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Abstract

Human—Computer Interaction has significantly advanced with the integration of artificial
intelligence and deep learning techniques. Emotion recognition is a crucial component in enabling
intelligent systems to understand user behavior and improve interaction quality. This system
presents an Al-driven real-time facial emotion prediction and text-based emotion analysis system
designed to enhance communication between humans and machines.

The proposed system integrates Natural Language Processing techniques to analyze emotional
content from user-provided text and utilizes a Convolutional Neural Network to predict facial
emotions from real-time webcam input. The text module identifies emotional intent, while the facial
recognition module detects expressions dynamically. Both outputs are displayed simultaneously to
provide a comprehensive understanding of user emotions. The system operates in real time and
offers improved responsiveness and interaction accuracy. This approach is useful in applications
such as virtual assistants, e-learning platforms, and behavioral analysis systems.

Introduction

Emotional intelligence plays a vital role in effective communication and meaningful human
interaction. In the field of human—computer interaction (HCI), the ability of systems to recognize,
interpret, and respond to human emotions has become increasingly important for improving user
engagement, experience, and trust.

Traditional computer systems primarily rely on text or speech-based responses, often lacking
emotional awareness and expressiveness. Among various forms of non-verbal communication,
facial expressions are one of the most powerful and natural ways humans convey emotions.
However, the absence of such expressive capabilities in computer systems limits the depth and
quality of interaction. Recent advancements in artificial intelligence have helped address this gap
by enabling systems to analyze emotional cues from textual inputs and enhance interaction quality
through more context-aware responses.

Emotion-aware systems are now widely applied in areas such as virtual assistants, e- learning
platforms, social robots, and communication analysis tools. Earlier approaches to emotion
recognition relied on rule-based and statistical models, which lacked accuracy, adaptability, and
realism in handling complex emotional patterns. With the emergence of deep learning techniques, it
is now possible to learn intricate emotional representations from large datasets, significantly
improving performance in both computer vision and natural language processing tasks. This project
focuses on developing an Al-driven system capable of real-time facial emotion prediction and text-
based emotion analysis. The system independently analyses emotional text inputs and predicts
facial emotions such as happy, sad, and neutral using deep learning models. By integrating
emotional understanding into computational systems, the proposed approach aims to enhance
communication analysis and enable more interactive, responsive, and human-like digital
environments.

Existing Method
Existing systems primarily relies on traditional machine learning approach such as support vector
machine for emotion classification. However, these existing system show limited performance in
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handling complex real-time facial features compared to deep learning based models.

Support Vector Machine

Support Vector Machine (SVM) is a supervised machine learning algorithm used for classification
and regression tasks. It works by finding an optimal hyperplane that separates data into different
classes. SVM is widely used in early emotion recognition systems due to its effectiveness in
handling small to medium-sized datasets and its strong mathematical foundation.

In emotion analysis systems, SVM models are used to classify emotions from both facial
expressions and text inputs. These systems typically rely on handcrafted features extracted from
input data. For text-based emotion detection, features such as word frequency, sentiment scores, and
syntactic patterns are used. For facial emotion recognition, features like facial landmarks and
geometric measurements are extracted from images.

Working Principle of SVM:

An SVM-based emotion recognition system generally follows these steps: Input Layer: Receives
raw data such as text input or facial images.

Feature Extraction: Handcrafted features are extracted from the input. Text features: word frequency,
sentiment scores

Facial features: facial landmarks, action units

Classification Layer:

Extracted features are fed into the SVM model

SVM identifies the optimal boundary (hyperplane) to classify emotions

Output Layer: Produces the final emotion classification such as happy, sad, neutral.

Proposed Method

The proposed system introduces an Al-driven framework for real-time facial emotion prediction
and text-based emotion analysis to enhance human—computer interaction. It first analyzes user-
provided text input to detect emotions such as happy, sad, or neutral using deep learning techniques.
After identifying the text emotion, the system activates a live video stream to capture facial input.
Face detection is performed using the Haar Cascade algorithm, followed by preprocessing of the
detected face. A Convolutional Neural Network (CNN) is then used to predict the facial emotion in
real time. The system finally displays the input text, detected text emotion, and predicted facial
emotion. This approach ensures independent analysis of both inputs, improving interaction quality
without direct comparison.

