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Abstract— Harnessing the power of emotional intelligence by
analyzing a person’s behavioral and linguistic skills can help
humans improve their approach to social interactions. In this
paper, we propose an artificial intelligence-based stand-alone
system that will allow us to classify and analyze facial expressions
in real-time and perform sentiment analysis by examining the
body of the text (extracted from audio) to understand the opinion
expressed by it. This helps us provide a deeper understanding of
how humans really feel at a given time. The proposed system uses
a deep neural network (DNN) for classifying eight basic emotions
based on features extracted from facial expressions and uses pretrained sentiment analysis tools to quantify text (extracted from
audio) based on polarity. The system is implemented by extracting
the audio and visual cues from real-time scenarios and using these
extracted cues to perform facial expression recognition and text
sentiment analysis. The integrated system extracts video and audio
simultaneously with a frame rate of 4-5 fps. The facial emotion
detection system successfully detects facial expressions of faces
detected in real-time video with an accuracy of about 86.75%. The
speech extracted is converted to text, cleaned, and processed to
determine if the attitude of the speaker in a given situation is
positive, negative, or neutral.
Keywords—Facial expression detection, Text sentiment analysis,
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I.

INTRODUCTION

Effective communication involves two components: Verbal
cues and Nonverbal cues. The most prominent and effective
way of communicating non-verbal cues is facial expressions.
Humans share a universal set of fundamental emotions and over
the past decade, numerous systems have been proposed for
recognizing these emotions [1]. For a detection approach, it is
important to have a taxonomic reference for classifying the
eight basic emotions which consist of anger, contempt, disgust,
fear, happiness, sadness, surprise as well as neutral. The
analysis of sentiments behind the verbal cues allows us to get
an insight into the emotion and tone of the conveyed message.
Sentiment analysis (opinion mining) is a text mining technique
that uses machine learning and natural language processing
(NLP) to automatically analyze text for the sentiment of the
speaker (positive, negative, neutral). Text sentiment can be
classified using machine learning models like Support Vector
Machine (SVM), Naive Bayes, and Decision Tree.[2]. Using
unsupervised lexicon-based approaches. Determining polarity
of text using pre-trained sentiment analysis tools from various
Python NLP libraries (TextBlob, Vader) [10,11]. In this paper,

we research unsupervised lexicon-based approaches to
implement text sentiment analysis. In the proposed system, text
sentiment analysis is performed on the extracted real-time audio
which is converted to text. Section II presented the related
works; details about our methodology and procedure, including
facial landmark vectorization, deep neural network for realtime emotion recognition, and the text sentiment analytics
system are introduced in Sections III to VII; results and
conclusions are covered in Sections VIII and IX.
II. RELATED WORKS
A. Facial Emotion Detection using Landmark Extraction
In recent years, advances in facial expression detection have
accelerated, and more and more experts have been involved in
the development of emotion recognition. The research of
expression recognition in computer vision focuses on feature
extraction and feature classification [3,4,14,15]. Feature
extraction refers to extracting landmarks from faces that can be
used for classification from input pictures or video streams.
There are multiple methods for feature extraction from detected
faces. Facial expression classification refers to the use of
specific algorithms to identify the categories of facial
expressions according to the extracted features. Commonly
used methods of facial expression classification are Hidden
Markov Model (HMM), Support Vector Machine (SVM),
AdaBoost, and Artificial Neural Networks (ANN).[16]
B. Text Sentiment Analysis
The development of a text sentiment analysis system has
many problems. The first step is to determine the text's content.
Due to the nature of language, which contains a considerable
degree of semantic complexities not found in other sorts of data,
this is not an easy process. Second, emotions must be
categorized in some way to establish their orientation. There are
several approaches to dealing with this issue.[17] Sentiment
classification can traditionally be done in two ways: supervised
and unsupervised based on semantics. Support vector machines
and the naive Bayes classifier are the most commonly used
supervised techniques. [18] Machine Learning involves
building classification models from a document corpus, where
each document can be represented as a bag of words. [18] It is
typical to employ stemming and stop word elimination
techniques. In general, classifiers that perform well in the
domain where they were trained, do not perform well in other
domains since they are largely dependent on the training data.

Unsupervised
semantics-based
methods
employ
dictionaries to classify different types of words based on their
sentiment polarity. Unlike traditional machine learning
methods, semantics-based unsupervised methods are more
domain-specific, with performance varying from domain to
domain. There are two major sub-categories to consider:
Lexicon and corpus-based. The dictionary-based technique
uses a set of initial terms usually manually collected. An
example of this type of dictionary is WordNet, which was used
for developing SentiWordNet [18].
III.

METHODOLOGY AND PROCEDURE

A. Methodology and Procedure of Emotion Recognition and
Text analysis System Interface Design
In this paper, we propose a system that uses a camera to
extract visual cues which are used to perform facial expression
recognition and uses a microphone to extract audio cues which
are converted to text and used to perform text sentiment
analysis. The interface can be implemented using a laptop PC.
The workflow of the proposed model can be found in Fig. 1.

are then fed to the deep neural network (DNN) to classify
emotion from the given frame [19]. Facial emotion recognition
consists of two parts (i) Image processing that extracts facial
landmarks. (ii) Neural network for emotion recognition.
IV.

