other attributes is based on these fea-
ture searches. Due to the complexity and variability of
the human facial expression for emotional feature extrac-
tion, traditional facial expression technology has become
more at a disadvantage for insufficient feature extrac-
tion and predisposition to external environmental influ-

ences. (Pabba and Kumar| (2022); |Zhang et al. (2020);
Kim| (2007); |Cowie et al| (2001); |Prkachin and Ham-|

mal (2021); [Jain et al. (2016); |Fernandez et al| (2016);
Koelstra et al| (2011); |Isiaka et al| (2022)) proposes a

new approach to feature fusion with a dual-channel ex-
pression recognition module that is based on machine
learning theory and also some philosophical rationale on
the changes in facial expression. The first module takes
in a Gabor feature of the ROI area as input, to make full
use of the detailed features of the active face. The first
segment is set to an active state from the original face
image and used in the Gabor transformation to extract
the emotional features of the area on a face. An effi-
cient channel attention network was proposed based on
depth separable convolution to improve the linear bottle-
neck structural compatibility and reduction of network
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complexity. Overfitting can also be prevented by de-
signing an efficient attention module that combines the
depth of the features mapped to spatial information (I51-
AKA| (2024); Ma et al| (2021)); Fang et al|(2019)). This
part mostly focuses on extracting features, outperform-
ing, and improving emotion recognition accuracy in the
dataset used. The paper follows similar guidelines us-
ing image matching and prediction through sample and
control image processing, the proceeding section briefly
discusses this method.

2 METHOD

At the initial stage, a least of images were saved in Mat-
lab archive, and online images were selected, all con-
taining different images of people in groups or single ap-
pearances. The aim was to conduct an initial study on
the Voila Jones control model to identify persons and
their facial expressions from their surrounding environ-
ment, contours, and symmetry of the lines from the sur-
roundings. The input images were divided into testing
and training sets, where the model has to learn from
the training set. Predictions are made from the im-
ages on each trained set to identify the facial expression
and matching emotion recognised (Figure [3). The Viola
Jones control model is embedded with both a dynamic
control model and a linear model that is used to map
out the facial features and surrounding environments.
The index pages start with the input of multiple im-
ages to identify the facial expression. The image capture
could be both static and still captured from real-time
video surveillance. Though developments in image cap-
ture now allow the processing of practically any form of
video content, additional modification in precision and
efficiency is highly desirable, in particular via the de-
velopment of real-time detection and feedback systems.
The method here demonstrates the application of neural
networks for process monitoring via visual observation of
the workpiece during image processing.

Specifically, the quantification of unintended image
transfer modifications, namely emotion recognition and
body gestures, along with real-time closed-loop feedback
capable of halting image processing are illustrated imme-
diately after matching set through sequential processing.
This approach can detect translations in image move-
ment and position that are smaller than the pixels of the
camera used for observation. The method also utilises
data augmentation that can be used to significantly re-
duce the quantity of experimental data needed for train-
ing an artificial neural network for the images. Inadver-
tently image translations and recognition are detected
synchronously, hence representing the likelihood for si-
multaneous identification of many persons’ image ma-
chining parameters. Neural networks are an ideal solu-
tion, as they require zero understanding of the physical
properties of image and emotion matching, and instead

are trained directly from input and experimental data
from real-time image capture.

3 RESULT

The controllers in Viola Jones are embedded with dy-
namic and linear controls (Figure [2)) to activate the cam-
era and give choices for real-time image capture and in-
put of images from the archive. These images can either
contain facial images of a group of people or a single
person, which are trained to recognise facial expressions
and body gestures that correspond to the rounding en-
vironment. Tracking points are used to locate detection
accuracy in real-time and an aggregate of the tracking
points can also be computed. The tracking frequency
for both background and foreground image detection can
also be adjusted to a high speed for high performance in
detection accuracy; the parameters for emotion recogni-
tion are set in Table [I} each emotion can be detected
based on the class of each correlating emotional response
detected on a particular face.

