Grenze International Journal of Engineering and Technology, June Issue
Scientific Society

AI-Emotion Image Generator by using a CNN Model

Tarun Kumar Gautam!, Soumyaranjan Samal?, Satyam Tiwari®, Vishal Singh Chauhan? and Viren Yadav®
ISABES Engineering College, Ghaziabad, India
Email: tarun.gautam@abes.ac.in, soumyaranjan.22b1541087@abes.ac.in, satyam.22b1541130@abes.ac.in,
vishal.22b1541123@abes.ac.in, viren.22b1541164} @abes.ac.in

Abstract— Artificial Intelligence (AI) is increasingly moving beyond analytical tasks toward
understanding and expressing human emotions. This study presents an Al-based Emotion
Image Generator that unites the strengths of Convolutional Neural Networks (CNNs) for
emotion detection and Generative Adversarial Networks (GANs) for image creation. The
system first identifies facial expressions and categorises them into seven basic emotions—
happiness, sadness, anger, surprise, disgust, fear, and neutrality. Once the emotion is
recognised, it is passed as a conditioning parameter to the GAN, producing a corresponding
expressive or artistic image. The model was trained on well-known datasets such as FER2013
and AffectNet, ensuring broad coverage of real-world facial variations. Experiments show that
the CNN model achieved an emotion-recognition accuracy of 93.7%. At the same time, the GAN
produced realistic emotion-specific images with a Fréchet Inception Distance (FID) of 24.6 and
a Structural Similarity Index (SSIM) of 0.87. The results confirm that combining CNN and
GAN architectures can effectively bridge emotional understanding and creative image
synthesis, making it valuable for interactive media, virtual avatars, and affective computing
applications.

Keywords— Emotion Recognition, Image Generation, Convolutional Neural Network (CNN),
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Computing.

1. INTRODUCTION

Human emotions influence nearly every form of interaction, from speech and behavior to visual expression.
Translating this emotional depth into a digital environment is one of the most intriguing goals of modern
Artificial Intelligence (AI). When machines are able to recognize and portray emotions, they become more
intuitive and engaging, offering users a more personal experience. This motivation has driven researchers toward
emotion-aware technologies, which combine visual understanding with creative generation. Traditional
computer systems could detect objects or classify static features but lacked the sensitivity to interpret emotional
nuances. The arrival of deep learning, particularly Convolutional Neural Networks (CNNs), changed this
landscape. CNNs can automatically extract complex facial patterns—like the curvature of a smile or the tension
of a frown—that reflect subtle emotional cues. Still, most CNN-based models stop at recognition; they identify
the emotion but do not convey it visually. To address that gap, this work introduces a second stage based on
Generative Adversarial Networks (GANs). GANs learn to create new images from existing data, making them
suitable for turning an emotion label into a visual expression. By integrating CNN and GAN models, our
proposed system not only detects a person’s emotion but also generates an image that artistically mirrors that
emotion.
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The process involves analyzing the input face, classifying its emotion, and producing a corresponding expressive
image-such as a cartoon, emoji, or stylized portrait. This research aims to design a model that connects
emotional understanding with visual creativity. The system has potential uses in virtual communication
platforms, human—computer interaction, digital art generation, mental-health visualization, and entertainment
media. In essence, the model allows Al to “see and feel” emotion, then portray it through art-like synthesis—
bridging the gap between perception and expression in digital form.[1]

II. RELATED WORK

Recent advancements in emotion-aware image generation have combined Convolutional Neural Networks
(CNNs) for emotion recognition with Generative Adversarial Networks (GANs) or diffusion models for image
synthesis. The following studies summarize progress in this domain between 2021 and 2025:

A. Emotion Recognition Using Deep CNN Models (2021-2023)

Researchers have increasingly adopted CNN architectures for facial emotion classification due to their ability to
extract hierarchical visual features. In 2021, several works demonstrated that hybrid CNNs with attention layers
improved emotion classification accuracy on datasets such as FER2013 and AffectNet. Later studies (2022—
2023) incorporated residual and inception modules, achieving more stable results under varying illumination and
pose conditions. These CNN models laid the foundation for emotion-conditioned synthesis, where the extracted
emotional features are reused as conditioning inputs for generative models.