VECTORIZATION OF FACIAL LANDMARK FOR
FEATURE EXTRACTION

Convolutional neural networks can be used to classify raw
input images but performing feature landmark extraction allows
us to achieve comparable results with a simpler neural network
[20].
Facial landmark extraction is performed using the Dlib
library in python. The extracted features are then fed as an input
to the neural network. The Dlib library detects faces from the
input image and uses the predictor function to place 68
landmarks on the detected faces. It uses Histogram of Oriented
Gradients (HOG) for Object Detection with a linear classifier,
an image pyramid, and a sliding window detection scheme to
detect faces in an image. Once the region of the face is
determined, facial landmarks will be detected using One
Millisecond Face Alignment with an Ensemble of Regression
Trees [4]. The Dlib library accurately detects landmarks from
the detected faces at an angle of -30 to +30 degrees in any
direction.
The coordinates of the 68 landmarks have a fixed
orientation (shown in Fig. 2). The resultant landmarks are given
in the form of an array.
Resultant array: = [( 0, 0 ,

1, 1 , … . . ,

67, 67

Fig. 1. Workflow for emotion detection and sentiment analysis

We need to extract the generated audio and visual cues
simultaneously from a real-time scenario. The proposed system
implements this using multi-threading which helps us to run
multiple functions calls simultaneously i.e., one thread records
the video using OpenCV and the other thread records the audio
using Pyaudio and the output of each of these threads will then
be served as an input to the two modules implemented which
will then predict emotions and analyze the polarity of the
content obtained from the audio. The frame rate for the
multithreading process is calculated by: dividing the total
number of frames by the elapsed time of the program & the fps
recorded was about 4-5fps.
B. Implementation of the Facial Emotion Recognition System.
The facial emotion detection module is built from scratch to
detect one of eight emotions: happiness, sadness, anger,
surprise, fear, disgust, and contempt [1], The visual cues are
used to detect faces and extract 68 landmarks (features) which

Fig. 2. Facial Landmarks

Extracting features from faces allows us to construct a
simple neural network with less training data which will
converge faster as compared to traditional CNNs. Neural
Networks perform best when the feature vector is scaled to a
small range of values [-1, 1]. To optimize the gradient descent
process, normalize the facial landmarks and align them at the
tip of the nose 33, 33 . Vectorization of facial landmarks is
achieved by putting tensors of 2-dimensional coordinates into a
vector which is fed into the neural network.
Shifting the origin to the tip of the nose
For , in the resultant array:

33, 33 :

33
33
Normalizing the coordinates in range [-1, 1]:
scale height = y8 // coordinate 8, 8 := (*, -1)
scale width = max | 0|, | 16|
For , in resultant array:
/ scale width
/ scale height
The normalized coordinates are stored in the form of a feature
vector.
0, 0 , 1, 1 , … , 67, 67
→ 0, 0, 1, 1, … , 67, 67
The result data can be stored in a CSV file with an integer
indicating the emotion in the last column (label L) which can
be used to train and test the neural network.
V.

Fig. 4. Facial Emotion Detection DNN Model Summary

DEEP NUEARL NETWORK (DNN) FOR EMOTION
RECOGNITION

The dataset was created using images from CK+ (Extended
Cohn-Kanade dataset), JAFFE dataset, TFEID (Taiwanese
Facial Expression Image Database), and RaFD (Radboud Faces
Database) [21,22,23]. The created dataset is composed of eight
classes with a total of 3000 images divided into training and test
sets. The vectorized facial landmarks of images from the dataset
are stored in a CSV file along with an integer indicating the
emotion. The test and train CSV files are then used to train and
evaluate the DNN. The flowchart of facial emotion detection
can be found in Fig. 3.
The model used in building the deep neural network is a
sequential model with three hidden layers. The type of layer
used is dense which implies that every neuron in the dense layer
receives input from all neurons of the previous layer (refer to
Fig. 4). The activation function used was a sigmoid [24]. Adam
optimizer allows the framework to adjust the step size
depending on the loss [25]. The accuracy obtained after testing
the model is 86.75%.

Fig. 5. Confusion Matrix for the test set classification

VI.

