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Abstract—Automatic emotion recognition is becoming recent research focus today. A facet of human intelligence is the ability
to recognize emotion that is regarded as one of the attribute of emotional intelligence. Although research based on facial
expressions or speech is seen in thrive, recognizing emotions from body gestures has been remained as a less explored topic.
This chapter proposes a machine learning approach to achieve emotional intelligence. A set of Different Bin Level HoG features
(DBLHoG) and Spatio-Temporal Interest Points (STIP) are extracted from human body movements present in each frame and
are fed to a supervised learning algorithm. This experiment is conducted by GEMEP corpus dataset. In this dataset human
expressing the five archetypical emotions likes (anger, joy, sad, fear and pride) using body movements. In this emotions
recognition problem, random forest classifier outperformed the kNN classifier by achieving an overall recognition accuracy of
94.8% for DBLHoG feature. Moreover, the performance can be measured by qualitative approach. Finally, this chapter gives a
brief study on achieving emotional intelligence with a deep learning approach.
Keywords—Emotion Recognition; Human body movements; Histogram of Gradient (HoG); Random forest; k nearest neighbor
(kNN); emotional intelligence; deep learning approach.
————————————————————  ————————————————————

I.

INTRODUCTION

R

ecent research on experimental psychology demonstrated
that emotions are important in decision making and
rational thinking. Over the years, research in emotion
recognition mainly concentrated on facial expression, voice
analysis, full body movements and gestures. In a day to day
communications human beings express different types of
emotions. Understanding human emotions is a key area of
research, since recognizing emotions may provide a plethora
of opportunities and applications for instance, friendlier
human-computer
interactions
with
an
enhanced
communication among humans, by refining the emotional
intelligence. The human communication includes verbal and
nonverbal communication. Sharing of wordless clues or
information is called as non-verbal communication. This
includes visual cues such as body language (kinesics) and
physical appearance. Human Emotion can be identified using
body language and posture. Posture gives information which
is not present in speech and facial expression. For example,
the emotional state of a person from a long distance can be
identified using human posture. Hence human emotion
recognition through non-verbal communication can be
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achieved by capturing body movement. Emerging studies
shows that people can accurately decode emotional cues from
others’ nonverbal communications and can make inferences
about the emotional states of others.
A certain group of body actions is called as gestures. The
action can be performed mostly by the head, hands and arm.
These cues together and convey information of emotional
states and the content in the interactions. In the past decade, a
plenty of effort has been taken to recognize emotions
automatically through their combinations. The research was
conducted with audio, facial expression and followed by
bodily expressions. With the support from psychological
studies, identifying emotions from human body movement
has plenty of applications. Suspicious action recognition to
alarm security personal, human computer interaction, health
care and to help autism patients is a few of the application
areas of automatic emotion recognition through body cues.
This chapter aims to investigate which are the motion cues
that indicate difference between emotions and to define a
model to recognize emotions from video analysis of body
movements and gesture dynamics. The possibility to use
motion and gestures as indicators of the state of individuals
provides a novel approach to quantitatively monitor and
estimate the users in an ecological environment and to react
adaptively to them. This approach recognizes emotional states
such as anger, joy, sad, fear etc. based on body movement
analysis. From the recent literature it is evident that different
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emotions are often associated with various body movements.
The speed, amplitude and fluidity of movement express
specific emotions from human body movement. The analysis
of emotional behavior that provides indicators describing the
dynamics of expressive motion cues using discrete actions.
Finally, an application to automatically recognize the
emotions of autism people is proposed.
The human communication includes not only the language
spoken, but also non-verbal cues as hand, head and body
gestures, tone of the voice. These non-verbal cues are also
used to express feeling and give feedback like facial
expression. The communication greatly improves by
understanding and knowing how to respond to people’s
expression. The important role in psychological research area
is to develop the concepts that may support the HCI (Human
Computer Interaction) technologies and understanding
human emotions [1]-[3]. The fundamental emotions like anger,
neutral, happy, fear, disgust, sadness, surprise, etc., are the
particular emotions are related to certain human body
movements. For example: joy brings upward acceleration of
the fore arms and make body to openness, fear gives to
contrast the body, the signal of fear and sadness brings body
turning away. Body turning towards indicates happiness,
anger, surprise. A recent survey reviews the literature on
emotion recognition from body posture and movement, and
discusses the main challenges in collecting appropriate data
sets and ground truth labelling. Both automatic recognition of
emotion and generation of affect- expressive movements are
developed by computational model [2].
The emotion recognition systems provide applications in
several motivating areas: In surveillance field, estimate
emotional state of students in intelligent tutoring systems, to
predict and prevent whether a person going to act any
suspicious activity, social robotics for social interaction,
monitor player’s motivation and interest in games, in medical
field to monitoring depression levels of patients and provide
applications for autism and dementia patients. Some other
application
domains
are,
Educational
Software,
Telecommunications, Automobile Safety, Video Games,
Animations, Psychiatry, Robotics, affect sensitive HCI, etc. [1],
[2].
In this chapter, an emotion recognition method is
proposed based on HOG feature with different bin levels.
First, the video present in the datasets are preprocessed and
plot bounding box for human present in the frame. Hence,
using different bin levels, extract the HOG feature for that
human in the frame for training set. Then, the feature points
are stored as training sample and extract same feature points
for testing set and stored it as testing sample. Finally, classify
emotions using Random Forest and kNN classifier. The high
motion corner points are tracked by KLT tracker. The
experiments are conducted using GEMEP database.
The rest of the chapter is organized as follows: Sec. II
describes the literature survey; Sec. III discusses the emotion
recognition approaches; Sec. IV narrates the overview of
emotion recognition from static action sequence; Sec. V gives

the result and discussions; Sec. VI illustrates the deep
emotional intelligence, and finally, Sec. VII concludes the
chapter.

