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Abstract— In this project, we have developed emotionally
intelligent bot application based on convolution model. The
goal is to improve the performance of bots by using facial
emotions of the user. The convolution model is trained using
tensor flow on 48x48 pixel gray-scale images of faces. The
assessment of performance of bot is also discussed. The
outcomes conclude a significant increase in user satisfaction.
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. INTRODUCTION

Emotion is human way of expressing feelings. Emotions tells
how well the social interactions of user went in recent past.
This can prove to be a valuable information to improve and
enhance user experience in chat bots. This information will
make bots not just intelligent but emotionally intelligent by
understanding user’s social life. The information can help in
providing more relevant answers to the user. The user
messages in chat bots does not provide any information about
user’s state and emotions. There is a need of some other data
source that could provide valuable information about user’s
emotions.

The various sources of emotional information
include facial expressions, tone of voice, gestures, etc. On a
platform like mobile application, the facial expressions can
be easily extracted from the user’s device camera. Moreover,
there has been major developments in facial expression
recognition after introduction of Capsule Networks. Also,
there are lot of extensively researched facial recognition
models: HMM Model, Convolution Networks.

Il. AIM OF THE STUDY

1) Training a convolution model for facial emotion
recognition for bots.

2) Developing a bot which responds with more relevant
answers by using user’s real-time emotional state.

I1l. PROBLEM
There are two major issues related to non-emotional bots:

A. Noise

The content provided by these bots may or may not be
relevant to user in their current emotional state. Many of the
answers are noise for the user.

B. Non-Engagement

If the bots can’t relate to the user’s feelings, they can’t
connect and conversation soon dies off.

IVV. NEED OF THE PROJECT

The social network of humans has grown significantly with
developments in social networking. These developments has
brought many changes in human life, one being emotional

effects. There has been increase in emotional instability in
recent years. The cases of depression, rage, suicides are direct
outcomes of these changes.

The solution like emotionally intelligent chat bot can provide
a personal bot not just customized to user’s personality but
also responsive to user’s current emotional state. This
solution can provide responses that can selectively counter
the emotional instability. Below response to users message
shows the improvement that emotional intelligence can bring
into conversations:

User: | got just the passing marks in the today’s test.

Sad: Keep working hard! You will definitely get results.
Neutral: You should give more time to studies then.

Fear: Don’t worry! At least you passed the test.

Happy: That’s bad! You could have failed too!

V. DATASET DESCRIPTION

This dataset was prepared by Pierre-Luc Carrier and Aaron

Courville, as part of their research project. The dataset is

made available on kaggle website which contains 48x48 pixel

grayscale images of faces. The data is divided into training,

validation and test sets. The training set contains 28709

example images while test set contains 3589 example images.
The images are provided such that the face takes

approximately same space in all images and is self-centred.
The training set contains two columns: emotion and

pixels. The "emotion” column has labels from 0 to 6,

representing the emotion that is present in the image. The

"pixels" column has a string for each image which contains

space-separated pixel values in row major order.

The seven emotion labels under consideration are as follows:

- Angry

—  Neutral

- Sad

- Happy

—  Surprise

—  Fear

— Disgust

VI. RESEARCH METHODOLOGY

1) The data was prepared by dividing into training set and
testing set.

2) The CNN model was build using tensor flow backend on
training data.

3) The model was fitted on hyper parameters to extract the
face from the images.

4) The trained model was tested using testing data set to
find accuracy and loss.

5) The weights of the model were saved in .hp5 file.

6) The model was imported as python model in Android
project using Kiwi library.

7) The real time camera captures the frame after 20 sec and
sends image to trained model to detect the emotion.
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8) The chat bot on android uses combination of Pandora
API, Youtube API, Wikipedia APl and user emotion to
respond to user.
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VII. PERFORMANCE ANALYSIS

Set of 20 questions were asked by 20 users each from the non-
emotional bot and emotionally intelligent bot. The user’s
satisfaction in terms of relevance was measured to find the
average and percentage relevance of the responses made by
these bots. The comparison shows a significant increase in
relevance of responses by bot when emotionally intelligent:

Relevant Answers Relevant
(Average) Answers
(Percentage)
Non-Emotional 132 o
Bot
Emotional Bot 18.8 94

VIIl. CONCLUSION

The results of the research show that the relevance of the
content and response can be significantly increased by
exploiting the information obtained from user facial
expressions. The emotionally intelligent chat bot also makes
the user more engaged.

IX. FUTURE SCOPE

This project can be extended by using the capsule network for
facial emotion recognition. This model can provide better
accuracy in emation recognition. Also, the bot application
can be extended to take more emotion data sources like user
voice tone, gestures. This could further improve the emotion
detection by the bot.
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