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Our topic 

Goal

- Create a synthetic dataset.
- Capture the lighting effects on the face of people and potentially recreate it.

Methodology

Image of Face 3D model 
with light

Image of Grey ball 
with same light

Dataset DL model Output



Workflow

Generate dataset Explore state of the 
art models

Design the 
architecture

Train and evaluate a 
model
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Generate 3D face model

Real photo 3D model3D model

Keen Tools FaceBuilderFree model from sketchfab

Way 1      1 face Way 2      3 faces



Generate 3D face model

Real photo 3D model

TRELLIS

AI photo 3D model
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Real photo

Way 4      11 facesWay 3      1 face



TRELLIS

https://huggingface.co/spaces/innoai/TRELLIS



Dataset

 16 faces  ×  100 conditions (lighting and angle)   =  1600 set of images

- Training: 1200 set
- Validation: 200 set
- Test: 200 set

1 set = 1 face image + 1 ball image



Workflow

Generate dataset Explore state of the 
art models

Design the 
architecture

Train and evaluate a 
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✅



Exploring models



Exploring models

We found some potential candidates:

1. UNet [2]: U-Net can capture light information from a reference object and transfer it to a 
gray ball by using its encoder-decoder architecture with skip connections to preserve spatial 
lighting details. The model would be trained on paired images showing the same scene 
under different lighting conditions, learning to extract lighting features and apply them to 
new objects while maintaining geometric consistency. (supervised)

2. GAN [1],[3]: A GAN approach uses a generator (often U-Net-based) to create realistic 
lighting effects on a gray ball, while a discriminator ensures the results look authentic by 
comparing them to real lighting examples. This adversarial process excels at producing 
realistic specular highlights, shadows, and subtle lighting nuances that are difficult to 
achieve with traditional methods, resulting in more photorealistic light transfers. 
(unsupervised)
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✅ ✅



Design the architecture- UNet

https://commons.wikimedia.org/wiki/File:Exa
mple_architecture_of_U-Net_for_producing_
k_256-by-256_image_masks_for_a_256-by-2
56_RGB_image.png#/media/Fichier:Example
_architecture_of_U-Net_for_producing_k_25
6-by-256_image_masks_for_a_256-by-256_
RGB_image.png*For reference



Design the architecture- UNet

Two approaches:

1. Freezing encoder and training decoder
● Weights- Imagenet
● Encoder- Resnet34   

2. Training both encoder and decoder 
● Encoder- Resnet34



Freezing encoder and 
training decoder (50 
epochs) 

Training both encoder 
and decoder (50 
epochs)
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Training setup

● Loss functions
○ L1
○ Mean Squared Error (MSE)
○ 1 - SSIM
○ Combination loss = MSE * 0.5 + (1 - SSIM) * 0.5

● Learning rate = 1e-4 ~ 1e-5
● Batch size = 50
● Epochs = 500



Computing loss



Training 
metrics

Loss



Training 
metrics

SSIM



Prediction (RGB, 80 epochs) Prediction (RGB, 500 epochs)

Prediction (RGB, 80 epochs) Prediction (RGB, 500 epochs)
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Data
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Data



Workflow
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art models
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