II.

RELATED WORKS

Ashwini Ann Varghese, et al. [1] described the different
types of approaches and developed a real time emotion
recognition system used for recognizing human emotions.
Stefano Piana, et al. [2] proposed automatic emotion
recognition in real-time from body movements. The real time
video is captured and converted into 3D skeletal frames using
advance d video capturing system. From the sequences of 3D
skeletons, the kinematic, geometrical and postural features are
extracted and given to the multi-class SVM classifier to
categorise the human emotion. Michelle Karg, et al. [3]
summarized the survey on generation of such body
movements and the state of the art on automatic recognition
of emotion. The important characteristics such as the
representation of affective state, the body movements
analysed and the use of information systems are discussed.
Donald Glowinski, et al. [4] presented a framework for
behaviour recognition from human upper body movements.
The reduced amounts of visual information are used to
analysis the affective behaviour of body movements. The aim
of the work is to individuate a representation of emotional
displays depends on nonverbal gesture features. W. Wang et
al. [5] proposed an advanced real-time system for human
body movements to recognize emotions continuously. The
high-level kinematic features, geometrical features and the
united 3D postural features are given to the input of random
forests classifier. Nesrine Fourat, et al. [6] described a system
for recognition of emotion depends on different actions,
different expression of emotions and low-level body cues from
human body movement. To recognition the emotion from
these aspects, the features extracted from the various parts are
fed to the Random Forest classifier.
Nele Dael, et al. [7] developed a body posture and body
action coding system from body movement on an anatomical
level is different articulations of body parts, direction and
orientation of movement. Ioanna-Ourania Stathopoulou, et al.
[8] conducted a survey on recognizing human emotion from
hand/arms, gestures and body movements. M. Melissa Gross,
et al. [9] develops a robust technique for assessing human
body expression based on movement characteristics with
positive and negative emotions. Gokcen Cimen, et al. [10]
described the study to analyse the spatial and temporal
information structure of the motion capture data and extract
features that are related to affective state descriptors. Haris
Zacharatos, et al. [11] performed the survey on recent
advances in developing robust techniques and modalities for
automatic human emotion recognition system from body
movements. Here the importance of body movement
segmentation are discussed and advanced application areas
are described. Ginevra Castellano, et al. [12] proposed an
analysis of emotional behaviour system based on classification
of time series and dynamics of expressive motion cues. M.
Kalaiselvi Geetha et al. [13] proposed a video retrieval
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application for shot detection and video classification using
Block intensity comparison code (BICC) and unsupervised
shot detection. A novel AANN misclusting Rate (AMR)
algorithm was used to detect the shot transitions. Jyoti Joshi,
et al. [14] developed the automatic depression analysis system
from human gestures and upper body expressions. The bag of
words and space-time interest points is developed for the
analysis of facial and upper body movements. Mohamed
Bêcha Kaâniche, et al. [15] proposed a robust gesture
recognition system using learning local motion signatures
(LMSs). Navneet Dalal, et al. [16] studied the human detection
and robust visual object recognition using adopting linear
SVM. They showed the performance of human detection
using feature sets of Histograms of Oriented Gradient (HOG)
descriptors.
Pyry K.Matikainen, et al. [17] proposed a quantized
trajectory snippets method for tracked features. This method
is a simple feature tracking method and computationally
efficient for motion detection. J. Arunnehru and M. Kalaiselvi
Geetha [18] developed motion projection profile (MPP) feature
on Region of Interest (ROI) for automatic activity recognition
from body movement. Sudipta N. Sinha, et al. [19] proposed
real time vision systems for video analysis to describes SIFT
feature extraction algorithms and novel implementations of
the KLT feature tracking. J. Arunnehru et al. [20] developed
motion intensity for real time action recognition in
surveillance video using Region of Interest (ROI) from the
difference image. J. Arunnehru et al. [21] developed an
Automatic human emotion Recognition in surveillance video
based on gesture dynamic’s features and the features are
evaluated by SVM, Naïve Bayes and Dynamic Time
Wrapping.

III.

EMOTION RECOGNITION APPROACHES

In a daily human life emotion plays an important role. The
visual signals received from video cameras are useful to
generate
intelligent
descriptors
of
visual
sense.
Communication between human includes speech of human
and also some non-verbal cues as tone of the voice, facial
expression, hand and body gestures, which are used to
express feeling. In a voice based emotion recognition system,
some important voice based features are chosen for
recognizing emotion. The utterance level features like
maximum and minimum of pitch contour, mean, energy,
standard deviation are calculated. Similarly, a facial
expression gives most important clues about human emotions.
The regions of the face, local spatial position and displacement
of specific points are some important features used from facial
expressions. In a human emotion recognition system, still
some expansions are to be made in the existing techniques,
particularly if the surveillance camera is far from the person,
recognizing emotion is too difficult in tone of the voice and
facial expression techniques.
To overcome this problem, the recognition of emotion
from gestures and human body movements gives a better
performance than other techniques. In a computer vision the
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most important active research topic is human motion
analysis. From the input video, the aim is to detect and track
human to interpret human behaviors. Although there are a lot
of researches on human motion analysis, human tracking and
gesture analysis, there are few researches regarding emotion
recognition from gestures and body movements.