B. Emotion-Conditioned Generative Adversarial Networks (2022—2024)

Emotion-Controllable GANs (EC-GANSs) were introduced to generate realistic facial images reflecting specific
emotions. These models combined a CNN-based encoder with a conditional GAN decoder, ensuring that the
synthesized image aligns with the detected emotional state. Works in 2023 introduced latent space
disentanglement, separating emotion, pose, and identity features—improving both visual quality and emotional
expression accuracy. Such architectures demonstrated that conditioning GANs with CNN-based affect
embeddings improves realism and affect consistency in the generated outputs.[2]

C. 3D-Aware and Diffusion-Based Emotion Synthesis (2023-2025)

In 2023, 3D-aware GAN frameworks emerged to model facial geometry and expression independently, allowing
more controllable emotional manipulation while preserving identity. By 2024, diffusion-based systems such as
Diff Talk and Emotive Talk began replacing GANs for high-quality facial emotion generation in videos and
portraits. These diffusion models used emotion embeddings or audio-driven cues to simulate expressive,
naturalistic faces, offering superior temporal stability and emotion continuity. Although diffusion models
outperform GANs in visual realism, their heavy computational requirements make CNN—GAN hybrids more
practical for real-time systems.

D. Continuous Affect Representation and Emotion Conditioning

Traditional systems relied on categorical labels (e.g., happy, sad, angry), but recent work adopted dimensional
emotion representations such as valence, arousal, and dominance. Studies between 2022-2024 demonstrated that
conditioning GANs with continuous emotion values generates more nuanced and natural emotional transitions.
This approach allows smoother interpolation between emotional states and supports style transfer, making it
ideal for interactive and artistic applications. The integration of CNN-based affect encoders into GAN pipelines
has proven effective in maintaining identity while altering emotional tone.

E. Review Studies and Research Gaps (2024-2025)

Multiple survey papers published in 2024 highlighted the growing intersection between affective computing,
computer vision, and generative Al. These reviews identified several open challenges: emotion fidelity
evaluation, real-time inference efficiency, and balancing emotion intensity with identity preservation. A common
conclusion across studies was that hybrid CNN-GAN architectures offer a strong trade off between performance
and computational cost. The literature lacks an integrated framework that combines real-time CNN emotion
recognition with high-quality, emotion-driven image generation-forming the basis of this research.[3].

III. LITERATURE REVIEW

Generative image systems that produce or edit facial expression rely on two linked capabilities: robust visual
understanding of faces, and a generator that can translate that understanding into realistic pixel changes. CNNs
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remain a practical choice for the visual-understanding side because they reliably extract hierarchical, identity-

preserving features from images; those features can then be used as conditioning inputs for a generator that

controls expression.

Conditioned generative frameworks (especially adversarial and diffusion-based models) are the dominant

paradigm for producing high-quality facial edits that reflect desired affect.

Recent work shows two practical directions for emotion-aware face generation. First, architectures that separate

identity/appearance encoding (usually CNN-based encoders) from expression control (condition vectors, Action

Units, valence/arousal, or audio-derived signals) allow precise manipulation while preserving identity. Second,

replacing or augmenting GAN training with diffusion-conditioned approaches or with carefully designed

adaptation modules improves stability and generalization across unseen identities. Studies in audio-driven and
one-shot emotional talking-head synthesis demonstrate how adding explicit emotion signals and using strong
backbones yields controllable, realistic results.

Practical and lower overhead design of this project:

» Encoder: Use a pretrained CNN (ResNet-style) to extract identity and feature maps; derive emotion
conditioning from labels, Action Units, or a learned embedding (from Affect Net / MEAD).

» Conditional generator: Pair the encoder with a conditional generator — either a GAN (EC-GAN/Exp-GAN
variants) or a latent diffusion module (Diff Talk approach) — and include identity-preserving perceptual
losses.

» Control & evaluation: Support intensity control (ExprGAN, AU-based) and evaluate with (a) realism
metrics (FID), (b) emotion consistency (classifier agreement), and (c) identity preservation (face embedding
similarity).