The database of emotions to be recognised is set to
five classes, “Smile”, “Neutral”, “Sad”, “Angry” and
”Happy” at the pilot stage, each depends on the posture
of the upper body or the lower body, the number of con-
tours and symmetry also depends on a maximum value
between eleven to fourteen. The default is set to zero
if the value allocated to a given expression exceeds the
set limit for each facial expression in the database. The
given attributes of body parts depend on the intensity
of the pose, for instance, if a person is happy or smiling
the posture is a number that vibrates with different con-
tours and lines surrounding them and the wrinkles are
also part of the features. If a person is angry or sad the
continuance is normally stiff with less symmetry around
them.

Sometimes, the detected contours and symmetry can
exist within the maximum set limit for an expression to
be accurately detected, and this is one of the default ef-
fects of prediction accuracy. Figure[d]shows images in the
foreground and background detected with facial expres-
sions and the surrounding contours with purple cascaded
makers; each facial expression is also assigned a different
color for feature identification and accuracy. The happy
and smiling facial expressions can also be assigned similar
values and colors since they both have similar attributes
with the addition of bare teeth for a wide and extremely
happy face. The different colors in the foreground im-
age detection are also part of the attributes and also af-
fect the detection accuracy hence the detection accuracy
mostly depends on the background image capture (Fig-
ure . The background subtraction uses a technical
concept, which allows an image and its facial expression
to be extracted for further object recognition in the fore-
ground image view. The control systems do not require
information about everything in the evolution of body
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Figure 2: : Image processing for emotion recognition based on closed loop feedback.
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Figure 3: The index page f the Viola Jone control model for image capture and tracking.

Table 1: Class of emotion and parameters to identify on a person.

Emotion Name | Body parts Value | Contours Frequency (Hz) Color
Happy Face and upper body 4 10 20 Green
Neutral Face and upper body 5 12 12 Yellow

Sad Face, Upper body and 7 12 34 Red
lower body
Smile Face and upper body 5 10 23 Light blue
Angry Face and upper body 6 12 34 Red

movement in both the real-time and static images but
require information about the scene changes, since the
images’ regions of interest are objects like the contours
and symmetry of the body and facial surroundings.

Background subtraction (Figure @ is used as an ap-
proach for detecting the moving surroundings in terms of
the detecting features that relate to a facial expression
based on body pose and contours in both real-time and
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Figure 4: Foregroundand Background image of images and facial expression detected with cascaded features on
lines and symmetry on body postures and surrounding environment.

static image capture. The rationale of is approach is that
of detection of the moving surroundings for instance in a
video sequence. It sets the difference between the current
frame and a reference frame, often called the background
image. The subtraction is mostly done when the image
to be analysed is part of the features of the input im-
ages or video frame. This provides important for numer-
ous applications designed for the sole purpose of image
processing in surveillance tracking and people pose es-
timation. The background subtraction is also based on
a static background hypothesis which is sometimes not
often applicable to real environments. This is one of the
novel approaches applied here, to add additional features
that can be able to detect the surrounding environments

based on the number of lines and contours surrounding
the images from the input source.

Figure |5 shows the tracking accuracy in real-time on
an aggregate of the input images, the tracking error for
the contour and symmetry flow is reduced by the multi-
view forward-backward tracking and the traced feature
points are divided into the background and the mov-
ing or surrounding environment based on homograph of
the Viola-Jones control model of both camera movement
compensation and symmetry flow. The outlying points
are filtered by the moving average filter and set the size as
a classified emotion value for each facial image detected.
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Tracking and Tracking Error

Figure 5: The tracking error and points of detected facial
images with a moving average filter.

4 CONCLUSION

This paper set out to investigate Viola Jones’s control
model for emotion recognition based on facial expres-
sions and body gestures in a real-time closed loop, the
process uses Matlab images saved in an archive and a
thousand images online with a collection of a thousand
body gestures and facial expressions. A Viola Jones con-
trol model was used to save these images and to identify
features that recognise different forms of emotion saved
in the database. The surrounding environment of the
person also helps to map the right emotion the expres-
sion on the face of the person. Tracking points and error
tracking were computed for each class of emotion de-
tected; prediction accuracy is close to 78% for each pre-
dicted class of emotion. The limitation of the process is
the lack of authentic parameter settings for a background
color for all attributes related to contours and symmetry
of the surrounding environment, so basically, the colors,
values, and body movement are used as the contribut-
ing parameters for object tracking and detection. Future
work would be to compare the results obtained here to
deep learning algorithms and set authentic parameters
related to the environment for detecting emotion from
facial expressions.
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