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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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I. 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. 

II. 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. 

III.  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. 

IV. 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: I 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 API and user emotion to 

respond to user. 

 

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 

(Average) 

Relevant 

Answers 

(Percentage) 

Non-Emotional 

Bot 
13.2 66 

Emotional Bot 18.8 94 

VIII. 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 emotion 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. 

ACKNOWLEDGMENT 

Every successful venture has the blessings and the support of 

many behind it. It would be unjust if every such support is not 

revealed and thanked in person as well as in the published 

report. 

First and foremost, we would like to thank Ms. 

Arushi Kaur for giving us an opportunity to work under her 

as our mentor and her constant guidance throughout the 

project. Also I would like to thank Dr. M.L Sharma (HOD) 

for his support and guidance. 

My thanks and appreciations also go to everyone 

who helped me in developing the project and have willingly 

helped me out with their abilities. 

I would even like to thank my parents and friends to 

support me throughout this internship period. 

I perceive this opportunity as a big milestone in my 

career development. I will strive to use gained skills and 

knowledge in the best possible way, and I will continue to 

work on their improvement, in order to attain desired career 

objectives. Hope to continue cooperation with all of you in 

the future. 

REFERENCES 

[1] Gil Levi,Tal Hassner; Emotion Recognition in the Wild 

via Convolutional Neural Networks and Mapped Binary 

Patterns, SC / Information Sciences Institute, the Open 

University of Israel, 2014.  

[2] KunHan, Dong Yu, Ivan Tashev; Speech Emotion 

Recognition Using Deep Neural Network and Extreme 

Learning Machine; Department of Computer Science 

and Engineering, The Ohio State University, 

Columbus,43210, OH, USA; Microsoft Research, One 

Microsoft Way, Redmond,98052, WA, USA,2014.  

[3] Shiqing Zhang, Xiaohu Wang , Gang Zhang, Xiaoming 

Zhao; Multimodal Emotion Recognition Integrating 

Affective Speech with Facial Expression ; Institute of 

Image Processing and Pattern Recognition Taizhou 

University Taizhou 318000 CHINA, Hunan Institute of 

Technology Hengyang 421002 CHINA,Bay Area 

Compliance Labs. Corp. Shenzhen 518000 CHINA, 

2014.  

[4] N. Morgan, ―Deep and wide: Multiple layers in 

automatic speech recognition,‖ Audio, Speech, and 

Language Processing, IEEE Transactions on, vol. 20, no. 

1, pp. 7–13, 2012.  

[5] A. Mohamed, G.E. Dahl, and G. Hinton, ―Acoustic 

modeling using deep belief networks,‖ Audio, Speech, 

and Language Processing, IEEE Transactions on, vol. 

20, no. 1, pp. 14–22, 2012.  

[6] G. Sivaram and H. Hermansky, ―Sparse multilayer 

perceptron for phoneme recognition,‖ Audio, Speech, 



Live Emotionally Intelligent Bot 

 (IJSRD/Vol. 6/Issue 02/2018/096) 

 

 All rights reserved by www.ijsrd.com 341 

and Language Processing, IEEE Transactions on, vol. 

20, no. 1, pp. 23–29, 2012.  

[7] Martin W¨ollmer, Angeliki Metallinou, Florian Eyben, 

Bj¨orn Schuller, Shrikanth Narayanan; ContextSensitive 

Multimodal Emotion Recognition from Speech and 

Facial Expression using Bidirectional LSTM Modeling; 

Institute for Human-Machine Communication, 

Technische Universit¨at M¨unchen, Germany Signal 

Analysis and Interpretation Lab (SAIL), University of 

Southern California, Los Angeles, CA, 2010.  

[8] J. Ngiam, A. Khosla, M. Kim, J. Nam, H. Lee, and A.Y. 

Ng, ―Multimodal deep learning,‖ in Proceeding soft he 

28 th International Conference on Machine Learning 

(ICML), 2011, pp. 689–696.  

[9] R. Brueckner and B Schuller, ― Likability classification 

- a not so deep neural network approach,‖ in Proceedings 

of INTERSPEECH, 2012.  

[10] B. Schuller, S. Steidl, A. Batliner, E. N¨oth, A. 

Vinciarelli, F. Burkhardt, R. van Son, F. Weninger, F. 

Eyben, T. Bocklet, et al., ―The interspeech 2012 

speaker trait challenge,‖ Interspeech, Portland, Oregon, 

2012.  

[11] A. Stuhlsatz, C. Meyer, F. Eyben, T. ZieIke, G. Meier, 

and B. Schuller, ― Deep neural networks for acoustic 

emotion recognition: raising the benchmarks,‖ in 

Acoustics, Speech and Signal Processing (ICASSP), 

2011 IEEE International Conference on. IEEE, 2011, pp. 

5688–5691.  

[12] Deep learning for robust feature generation inaudiovisual 

emotion recognition Yelin Kim, Honglak Lee, and Emily 

Mower Provost ∗ University of Michigan Electrical 

Engineering and Computer Science, Ann Arbor, 

Michigan, US, 2013  

[13] Samira Ebrahimi, Vincent Michalski, Kishore Konda, 

Goethe Roland Memisevic, Christopher Pal― Recurrent 

Neural Networks for Emotion Recognition in 

Video‖,Kahou École Polytechnique de Montréal, Canada 

; Universität Frankfurt, Germany; Université de 

Montréal, Montréal, Canada; 2015.  

[14] A. Yao, D. Cai, P. Hu, S. Wang, L. Shan and Y. Chen; 

HoloNet: towards robust emotion recognition in the wild, 

2016.  

[15] Yelin Kim and Emily Mower Provos,Data driven 

framework to explore patterns (timings and durations) of 

emotion evidence, specific to individual emotion classes; 

University of Michigan Electrical Engineering and 

Computer Science, Ann Arbor, Michigan, USA;2016. 

[16] Y. Fan, X. Lu, D. Li, and Y. Liu.Video-based Emotion 

Recognition Using CNN-RNN and C3D Hybrid 

Networks. Proceeding ICMI 2016 Proceedings of the 

18th ACM International Conference on Multimodal 

Interaction, Pages 445-450,Tokyo, Japan — November 

12 - 16, 2016.  

[17] Zixing Zhang, Fabien Ringeval, Fabien Ringeval, 

Eduardo Coutinho, Erik Marchi and Björn Schüller, 

Semi-Supervised Learning (SSL) technique  

[18] Wei-Long Zheng1 and Bao-Liang Lu, Personalizing 

EEG-Based Affective Models with Transfer Learning, 

Center for Brain-like Computing and Machine 

Intelligence, Department of Computer Science and 

Engineering, Key Laboratory of Shanghai Education 

Commission for Intelligent Interaction and Cognitive 

Engineering, Brain Science and Technology Research 

Center, Shanghai Jiao Tong University, Shanghai etc. 