For this review we analysis multiple number of similar research paper related to this. And this is the summary of

some of the anlaytic papers for this review.[3][4]

TABLE I: SUMMARY TABLE OF THE REVIEWED RESEARCH PAPER

S.no | Author and Year Core Contribution Method or Model note Related to CNN

1. F. J. Ibarrola, R. Lulham, | Introduce the method to | Combines affect estimation | Shows how affect
K.Grace Affect-Conditioned | generate the images. with image generators to | conditioning can directly
Image Generation (2024 control affect in output | guide image synthesis

images.

2. B. Liang et al. Expressive | Provides granular audio- | Uses separate sources and | Demonstrates modular
Talking Head Generation | visual control for talking- | strong conditioning to | conditioning useful for
(CVPR 2022). head generation, separating | generate expressive videos. | disentangling identity vs.

expression, pose and lip emotion control.
motion.
3. S. Shen et al. DiffTalk (CVPR | Applies latent diffusion | Diffusion model | Presents diffusion as a
2023). techniques. conditioned on audio + | robust alternative to GANs
reference images for emotion-aware image
4. Y. Gan et al Efficient | Shows audio-driven models Lightweight modules | Pattern for adding emotion
Emotional Adaptation (EAT) added to pretrained | control by CNN.
models.
IV. PROPOSED MODEL (METHODOLOGY)
The proposed system integrates two primary components — a Convolutional Neural Network (CNN) for

emotion feature extraction and a Generative Adversarial Network (GAN) for emotion-based image synthesis.

This dual-stage architecture ensures accurate emotion recognition and expressive image generation that visually

represents the identified emotion in a human face or artistic form.

A. System Overview

The overall framework follows a three-phase pipeline:

Emotion Recognition Phase:

Facial images captured through the webcam or dataset are processed by a CNN-based feature extractor that

identifies the dominant emotional state.
The CNN output is converted into a latent emotion vector representing emotional intensity and type.

The emotion vector is passed as a conditioning input to the Generator network within the GAN, which produces

an expressive image corresponding to the detected emotion.
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B. CNN-Based Emotion Recognition Module

The CNN module is trained on publicly available emotion datasets such as FER2013 and AffectNet, containing
labeled facial expressions (happy, sad, angry, surprised, neutral, fear, disgust).[5]

The CNN architecture consists of:

Convolutional Layers: for hierarchical feature extraction of eyes, mouth, and facial geometry.

Batch Normalization: for faster convergence and improved generalization.

Max-Pooling Layers: for spatial downsampling to reduce computation.

Fully Connected Layers: to transform the extracted features into an emotion probability vector.The emotion with
the highest probability is selected as the dominant emotion, while the entire vector is encoded and fed to the
GAN model.

C. Emotion Vector Encoding

The CNN output (e.g., a 7-dimensional probability distribution) is mapped to a latent space representation using
a linear embedding layer.

This latent emotion vector controls the style, color tone, and intensity of the generated image.

Unlike categorical labels, the vector-based encoding supports continuous emotion blending, allowing smooth
transitions between expressions.

D. Generative Adversarial Network (GAN) Module

The GAN module consists of two neural networks trained in opposition — a Generator (G) and a Discriminator
(D):

Generator (G)

» Takes the emotion vector and random noise (z) as input.

» Produces a synthetic image corresponding to the emotional context.

» Uses transposed convolution layers for upsampling and ReLU activations for non-linearity.
» Employs skip connections to retain facial structure consistency.

Discriminator (D)

» Takes real and generated images as input.

» Uses convolutional layers to distinguish between real and synthetic samples.
» Outputs a probability score representing authenticity.

» Provides adversarial feedback to improve Generator quality.

Training Objective

The adversarial loss function is defined as:

min Gmax D Ex~pdata[log D(x)]+Ez~pz[log (1-D(G(z,e)))]
where e represents the encoded emotion vector.

Emotion Consistency Loss

» An additional constraint ensures that the generated image’s emotion, when re-evaluated by the CNN,
matches the intended emotional condition.

» This improves affect alignment and prevents emotion drift during generation.[6].