Text Input Text Emotion Start Video Face Detection
> Detection > Stream »| (Haar Cascade)

User Inputs Text Analyze and Activate Webcam Detect Face
Detect Emotion in Video Stream

!

Facial Emotion
Prediction
(CNN Model)

Predict Emotion
/ from Face

Output Display

* Input Text
* Detected Emotion
* Predicted Facial Emotion
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1. Text Input

e The user provides input in the form of text.

e This text may contain emotional content such as happy, sad, or neutral expressions.

2.Text Emotion Detection

e The system processes the input text using Natural Language Processing techniques.

e A deep learning model analyses the text and detects the corresponding emotion.

3.Start Video Stream

o After detecting the text emotion, the system activates the live video stream through the webcam
to capture real-time facial input.

4.Face Detection (Haar Cascade Algorithm)

e The system detects the human face from the video stream using the Haar Cascade algorithm.

e This step ensures that only the facial region is processed for emotion prediction.

5.Facial Emotion Prediction (CNN Model)

e The detected face is pre-processed and passed to a Convolutional Neural Network.

e The CNN model predicts the facial emotion as happy, sad, or neutral based on facial expressions.
6.Output Display

The system displays the following results:

e Input Text

e Detected Emotion from Text

¢ Predicted Facial Emotion

This output helps in understanding emotional context and improves human—computer interaction.

Advantages of Proposed Method

a. Automatic Feature Extraction: Deep learning models such as CNN automatically learn
important facial features from raw images, and NLP models extract meaningful patterns from text
without manual feature engineering.

b.High Accuracy in Emotion Detection: The system provides high accuracy in detecting
emotions from both facial expressions and text inputs, improving the reliability of human—computer
interaction.

c. Real-Time Emotion Prediction: The system is capable of predicting facial emotions in real time
using live video streams, ensuring fast and responsive interaction.

d.Effective Handling of Facial Variations: CNN models can handle variations in facial
expressions, lighting conditions, and orientations, making the system robust in real-world
environments.

e. Efficient Text Emotion Analysis: Natural Language Processing techniques can effectively
analyze text inputs and detect emotions such as happy, sad, and neutral, even with different writing
styles.

f. Independent Processing of Inputs: The system analyses text and facial emotions independently,
ensuring clarity and avoiding incorrect assumptions caused by direct comparison.

g.Reduced Manual Effort: Automation of emotion detection reduces the need for manual
interpretation, improving efficiency in applications like chatbots and virtual assistants.

h.Improved User Interaction: By understanding user emotions, the system enhances
communication, making interactions more natural, engaging, and human-like.

i. Scalability and Flexibility: The system can be easily extended to include more emotion
categories or advanced deep learning models in the future.

j. Easy Deployment: The system can be deployed on various platforms such as web applications,
desktop systems, or embedded systems with camera support.
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Applications
System Architecture

Text Input NLP Processing
User Sentences Emotion Analysis

4

Emotion Analysis
Webcam Input [ | Text Facial J Output Display
Live Video Stream Emotion Emotion ‘ Results & Insights

Y

»| Face Detection J

CNN Model

The system architecture consists of the following modules:

1. Text Input
2.Face Detection
3.Face Recognition
4.Emotion Analysis
5. Output Display

6. User Interface

Software and hardware requirements: SOFTWARE REQUIREMENTS
* Python version 3.9.7

* pycharm

* opencv

HARDWARE REQUIREMENTS
* Operating System: Windows Only
* Processor:i5 and above

* Ram: 4gb and above

* Hard Disk: 50 GB
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Design Approach
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OUTPUTSCREENS
In below screen I am showing project file and folder architecture.