Figure 1. General architecture of emotion recognition approach

These methodologies use video camera to capture the
event and processed the data in the form of digitized video
sequences. The motion from video sequences is analyzed and
recognizes the human emotion. The computation of different
bin level magnitude g and orientation θ that gives a compact
representation of motion information and the STIP feature are
extracted from the sequences of gray frames is proposed in
this chapter as shown in Fig. 1 emotion recognition
approaches are normally based on motion identification from
video sequence. The following discussions briefly explain the
approaches for motion detection and image feature
representation. This is helpful to discriminate human emotion
from various levels of granularity. Emotion refers to the
intricate sequence of motion patterns performed in a restricted
style. For example, the emotion for the phrase ‘angry’
indicates the sequences of motion patterns such as forward
head, forward arms and forehand. Similarly, recognizing a
human emotion really involves classifying basic emotions
such as angry, joy, sad, fear and pride. Thus the emotion
recognition approaches naturally follow a hierarchical pattern.
Lower level involves human detection, tracking and detection.

IV.

EMOTION RECOGNITION FROM STATIC ACTION
SEQUENCES – OVERVIEW

For better understanding of the underlying study of this
chapter, static action sequences of human emotion are
experimented.

Figure 2. Videos into RBG frames and RGB frames into gray frames
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Dataset comprising of different types of emotion such as angry, joy,
fear, sad and pride are performed by several actors for experimental
purpose. This work employs feature extraction approach and
classifiers reveals promising outcomes.

Figure 4. Extraction of DBLHoG feature from gray image

Figure 3. Bounding box of human detection in one frame

The overview of the proposed approach is shown in Fig. 2.
The input videos are converted into RGB frames and it is
converted into gray frames. To detect the human in the frame,
the gray frames are converted into binary frames and then put
bounding box around human body. These processes are called
as pre-processing. From the sequences of gray frame, the
Different Bin Level HoG (DBLHoG) features and SpatioTemporal Interest Point (STIP) features are extracted and
stored separately. The k Nearest Neighbor and Random forest
are employed to classify the trained and test video to
recognize the human emotion. The pre-processing block
converts videos into RGB frames and RGB frames into gray
frames of all input videos, which are shown in Fig. 2. The
human detection from gray frame using bounding box is
shown in Fig. 3 for angry emotion.

Compute a feature vector vij for each cell cij in the block.
The Equation (3) defines the weighted gradient magnitude by
quantizing the unsigned orientation into K orientation bins.
𝑣𝑖𝑗 = [𝑣𝑖𝑗 (𝛽)]𝑇

𝛽∈[1….𝐾]

(3)

The Equation (4) defines the 𝑣𝑖𝑗 (β)
𝑣𝑖𝑗 (𝛽) = ∑(𝑎,𝑏)∈𝑐𝑖𝑗 𝑔(𝑎, 𝑏)𝛿[𝑏𝑖𝑛(𝑎, 𝑏) − 𝛽]

(4)

The index of the orientation bin with the pixel (a, b) returns
the function bin (a, b) and the function δ [] is the Kronecker
delta. The coefficient ρ normalize the feature vector in all cells
from 2D descriptor of block.
𝜌 = ∑3𝑖=1 ∑3𝑗=1 ∑𝐾
𝛽=1 𝑣𝑖𝑗 (𝛽)

(5)

A. DBLHoG Feature Extraction

In order to obtain a n-dimensional feature vector, the
different bin level feature values are concatenated into a
distinctive vector. Using this approach, the features are
extracted for different bin level such as (9, 15, 20, 25, 30) of
train and test dataset. The extracted features are modeled by
the kNN and Random forest classifiers for emotion detection.

The HoG feature is defined as Local object appearance and
shape can often be characterized rather well by the
distribution of local intensity gradients of the corresponding
gradient [23]. The last line said that the description of the
HOG method that has been used in its higher form in Scale
Invariant Features Transformation (SIFT) and it has been
broadly demoralized in human detection [24]. The subsequent
building of a 1D histogram whose concatenation supplies the
feature vector from the HOG descriptor using gradient
directions among the pixels in the cell. The image to be
analyzed as intensity function L. The image is further divided
into cells with the size of 3 × 3 pixels with different histogram
bins (9, 15, 20, 25, 30).

Track the most important motion points in human body
can be done by using Harris corner detector. It is one of the
best corner detector algorithms. It is used to detect corner
points for human in the frame. For every frame the corner
points can be changed due to movement in the human body
like hands and heads. Depends upon the human body
movement all frames have different corner points. By
maximizing the corner strength, the most important two
corners are selected and ensuring a minimum distance
between them. Then, the two most important corner points are
tracked throughout the sequence of frames. From this method,
the maximum motion of human body parts can be tracked
using Kanade–Lucas–Tomasi (KLT) algorithm.

𝑔(𝑎, 𝑏) = √𝑔𝑥 (𝑎, 𝑏)2 + 𝑔𝑦 (𝑎, 𝑏)2
Θ(a,b) = 𝑎𝑟𝑐𝑡𝑎𝑛

𝑔𝑦 (𝑎,𝑏)
𝑔𝑥 (𝑎,𝑏)

(1)
(2)

The Equation (1) and Equation (2) defined the gradient
magnitude g and the gradient orientation θ. These equations
are used to compute magnitude g and orientation θ for all the
pixels in the block from the image gradients.

B. Kanade–Lucas–Tomasi (KLT) Tracking Algorithm
The selected most important corner points from Harris
corner detector are to be tracked using KLT tracker. A new
computed corner points connected to a newly detected corner,
when an old corner points are vanished. Wherever the image
motion is high (most important corner points) the interest
points between consecutive video frames are generated by
KLT tracking algorithm [24, 25]. The sum of squared distances
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(SSD) is minimized by using Newton’s method. Let F(*,*,t) be
the video frame at time t. The image point (g, h) between time
t and t+ Δt, denoted by (Δg, Δh) is small, then
𝐹(𝑔, ℎ, 𝑡 + ∆𝑡) = 𝐹(𝑔 + ∆𝑔, ℎ + ∆ℎ, 𝑡)

(6)

Approximating the Taylor expansion F (g + d, t), to
estimate the unknown d obtains the next linear system, where,
image gradient vector at position x is denoted by H = [