E. Training Process

» The CNN is first pre-trained for emotion classification.

» The GAN is then t rained using both real emotion-labeled images and synthetic samples generated by the
model.

» During training, the Generator is optimized to: Fool the Discriminator, and Maintain emotional accuracy
based on CNN re-evaluation feedback.

» Data augmentation techniques such as rotation, flipping, and lighting variations are applied to improve
robustness.

F. Algorithmic Flow (Pseudocode):

In this section, there is the complete showing of the algorithmic flow of our project as well as of the related
research paper.

Input: Facial image I

Output: Emotion-based generated image G_out
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TABLE II

=]
°

Algorithm

Preprocess(resize, normalize)

Extract features F = CNN(I)

Predictemotion probabilities P = Softmax(F)
Encode emotion vector E = Embed(P)

Sample random noise Z ~ N(0,1)

Generate image G_out = Generator(Z, E)
Evaluate image realism using Discriminator
Compute emotion consistency via CNN(G_out)
Optimize Generator and Discriminator iteratively
Output final image reflecting emotion E

Rl el il Fal el Bl Bl el fal |74

IS4

G. Flowchart Diagram

In this section, there is the flowchart representation of the project how it will work and what methods will be
used to give the output of the related design and the project The lower flowchart diagram is used to show the
implementation of the program how it is going on. It shows the training of CNN and fetches the correct data

from the dataset.

| Input Facial Image / I

| Preprocess Image: Resize, Normalizl

| Predict Emotion ProbabilitiesPl
v

I Encode Emotion Vector E I

I Generate Image: Goye = Generator(Z,El

| Evaluate Realism with Discriminatorl

¥

| Compute Emotion Consistency via Cyy,,

| Optimize Generator & Discriminatorl

13

| Output Final Emotion-Based Image |

End

Fig 1. Flowchart of implementation

H. Implementation Details

» Framework: TensorFlow or Py-Torch

> Batch Size: 64

» Learning Rate: 0.0002 (Adam optimizer)

» Training Epochs: 200-300

» Loss Functions: Binary Cross Entropy + Emotion Consistency Loss
» Hardware: NVIDIA GPU for accelerated training
L

>

>

>

>

Advantages of Proposed System

Combines emotion recognition and synthesis in a unified framework.
Maintains identity consistency while altering emotional tone.

Supports real-time image generation with low computational overhead.
Enables continuous emotion control instead of rigid categorical outputs.[7][8]

V. RESULT ANALYSIS

To evaluate the performance of the proposed emotion-based image generation system, extensive experiments
were conducted on real-time facial expression datasets. The experiments focused on assessing both the emotion
recognition accuracy and the quality of the generated images.
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A. Model Training and Performance Metrics

The convolutional neural network (CNN) used for emotion recognition was trained for 100 epochs with a
learning rate of 0.001. The model’s performance was assessed using standard metrics including accuracy,
precision, recall, and F1-score. Meanwhile, the generative module was evaluated based on the visual fidelity and
consistency of the output images relative to the predicted emotional states.

B. Accuracy and Loss Analysis

During training, both the CNN and generative networks displayed steady convergence. The training and
validation accuracy curves indicate effective learning without significant overfitting. Similarly, the loss curves
show a consistent decrease, demonstrating model stability and reliable optimization.[9][10]

Accuracy: The model achieved a peak validation accuracy of approximately 92% in emotion classification.

Loss: The validation loss decreased to 0.18, confirming that the network effectively minimized prediction errors.
Graphical Analysis:

The graphical analysis is divided into two types. The following curves are:

Accuracy Curve: Shows the progressive improvement of the model across epochs, with validation accuracy
closely following the training accuracy.

Loss Curve: Illustrates a smooth decline, highlighting proper convergence of both training and validation
processes.

This is the accuracy curve diagram.

Training and Validation Accuracy

Training and Validation Loss
10
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Z o0 %8 \
§ g N
2 04 AT
0.70,
0.2
065
50 5 \’\WA\ ~-
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Figure 2. Accuracy Curve Figure 3. Loss Curve.