Fig: Project Directory Structure
This image illustrates the root directory of the application. Key components include the models/
directory for stored neural networks, haarcascade files/ for face detection assets, templates/ and
static/ for the web front-end, and the core main.py execution script.

| requirements - Notepad

File Edit Format View Help
absl-py==2.1.0@
astor==0.8.1

click==8.1.8
colorama==0.4.6
Flask==2.2.5

gast==0.2.2
google-pasta==0.2.0
grpcio==1.62.3
hspy==2.10.0
importlib-metadata==6.7.@
imutils==0.5.4
itsdangerous==2.1.2
Jinja2==3.1.6
Keras==2.2.4
Keras-Applications==1.0.8
Keras-Preprocessing==1.1.2
Markdown==3.4.4
MarkupSafe==2.1.5
numpy==1.18.5
opencv-python==4.13.0.90
opt-einsum==3.3.0
pandas==1.3.5
protobuf==3.13.0
python-dateutil==2.9.0.poste
pytz==2025.2
PyYAML==6.0.1
scipy==1.7.3

six==1.17.0
tensorboard==1.15.0
tensorflow==1.15.5
tensorflow-estimator==1.15.1
termcolor==2.3.0
typing_extensions==4.7.1
Werkzeug==2.2.3
wrapt==1.16.0
zipp==3.15.0

Fig 7.1.2: Required Python Libraries

A documentation of the technical stack, highlighting the use of TensorFlow and Keras for deep
learning, OpenCV-Python for computer vision processing, and Flask for the web application
framework.
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Al-Driven Real-Time Facial Emotion Prediction and Text-Based Emotion Analysis

for Enhanced Human-Computer Interaction

Concept Overview Enter your sentence

i ing, I
Face Speak combines :om?ulerwslon, de_ep !earrtmg ar!d n.atural anguage Expacted Emotion: neutral
1o create an facial emotion validation system. Users

input a sentence containing an emotion (e.g., 'l am happy today"), and the Start Stream Stop Stream

system detects the intended emotion.

The system uses:

« Haar Cascade For real-ime face detection. Efficiently locates the face region in
each video frame.

+ Mini Xception CNN: A convolutional neural network trained 1o classify emotions
such as happy, sad, surprised, neutral, etc

« Conditional Overlay Logic: Only the expected emetion from the sentence will
trigger a bounding box and an emoji overlay on the detected face

How the System Works
1. User enters a sentence containing an emotion.
2. The system parses the sentence and determines the expected emotion.
3. The webcam feed starts and the system continuously detects faces.
4. For each detected face, the Mini Xception model predicts the current emotion,
5. If the predicted emotion matches the expected emotion, the system displays a
bounding box and overlays the corresponding emaji.

Emojis Reference
These emojis represent the different emations the system can detect:

e e | e | e IR |

Fig 7.1.3: User Interface
The dashboard displays a "Concept Overview" on the left, outlining the use of Haar Cascades and
Mini Xception CNN. On the right, the interactive panel features a text input field for emotion
parsing and controls to initiate or terminate the video stream

Al-Driven Real-Time Facial Emotion Prediction and Text-Based Emotion Analysis
for Enhanced Human-Computer Interaction

Concept Overview Ltimvafynlpm{ J

Face Speak combines computer vision, deep leaming. and natural language
understanding 1o create an interactive facial emotion validation system, Users

it b e v eroin . | G e St Shman | s v |

system detects the intended emotion.
EVideo Stream)

Expected Emotion: neutral

The syster uses:

+ Haar Caseade: For raal time face detaction. Efficiantly locates the face region in
each video frame.

+ Mini Xception CNN: A convalistional neural netwark wrained 1o classify emations
such 85 happy, sud, surprised, neutral, etc.

- y Logie: Gnly p from the sentence will
trigger.a bounding bax and an emoji overiay on the delected face

How the System Works

1. User enters o sentence containing an emotion.
2 The system parses and d Xp tio

3. The weboam feed starts and the system continuously detects faces

4. For each detected face, the Mini Xception model predicts the current emotion.
5

I the predioted emotion matches the expected emotion, the system displays a
bounding box and overiays the corresponding emoji

Emojis Reference
These emojis represent the different emations the system can detect

Fig 7.1.4: Text-Based Emotion Input
The user provides a sentence (e.g., "I am very happy"). The system's natural language

understanding component is designed to parse this string and update the "Expected Emotion" state
to guide the subsequent facial validation.