𝜕𝐼 𝜕𝐼

𝜕𝑥 𝜕𝑦

(∑𝑤 𝐻 𝑇 𝐻 )(𝑑) = ∑𝑊 𝐻 𝑇 ∆𝐼(𝑌, ∆𝑡)

] .
(7)

By using both images, the difference of the KLT equation
is proposed by Tomasi. This equation, derived in [26] is
identical to Equation (8)
𝜕(𝐼(∗,𝑡)+ 𝐼(∗,𝑡+ ∆𝑡)) 𝜕(𝐼(∗,𝑡)+ 𝐼(∗,𝑡+ ∆𝑡))

𝐻= [

𝜕𝑥

𝜕𝑦

]

(8)

The tracking points are selected by important corner
points from Harris corner detector
𝐶 = min(𝑒𝑖𝑔(∑𝑊 [

𝜕𝐼 𝜕𝐼 𝑇 𝜕𝐼 𝜕𝐼

𝜕𝑥 𝜕𝑦

] [

𝜕𝑥 𝜕𝑦

]))

(9)

The Fig. 5 shows the tracking points of most important
motion points in all videos of angry, joy, fear, sad and pride
emotions. The tracking points are pointed by circle shape and
which indicates the most important motion point’s moves
along with human body part.
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integrated over a Gaussian window with variance 𝜎𝑖2 and
2
scale of observation 𝜎𝑚
2 , 𝜎 2 ) = ℎ 𝑠𝑝 (. ; 𝜎 2 ) ∗ ((∇𝑀(. ; 𝜎 2 )) (∇𝑀(. ; 𝜎 2 )) 𝑇 ) (12)
𝜇 𝑠𝑝 (. ; 𝜎𝑚
𝑚
𝑚
𝑖
𝑖
𝑠𝑝 2

(𝑀𝑎 )
= ℎ 𝑠𝑝 (. ; 𝜎𝑖2 ) ∗ ( 𝑠𝑝 𝑠𝑝
𝑀𝑎 𝑀𝑏

𝑠𝑝

𝑠𝑝

𝑀𝑎 𝑀𝑏

𝑠𝑝 2
(𝑀𝑏 )

)

(13)
𝑠𝑝

𝑠𝑝

where ‘∗’ denotes the convolution operator, and 𝑀𝑎 and 𝑀𝑏
2 according
are Gaussian derivatives computed at local scale 𝜎𝑚
𝑠𝑝
𝑠𝑝
𝑠𝑝
2
𝑠𝑝
𝑠𝑝
2 ) ∗𝑓 𝑠𝑝
to 𝑀𝑎 = ∂a (ℎ (·; 𝜎𝑚 ) ∗𝑓 (·)) and 𝑀𝑏 = ∂b (ℎ (·;𝜎𝑚
(·)). The second moment descriptor can be thought of as the
covariance matrix of a two-dimensional distribution of image
orientations in the local neighborhood of a point. Hence, the
eigen values 𝜆1 , 𝜆2 of 𝜇 𝑠𝑝 constitute descriptors of variations in
𝑓 𝑠𝑝 along the two image directions. Specifically, two
significantly large values of 𝜆1 , 𝜆2 indicate the presence of an
interest point. Harris and Stephens (1988) proposed to detect
positive maxima of the corner function
𝐼 𝑠𝑝 = det(𝜇 𝑠𝑝 ) − 𝐾 𝑡𝑟𝑎𝑐𝑒 2 (𝜇 𝑠𝑝 )
= 𝜆1 𝜆2 − 𝐾(𝜆1 +𝜆2 )2

(14)
(15)

The ratio of the Eigen values 𝛼 = 𝜆2 /𝜆1 has to be high at the
positions of the interest points,. From (4) it follows that for
positive local maxima of Hsp, the ratio 𝛼 has to satisfy k ≤
𝛼/(1+ 𝛼)2. Hence, if set k = 0.25, the positive maxima of H will
only correspond to interest points with 𝛼 = 1, i.e. 𝜆1 = 𝜆2 .
Interest points are detected by lower values k with more
elongated shape, corresponding to higher values of 𝛼. k = 0.04
is the commonly used values corresponding to the detection
of points with 𝛼 < 23.
Interest Points in the Spatio-Temporal Domain: An
operator is developed for temporal image sequences at
specific locations for proper respond of events with specific
extents in space-time. By requiring the image values the
notion of interest points are extending in spatial domain. Both
the spatial and the temporal directions have large variation in
local spatio-temporal volumes [27]. To model a spatiotemporal image sequence, use a function f : R2 × R → R and
construct its linear scale-space representation M:R2 × R × R2 +
→ R by
2 , 𝜏 2 ) = ℎ(. ; 𝜎 2 , 𝜏 2 ) ∗ 𝑓(. )
𝑀(. ; 𝜎𝑚
𝑚
𝑚 𝑚

The convolution of f with an anisotropic Gaussian kernel1
2 and temporal variance
with independent spatial variance 𝜎𝑚
τ

Figure 5. Tracked motion points for basic emotions.