REAL-TIME ANALYSIS FOR FACIAL EMOTION
DETECTION

The system uses OpenCV, to read video frames either by
using the feed from a camera connected to a computer or by
reading a video file. We then perform face detection and facial
landmark extraction on the frame and feed the normalized
landmark coordinates into the DNN which classifies the
emotion of the faces in the frame.
Since we use the sigmoid activation function in the neural
network, the output of the DNN is an array in which each
element represents the probability of (indexed) emotion
occurring independently of other emotions. The sum of the
array elements may not necessarily be 1 as the sigmoid function
doesn't treat emotions to be mutually exclusive. This allows us
to improve the accuracy of our system while performing realtime processing by setting a threshold for the level of
confidence for each of the eight emotions. We only display the
emotion if the confidence level of that emotion is greater than
its threshold value. If the emotion detected does not cross the
threshold value, we display the emotion rendered in the
previous frame. The facial emotion detection of a video
performed with and without threshold can be found in Fig. 6
and Fig. 7 respectively.
Fig. 3. Facial Emotion Detection Flowchart

The accuracy of TextBlob vs Vader was compared by
testing these models on the IMDB dataset and the product
review dataset (refer to Fig.10) [28,29]. It can be seen that
TextBlob has higher precision and F1 score for these datasets.
[30] The F-score, also called the F1-score, is a measure of a
model’s accuracy on a dataset. It is used to evaluate binary
classification systems, which classify examples into ‘positive’
or ‘negative’. The F-score is a way of combining the precision
and recall of the model, and it is defined as the harmonic mean
of the model’s precision and recall. [31] The formula for the
standard F1-score is the harmonic mean of the precision and
recall (refer to eq. 1). A perfect model has an F-score of 1.
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Fig. 6. Realtime face emotion detection using DNN model without threshold

Fig. 7. Realtime face emotion detection using DNN model with threshold
Fig. 10. Comparison between Vader and TextBlob

The frame rate achieved for real-time face emotion
detection is about 8.9 fps for laptop PC (refer to Fig. 8) and 4.1
on Jetson Nano (refer to Fig.9).

Fig. 8. FPS obtained On Laptop

The proposed system determines the polarity of text using
pre-trained sentiment analysis tools from various Python NLP
libraries (Text Blob, Vader). The most widely used pre-trained
libraries for estimating the polarity of text are Text Blob and
Vader.
Fig. 11 shows some negative and positive interviewee
responses to check how well these libraries can classify their
polarity and overall, we find TextBlob with Naive Bayes yields
more satisfying results. The numbers shown in the table are the
polarity of each sentence where -100 means negative and +100
means positive.

Fig. 9. FPS obtained On Jetson Nano

VII.

IMPLEMENTATION OF THE TEXT SENTIMENT
ANALYTICS SYSTEM

The system converts real-time audio to text using the
Speech Recognition library in python [26]. We use the Pyaudio
library to record audio from a mic [27]. The recorded audio is
broken down into chunks and processed bit by bit using the
Recognizer function in the Speech recognition library which
transcribes the audio. The transcribed audio is split. The
workflow of the text sentiment analysis can be found in Fig. 12.

Fig. 11. Comparison among various libraries

The proposed system uses the TextBlob library with Naive
Bayes Classifier to estimate the polarity of the text. TextBlob is
a python library of Natural Language Processing (NLP) that
uses the Natural Language Toolkit (NLTK) to perform its
functions [28]. NLTK is a library that provides easy access to
many lexical resources and allows users to work with
categorization, classification, and many other tasks. It
calculates average polarity and subjectivity over each word in a
given text using a dictionary of adjectives and their hand-tagged
scores. It uses a pattern library for that, which takes the
individual word scores from sentiwordnet. The TextBlob with
Naive Bayes calculates the sentiment score by
NaiveBayesAnalyzer trained on a dataset of movie reviews. We
use the polarity calculated by TextBlob to classify text as either
positive, negative, or neutral by setting a threshold value. The
polarity value lies in the range of [-1, 1], where -1 indicates
negativity and +1 indicates positivity.
Threshold values are set to classify text into three classes:
Polarity above 60% is classified as Positive
The polarity between 40% and 60% is classified as
Neutral
● Polarity below 40% is classified as Negative
Analysis of a transcribed text passage is done as follows:
●
●

●
●
●
●
●
●

●

Number of positive sentences in the passage:
Number of negative sentences in the passage:
Number of neutral sentences in the passage: $
Total number of sentences in a passage: # # $
Overall positivity of the passage: Sum of polarities
above 60% / Total number of sentences in a passage.
Overall neutrality of the passage: Sum of polarities
between 40% - 60% / Total number of sentences in a
passage.
Overall negativity of the passage: Sum of polarities
below 40% / Total number of sentences in a passage.

Fig. 12. Text Sentiment Analysis Workflow

VIII.

RESULTS AND DISCUSSION

The proposed integrated system extracts video and audio
simultaneously with a frame rate of 4-5fps. The facial emotion
detection system successfully detects facial expressions
detected in real-time video with an accuracy of about 86.75%.
The audio from the video is successfully extracted by the
system, converted to text, cleaned, and processed to determine

if the attitude of the speaker in a given situation is positive,
negative, or neutral.
IX.

CONCLUSION

This paper presents a system that uses technologies such as
Machine Learning and Artificial Intelligence that operate on a
principle of Deep Learning to classify facial emotions and
analyze text sentiments. The proposed system allows us to
know a way of sensing emotions that can be considered as
mostly used AI and pattern analysis applications which enables
neural networks with fewer layers (with the help of four popular
datasets) which compete with, or rather outperforms much
complex and deeper networks in FER. Companies with much
more data and resources can build this type of algorithm and
gain an even more accurate model.
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