Al-Driven Real-Time Facial Emotion Prediction and Text-Based Emotion Analysis

for Enhanced Human-Computer Interaction

Concept Overview 1am very happy Set Input Text

Face combines computer vision, deep iearning, and natural langua 8
Sypoat-oor ) Nse SO ViR Coe) S i ommerid s e Expecied Emotion: happy
understanding 10 create an Interactive faclal emcuion validation system. Users

o e s . L S

system detects the intended emation,

The system uses

For reak-time
romme

Conditional Overlay Logic: Oriy the. tion from
triggse & Bounding box snd an =mojl overlay on the deteated face
How the System Works

User antars a sentencs containing an emotion

The system parses

The webcam feed starts and the system conUnuously detects faces.
For each detected foce, the Mini Xception model predicts the current smotion
f he

!
bounding box and avariays the corresponding emoj
Emojis Reference

These emolis represent the different emotians the system can detect
Input: | am very happy

Fig 7.1.5: Téxt—F acial Expression Synchronization
The system displays the real-time video feed. A bounding box identifies the user’s face, and the

@2026, JETMS | Impact Factor Value: 5.672 | Page 147



¥,

45y International Journal of Engineering Technology and Management Sciences
Website: ijetms.in Issue:2 Volume No.10 March - April — 2026
DOI:10.46647/ijetms.2026.v10i02.017 ISSN: 2581-4621

Mini Xception model predicts the emotion. In this instance, the Detected emotion ("happy")

matches the Expected emotion ("happy"), successfully validating the user's input.

Al-Driven Real-Time Facial Emotion Prediction and Text-Based Emotion Analysis
for Enhanced Human-Computer Interaction

Concept Overview Iam very happy Set Input Text

< computer vision, deep | natural lan
Face Speak combines computer vision, deep learing, and natural language Expecied Emurion: heppy
cial emation validation system. Users

(e, am happy today ), and the Stop Stream

system detects

The system uses:

= Haar Gascade: For realtime face detection, Efficiently locates the face region in
each video

o and overlays the corresp:
Reference

resent the different emotions the system can detect:

| 'F'ig 7.1.6: Video Stream Termination

This screen shows the UI after the "Stop Stream" command has been executed. The video container
is cleared, and the system returns to a standby state, ready for new text input or a stream restart.

Conclusion

This project, titled “Al-Driven Real-Time Facial Reaction Prediction and Emotional Text Input
Analysis for Enhanced Human-Computer Interaction,” presents an efficient and intelligent approach
for improving interaction between humans and computers using artificial intelligence. The system
integrates text-based emotion analysis with real-time facial emotion prediction by utilizing deep
learning techniques such as Convolutional Neural Networks and Natural Language Processing. By
independently processing emotional text inputs and facial expressions, the model ensures accurate
detection of emotions such as happy, sad, and neutral, enhancing the overall interaction experience.

The workflow of the system includes key stages such as text input processing, emotion detection
using NLP, real-time video capture, face detection using the Haar Cascade algorithm, and facial
emotion prediction using CNN models. The final output displays both text emotion and facial
emotion, providing a comprehensive understanding of user emotions. Compared to traditional
approaches like SVM-based models, the proposed system achieves better accuracy, adaptability,
and real-time performance. This approach highlights the advantages of deep learning in capturing
complex emotional patterns and delivering more natural, human-like interactions. Overall, the
system contributes to the development of emotionally intelligent applications and has potential use
in virtual assistants, e-learning platforms, chatbots, and advanced human—computer interaction
systems.

Future Scope

The future scope of the project “Al-driven Real-Time Facial Reaction Prediction and Emotional
Text Input Analysis for Enhanced Human— Computer Interaction” is highly promising, with
significant potential for improving intelligent and emotionally aware systems.

Future enhancements can focus on developing more advanced facial expression generation
techniques, including dynamic facial animations and emotion intensity control, allowing systems to
display subtle and realistic emotional variations. Integrating speech synthesis and voice- based
emotion recognition can further enhance interaction by combining visual, textual, and vocal
emotional cues, resulting in a more natural and immersive user experience.

In addition, the system can be extended to support cross-cultural emotion recognition by training
models on diverse datasets, enabling better understanding of emotional expressions across different
languages and cultures. The incorporation of real-time adaptive learning mechanisms can allow the
system to continuously improve its accuracy based on user interactions. Furthermore, deploying the
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system on mobile and edge devices can make it more accessible for real-world applications such as
virtual assistants, e-learning platforms, healthcare support systems, and social robotics. Conducting
large-scale real-world user studies will also help validate system performance and usability,
ensuring that the solution is robust, scalable, and effective in enhancing human—computer
interaction.
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