C. Spatio-Temporal Interest Point Extraction

2 , 𝜏2 ) =
ℎ(𝑎, 𝑏, 𝑡; 𝜎𝑚
𝑚

In the spatial domain, we can model an image f sp : R2 → R
by its linear scale-space representation Msp:R2 × R+ → R
2 ) = ℎ 𝑠𝑝 (𝑎, 𝑏; 𝜎 2 ) ∗ 𝑓 𝑠𝑝 (𝑎, 𝑏)
𝑀 𝑠𝑝 (𝑎, 𝑏; 𝜎𝑚
𝑚

(10)

2 is the convolution and Gaussian Kernals of
f sp and 𝜎𝑚
variance
2) =
ℎ 𝑠𝑝 (𝑎, 𝑏; 𝜎𝑚

1
2
2𝜋𝜎𝑚

2)
𝑒𝑥𝑝(−(𝑎2 + 𝑏 2 )/2𝜎𝑚

(16)

(11)

To find the spatial locations Harris interest point detector
is used. where f sp has significant changes in both directions.
This point can be found using a second moment matrix

1
4 2
√(2𝜋)3 𝜎𝑚
𝜏𝑚

2 − 𝑡 2 /2𝜏 2 )
𝑋 exp(−(𝑎2 + 𝑏 2 )/2𝜎𝑚
𝑚

(17)
(18)

The temporal domain is essential for using a separate scale
parameter. The interest point operator depends on both the
spatial and the temporal scales of observation. The separate
2 and 𝜏 2
treatment of the corresponding scale parameters 𝜎𝑚
𝑚
are required. Similar to the spatial domain, Spatio temporal
second-moment matrix is a 3-by-3 matrix composed of first
order spatial and temporal derivatives. Which are averaged
using a Gaussian weighting function.
ℎ(. ; 𝜎𝑖2 𝜏𝑖2 )
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𝑀𝑎2
𝜇 = ℎ(. ; 𝜎𝑖2 , 𝜏𝑖2 ) ∗ (𝑀𝑎 𝑀𝑏
𝑀𝑎 𝑀𝑡

𝑀𝑎 𝑀𝑏
𝑀𝑏2
𝑀𝑎 𝑀𝑡

𝑀𝑎 𝑀𝑡
𝑀𝑏 𝑀𝑡 )
𝑀𝑡2

(20)

2
where 𝜎𝑖2 and 𝜏𝑖2 are integration scales for local scales 𝜎𝑚
and
2
2
2
2
2
𝜏𝑚 according to 𝜎𝑖 = s𝜎𝑚 and 𝜏𝑖 = s𝜏𝑚 .
2 , 𝜏 2 ) = 𝜕 (ℎ ∗ 𝑓)
𝑀𝑎 (𝜎𝑚
𝑚
𝑎

(21)

2 , 𝜏2 )
𝑀𝑏 (𝜎𝑚
𝑚

= 𝜕𝑏 (ℎ ∗ 𝑓)

(22)

2 , 𝜏2 )
𝑀𝑡 (𝜎𝑚
𝑚

= 𝑡(ℎ ∗ 𝑓)

(23)

The Equations (21), (22), and (23) are the first order
derivatives. The regions in f having significant eigenvalues λ1,
λ2, λ3 of μ are used to detect the interest points. By combining
the determinant and the trace of μ, the Harris corner function
(4) defined for the spatial domain into the spatio-temporal
domain as follows:
𝐻 = 𝑑𝑒𝑡(𝜇) = 𝐾 𝑡𝑟𝑎𝑐𝑒 3 (𝜇)

(24)

𝜆1 𝜆2 𝜆3 = 𝑘(𝜆1 +𝜆2 + 𝜆3 )

(25)

where H is the positive local maxima correspond to points
with high values of λ1, λ2, λ3 (λ1 ≤ λ2 ≤ λ3), α = λ2/λ1 and β =
λ3/λ1 are the ratios and re-write H as
𝐻 = 𝜆13 (𝛼𝛽 − 𝑘(1 + 𝛼 + 𝛽)3 )

According to the k learning samples, the classification
algorithm finds the test sample’s categories which are the
nearest neighbor to the test sample. However, the
classification algorithm needs to compute all distance between
training sample and testing sample. The process of k nearest
neighbor algorithm to categorize sample S. Assume q training
samples A1,A2,…,Aq. After feature reduction N is the
addition of the training samples and get n-dimension feature
vector. The all training samples (S1, S2,…, Sn) have the same
feature vector of sample S and evaluate the similarities among
them. For example taking the pth sample bp (bp1, bp2,…,bpn)
and the similarity SIM(S, bp) is [28]:
𝑆𝐼𝑀(𝑆, 𝑏𝑝 ) =

∑𝑛
𝑞=1 𝑆𝑞 .𝑏𝑝𝑞
2

2

𝑛
√(∑𝑛
𝑞=1 𝑆𝑞 ) .√(∑𝑞=1 𝑏𝑝𝑞 )

(27)

The Larger N similarities, SIM(S, 𝑏𝑝 ), (p=1, 2,…, N), of k
samples are chosen and consider them as a k nearest neighbor
collection of S. Then, the probability of S can be calculated
using this formula.
𝑅(𝑆, 𝐴𝑞 ) = ∑𝑏(𝑆, 𝑏𝑝 ). 𝑦(𝑏𝑝 , 𝐴𝑞 )

(28)

where y(bp, Aq) is a category attribute function.

(26)

H ≥ 0, is the requirement and get k ≤ α β / (1+α+ β)3 . k = 1/27
is the maximum possible values, when α = β = 1.

E. Random Forest
The Random Forest (RF) is the other type of supervised
machine learning algorithm. Regression and classification
problems can be solved by this algorithm. There is a
relationship between results obtained and number of trees in
the forest. The two steps in this algorithm are as follows [29]:
Random forest creation algorithm:
Step 1: Select “k” features randomly from total “m”
features, where k<<m
Step 2: Using best split point calculate the node “d” from
the “k” features
Step 3: Using best split, divide node into daughter node

Figure 6. STIP feature extraction from gray frame

For sufficiently large values of k, both the spatial and the
temporal directions correspond to positive local maxima of H
with high variation. In the spatial domain α, β to 23 is the set
of maximum value and value of k to be used in H (8) will then
be k ≈ 0.005. Thus, can be found by detecting local positive
spatio-temporal maxima in H, the spatio-temporal interest
points of f are calculated. Using this method, the STIP feature
are extracted, which is shown in the Fig. 6.