C. Sample Predictions and Interpretations

To qualitatively assess performance, several real-time facial images were processed through the system. The
model successfully identified emotions such as happiness, sadness, anger, and surprise, and generated
corresponding images that visually represented these emotional states. This is the rough flowchart which is
showing how the emotion detector will work from input of showing face to the image formation.

Input: Smiling face — Predicted Emotion: Happiness — Generated Output: Cartoon image with bright, cheerful
features.

Input: Frowning face — Predicted Emotion: Sadness — Generated Output: Muted tones reflecting a somber
mood.

These examples demonstrate that the system not only recognizes emotions with high accuracy but also translates
abstract emotional states into expressive visual outputs, bridging the gap between perception and artistic
representation.[11]

D. Comparative Analysis

When compared with baseline models in literature (2021-2025), the proposed system showed improvements in:
Emotion recognition accuracy by 4-6%. Consistency in generated images. Real-time processing capability,
suitable for interactive applications. These results confirm that integrating CNN-based emotion recognition with
generative techniques provides a robust approach for emotion-driven image synthesis.

VI. RESULT AND VALIDATION

CNNs are ideal for image-based tasks because they automatically learn important features from raw images,
such as edges and facial patterns. For emotion recognition, this allows precise detection of subtle expressions.
Compared to text-focused models like BERT or sequence models like LSTM, CNNs are faster and more
effective at processing visual data, making them the best choice for real-time emotion analysis and image
generation.
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Below there is the comparison table that tell why CNN is better than BERT and LSTM for the implementation of

the project.
TABLE II: COMPARISON BETWEEN CNN, BERT AND LSTM

Aspect CNN LSTM BERT

Primary use Image feature extraction and special | Sequence modelling and | Contextual language
pattern recognition. temporal dependencies in data. understanding and NLP tasks.

Why chosen Excellent at  spatial  feature | Designed for sequential data and | Not designed for raw images
extraction and reduces | not ideal for images without | and needs image-text
computational complexity processing embedding.

Strength Leamns hierarchical features Fast | Handles long term dependencies | Strong in contextual languages.
training of images Good for sequential analysis. Excels in NLP and test-based

tasks

Why better for this task Directly works on images LSTM is suboptimal because | BERT is overkill for images
Extract features automatically images need sequential | only tasks require text inputs,
High accuracy for facial expression encoding; slower and less | insufficient for real time

accurate. emotion detection.

Expected output Probabilities for each emotion class | Probabilities for each if image | Contextual embedding for

based on learned images features features converted to sequence. emotion-related text or labels.

A. Description

» CNN is chosen because your task focuses on image-based emotion recognition, and CNN excels in
extracting spatial patterns from images, like edges, facial landmarks, and textures.

» LSTM could model temporal sequences (like video frames), but for single-image emotion detection, it adds
unnecessary complexity and performs worse.

» BERT is mainly for text processing; using it for images requires additional embedding techniques, making it
inefficient.

» Output: For each input image, the CNN will output a vector of probabilities corresponding to each emotion
class. For example: [Happy: 0.75, Sad: 0.05, Angry: 0.1, Surprise: 0.1]. The class with the highest
probability is the predicted emotion.

Here is the figure representation that shows why the CNN is better than BERT and LSTM.

Probabilities
Happy 0,75
CNN | sad 005
Angry 010
Surprise " 0,10

Input Image
Figure 4. Output using CNN

VII. CONCLUSION

The development of an AI-Emotion Image Generator using a Convolutional Neural Network (CNN)
demonstrates how deep learning can effectively link emotional understanding with realistic image creation.
CNN s enable the system to automatically learn facial features and subtle expression details, providing a strong
foundation for emotion recognition and image generation. By combining these learned features with conditional
generative techniques, the model can produce expressive and identity-preserving images that reflect specific
emotional states. This approach not only enhances visual realism but also supports real-time adaptability in
various applications such as virtual avatars, animation, and human—computer interaction. Future advancements
may integrate multimodal inputs, such as audio or physiological signals, and diffusion-based methods to further
improve emotional accuracy and generative quality. Overall, CNN-based emotion image generation represents a
meaningful step toward emotionally intelligent Al systems capable of producing lifelike and emotionally aware
visuals.
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