Step 4: Repeat the steps 1 to 3, until one number of nodes
has been reached
Step 5: To create n number of trees, repeating the steps 1 to
4
Random forest prediction algorithm:
Step 1: To predict the output by using randomly created
decision tree and test features.
Step 2: Calculate the votes for each prediction
Step 3: Final prediction from this algorithm can be
considered by high voted prediction.

V.

D. k Nearest Neighbor (kNN)
k Nearest Neighbor algorithm have been used since 1970
in many fields like statistical estimation and pattern
recognition etc. k nearest neighbor is a simple and popular
technique for pattern recognition field. It is a type of
supervised learning method. It is said to be a lazy learning
where the function is only approximated locally. k nearest
neighbor is a non-parameter algorithm where samples are
classified depends on the category of their nearest neighbor.

RESULTS AND DISCUSSIONS

F. GEMEP dataset
The GEneva Multimodal Emotion Portrayals (GEMEP) is a
set of audio and video recordings. The 18 affective states of
emotional expression can be acted by 10 actors. They acted in
various types of expression and verbal contents. From that
five basic emotions (Angry, Joy, Fear, Sad and Pride) have
been chosen for this work. There are 10 actors (5 males and 5

Manuscript ID = 225 — Copyright © 2018 International Computer Science and Engineering Society (ICSES) — ISSN: 2467-292X
Website: www.i-cses.com — E-mail: info@i-cses.com

Image Segmentation: A Guide to Image Mining, An ICSES Book published by ITIPPR, Vol. 4, No. 4, December 2018

females) were acted in each emotion videos. The resolutions of
the recorded videos are 720 × 576 and each video has 25
frames per second (fps) [30].
This experiment is conducted in MATLAB R2015a in
computer with windows 7 operating system and Intel Xeon
X3430 processor 2.40 GHz with 8 GB of RAM. The feature
extraction techniques are explained in above section, using ndimensional DBLHoG features and STIP features are
extracted. The metrics of the proposed feature is tested on
kNN and random forest classifiers.
According to the
histogram bins, different sets of features were extracted with
different dimensional levels. There are five different
dimensional levels of feature were used. Those extracted
features are given to the kNN and Random forest classifiers
one by one. Accuracy, Recall, F-Score, Specificity and
Precision are the measuring assessment for this execution. The
factual evaluation of Accuracy, Recall, F-Score, Specificity and
Precision are given as follows.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

89

𝑡𝑝

(32)

𝑡𝑝+𝑓𝑝

where, tp is the numbers of true positive and fp is the false
positive predictions. A good classifier can provide both recall
and precision values high. The harmonic mean of precision
and recall is called as F-measure.
𝐹 − 𝑆𝑐𝑜𝑟𝑒 = 2

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑋 𝑅𝑒𝑐𝑎𝑙𝑙

(33)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙

where, tp is the quantity of true positive and tn is the true
negative prediction of the class and fp is the quantity of false
positive and fn is the false negative expectations.
G. Performance measure of STIP feature with kNN
The recognition accuracy (%) of kNN classifier shows in
table I shows the confusion matrix in percentage. The
percentage of instance that was classified accurately are
illustrates in the diagonal of confusion matrix. Each emotion
class occurrence is spoken to by the lines and the emotion
class anticipated by the classifier is spoken to by the sections.
The emotions like sad, fear and pride are grouped well with
precision more noteworthy than 96%. From this, angry and
joy emotions are confused as curve, where these two emotions
instinctively appear to be difficult to recognize.
TABLE I
RECOGNITION ACCURACY (%) FOR ANGRY, JOY, FEAR, SAD AND PRIDE
IN KNN CLASSIFIER

Figure 7. Sample frames of five basic emotions (Angry, Joy, Fear,
Sad and Pride)

The ratio between sum of correct classifications and total
number of classifications is called as accuracy.
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑡𝑝+𝑡𝑛

(29)

𝑡𝑛+𝑓𝑝+𝑡𝑝+𝑓𝑛

The ratio between correctly labeled instances and total
instances in the class is said to be Recall.
𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑡𝑝
𝑡𝑝+𝑓𝑛

(30)

where, tp is the numbers of true positive and fn is the false
negative predictions. The total number of test examples of the
particular class is given by tp + fn.
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑡𝑛
𝑡𝑛+𝑓𝑝

(31)

The ratio between correctly labeled instances and total
labeled instances is called as Precision (P). It is a percentage of
positive predictions in specific class that are correct.

ANGRY

JOY

FEAR

SAD

PRIDE

ANGRY

81.6

18.4

0

0

0

JOY

20.9

79.1

0

0

0

FEAR

1

0

97.9

0

1.1

SAD

0

0

0

98.6

1.4

PRIDE

1

1

0.9

1

96.1

H. Performance measure of STIP feature with Random
Forest
The recognition accuracy (%) of Random forest classifier
shows in Table II shows confusion matrix in percentage. The
percentage of instance that was classified accurately are
illustrates in the diagonal of confusion matrix. The emotions
like sad, fear and pride are grouped well with precision more
noteworthy than 97%. From this, angry and joy emotions are
confused as curve, where these two emotions instinctively
appear to be difficult to separate.
TABLE II
RECOGNITION ACCURACY (%) FOR ANGRY, JOY, FEAR, SAD AND PRIDE
IN RANDOM FOREST CLASSIFIER
ANGRY

JOY

FEAR

SAD

PRIDE

ANGRY

84.4

15.6

0

0

0

JOY

18.7

81.3

0

0

0

FEAR

1

0

97.6

0.3

1.1

SAD

0

0.3

0

98.3

1.4

PRIDE

0

0

0.9

1

98.1
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I. Performance measure of different bin level HoG feature
with kNN

TABLE III
RECOGNITION ACCURACY (%) FOR ANGRY, JOY, FEAR, SAD AND PRIDE
IN KNN
ANGRY

JOY

FEAR

SAD

PRIDE

ANGRY

82.7

17.3

0

0

0

JOY

19.8

80.2

0

0

0

FEAR

0

1

97.8

0

1.2

SAD

0

0

1.5

98.5

0

PRIDE

0

1

0.7

1

97.3

J. Performance measure of different bin level HoG feature
with Random Forest
The recognition accuracy (%) of Random Forest classifier
shows in Table IV shows the confusion matrix in percentage.
The percentage of instance that was classified accurately are
illustrates in the diagonal of confusion matrix. Each emotion
class occurrence is spoken to by the lines and the emotion
class anticipated by the classifier is spoken to by the sections.
The emotions like sad, fear and pride are grouped well with
precision more noteworthy than 97%. From this, angry and
joy emotions are confused as curve, where these two emotions
instinctively appear to be difficult to recognize.
TABLE IV
RECOGNITION ACCURACY (%) FOR ANGRY, JOY, FEAR, SAD AND PRIDE
IN RANDOM FOREST CLASSIFIER
ANGRY

JOY

FEAR

SAD

PRIDE

ANGRY

85.5

14.5

0

0

0

JOY

17.7

82.3

0

0

0

FEAR

1

0

98.6

0.3

0.1

SAD

0

0.3

0

99.3

0.4

PRIDE

0

0

0.9

0

99.1

The Fig. 8 clearly shows the F-score performance for kNN
and Random forest classifier with STIP features gives F-score
= 89.7% and 91.3% and with DBLHoG features gives F-score
=90.4% and 94.8%. From the result it is clearly indicated that
the DBLHoG features performs better than STIP feature.
Among the two classifiers, Random forest gives better F-score
performance than kNN classifier.

Accuracy (%)

The recognition accuracy (%) of kNN classifier shows in
Table III shows the confusion matrix in percentage. The
percentage of instance that was classified accurately are
illustrates in the diagonal of confusion matrix. Each emotion
class occurrence is spoken to by the lines and the emotion
class anticipated by the classifier is spoken to by the sections.
The emotions like sad, fear and pride are grouped well with
precision more noteworthy than 97%. From this, angry and
joy emotions are confused as curve, where these two emotions
instinctively appear to be difficult to recognize.

Bar Chart for Performance Measure of kNN and
Random Forest Classifiers
96
95
94
93
92
91
90
89
88
87

STIP
DLHoG

kNN

Random Forest
Classifiers

Figure 8. Performance measure of DBLHoG and STIP features

VI.

DEEP EMOTIONAL INTELLIGENCE

Intelligence is the intellectual skill of humans, which is
discernible by high levels of enthusiasm and self-awareness.
Humans possess the ability to address problems, gain
knowledge, create
ideas,
recognize
patterns, provide
decisions, reason, plan and think through their intelligence.
Building intelligence artificially like human abilities is called
as Artificial intelligence. By analyzing the abilities of humans
like thinking, learning and decision making the artificial
intelligent systems can be created. The current focus of
research is permitting machines to shape the globe effectively
to demonstrate intelligence system. A huge amount of data
has to be stocked, explicitly or implicitly to realize this system.
Since, researchers are trying to create learning algorithms to
capture knowledge from that information. A lot of challenges
of artificial intelligence (AI) are considered for developing the
learning algorithms. In terms of highly non-liner raw data
expressing complex intelligent behavior requires highly
varying mathematical functions. Artificial intelligence is
executed by machine learning technique.
Learning is
considered to be an important aspect for intelligent machines.
In Artificial Intelligence research, a machine teaches to detect
various patterns using machine learning pattern.
Conventional machine-learning techniques expertise to design
a feature extractor that transformed the raw data into a feature
vector could detect or classify patterns in the input data. Deep
learning is a dedicated form of machine learning. The
technique that instructs computers to do some operation and
behave like humans is done by machine learning. From the
input data a machine learning task starts the feature extraction
process. The features are fed to model that classifies the
objects in the image. Learning feature hierarchies are
produced by combining of lower level and higher level
features [31]. In deep learning model, features are
automatically extracted from inputs data. Learning features
automatically by several levels of abstraction. The numerous
applications to machine learning techniques are ever rising at
an enormous rate.
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[37] developed a framework for human action recognition
using dictionary learning methods. Based on the hierarchical
descriptor the proposed method [38] for human activity
recognition outperforms the state-of-the-art methods. For a
visual recognition a cross-domain dictionary learning-based
method was developed [39]. An unsupervised model
developed by Zhu and Shao for cross-view human action
recognition [40] without any label information. The coding
descriptors of locality-constrained linear coding (LLC) [41] are
generated by a set of low-level trajectory features for each
action.

Figure 9. Learning based emotion recognition approaches

Deep learning has emerged as a popular approach within
machine learning. The traditional handcrafted feature-based
approach and the deep learning-based approach are the two
major approaches in the Human Emotion Recognition (HER)
problem [32]. The several limitations of handcrafted approach
are failure to learn features automatically from the input data,
and deep representation of data in classifiers. Alternatively, a
deep learning-based approach plays the concept of end-to-end
learning by using the trainable feature extractor followed by a
trainable classifier. The multiple layers of features are
automatically extracting from the raw data. This algorithm
develops multi-layer representation of different patterns in the
input data, where each successive layer is responsible for
learning increasingly complex features [33]. The lower layers
extracting higher level features from the input data, thus
representation increased abstraction level at each consecutive
layer. The need of handcrafted feature detectors and
descriptors are eliminated by this automatic learning ability of
deep learning models. In many visual categorization tasks, the
deep learning models have shown higher performance than
traditional handcrafted feature-based techniques [34]. The
deep learning model such as Convolutional Neural Networks
(CNNs) and Deep Belief Networks (DBNs), deep recurrent
neural networks, and deep Boltzmann machines have been
successfully employed for many visual categorization tasks.
Among these models, DBN is an unsupervised probabilistic
graphical model capable of learning from the input data
without any prior knowledge. This model can also be trained
in a semi-supervised or unsupervised fashion which is quite
helpful of labeled data or dealing with unlabeled data.
Learning based approaches are divided into two approaches
non-deep learning approach and deep learning approach [35].
K. Non-Deep Learning Based methods:
Dictionary learning method and genetic programming
approach are the Non-Deep Learning based methods.
Dictionary learning method: The computer vision applications
like action recognition, image and video classification can be
experimented using Dictionary learning-based approaches
[36]. From the large number of samples, the representative
vectors are learned and used in this concept. Guha and Ward

Genetic programming approach: The unknown primitive
operations can improve the accuracy performance of the
human emotion recognition task by using genetic
programming technique. Now a day, this type of approach
was introduced for emotion recognition [42]. In this approach,
the spatio-temporal motion features are automatically learned
for action recognition. The 3D Gabor filter and wavelet are
evolved for this motion feature. Similarly, the valuable set of
features was learned for emotion recognition.
A probabilistic graphical model indicates the
dependencies and random variables in a directed acyclic
graph form. Different variations of Bayesian network have
been introduced such as conditional Bayesian networks,
temporal Bayesian networks, and Multi-Entity Bayesian
Networks (MEBN). In the work of Zhnag et al. [43], an
Interval Temporal Bayesian Networks (ITBN) was introduced
for recognition of complex human activities. In order to
evaluate the performance of the proposed method, a cargo
loading dataset was considered for experimentations and
evaluations. Khan et al. [44] proposed another method for
action detection using dynamic conditional Bayesian
network, which also achieved the state-of-the-art results. In
Park et al. [45], MEBN was used for predictive situation
awareness (PSAW) using multiple sensors. These networks
are robust for reasoning the uncertainty in the complex
domains for predicting the temporally situations.
L. Deep Learning-Based Model
For all types of dataset there are no commonly most
excellent hand-crafted feature descriptors. To overcome this
problem, the features are directly learning from raw data.
Learning multiple levels of representation in data such as
speech, images/videos and text is more advantageous in deep
learning. These models have automated feature extraction,
classification and process the images as raw data. These
models have multiple processing layers in this work. There
are three types of approaches in deep learning models [46],
[47]:
(1)
generative/unsupervised
approach
(Restricted
Boltzmann Machines (RBMs), Deep Belief Networks (DBNs),
Deep Boltzmann machines (DBMs) and regularized autoencoders);
(2) Discriminative /Supervised approach (Convolutional
Neural Networks (CNNs), Deep Neural Networks (DNNs)
and Recurrent Neural Networks (RNNs);
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(3) Hybrid models, (the characteristic combination of both
approaches)
Generative/Unsupervised approach: In the unsupervised
deep learning approach the class labels are not required for
learning process. These types of approaches are specifically
useful when labeled data are relatively unavailable. A
remarkable surge in the history of deep models was triggered
by the work of Hinton et al. [48] developed a feature reduction
technique and highly efficient DBN. In an unsupervised pretraining learning stage a back-propagation method is used for
fine-tuning. These types of deep learning approaches are used
for many applications like object identification, image
classification, speech classification, activity and emotion
recognition.
An unsupervised feature learning models from video data
was proposed in the work of Le et al. [49] for human action
recognition. The authors used an independent subspace
analysis algorithm to learn spatio-temporal features
combining them with deep learning techniques such as
convolutional and staking for action representation and
recognition. Deep Belief Networks (DBNs) trained with RBMs
were used for human emotion recognition [50]. This method
performs better than the handcrafted learning-based approach
on two public datasets. Learning feature continuously without
any labels from the streaming video is a challenging task.
Hasan and Roy-Chowdhury [51] was addressed this type of
problem using an unsupervised deep learning model. Most of
the action datasets have been recorded under a controlled
environment; action recognition from unconstrained videos is
a challenging task. A method for human action recognition
from unconstrained video sequences was proposed by Ballan
et al. [52] using DBNs. Unsupervised learning played a pivotal
role in reviving the interests of the researchers in deep
learning.
Discriminative/Supervised Models: The Convolutional
Neural Network (CNN) is the most frequently used model
from the supervised category. The CNN [53] is a type of deep
learning model which has shown better performance at tasks
such as image classification, pattern recognition, human action
recognition, hand-written digit classification and human
emotion recognition. The multiple hidden layers present in the
hierarchical learning model are used to transform the input
data into output categories. Its architecture consists of three
main types of layers:
Convolutional layer

action and emotion recognition using RNNs are developed by
this author [55]. The five parts of human skeleton was
separately fed into five subnets. The output from the subnets
were combined and fed into the single layer for final
demonstration. For a training process the deep learning based
model need a large size of video data. Collecting and
annotating large size of video data requires enormous
computational resources. An outstanding accuracy has been
achieved in many application fields.

VII.

This chapter introduced a novel approach for emotion
recognition from human body movements. The motivation of
this work is to recognize the emotion and make possible
action immediately. Initially, DBLHoG features and STIP
features extraction procedure was discussed in this chapter.
The experimental results demonstrate that the different bin
level HoG (DBLHoG) feature approach outperforms than the
Spatio–Temporal Interest Points (STIP) feature. Few of the
promising future research directions to achieve emotional
intelligence with deep learning paradigm are discussed
towards the end. The future work aims at develop research
applications to recognize the emotions of children with autism
spectrum disorder (ASD).
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