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TR-GAN: Thermal to RGB face synthesis with Generative Adversarial
Network for Cross-Modal Face Recognition
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TR-GAN: Thermal to RGB face synthesis with Generative Adversarial
Network for Cross-Modal Face Recognition

Original | Thermal | TV-GAN Pix2PixHD CycleGAN | TR-GAN
RGB (Ours)
Resnet50 100.0 47.0 42.85 44,95 75.21 80.7
accuracy (%)
VGG16 100.0 30.67 53.78 61.74 79.41 88.65
accuracy (%)
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L1 Loss

Real Image in domain A Fake Image in domain B Reconstructed Image
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Discriminator A
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What is D like?
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Cycle Loss

L1 Loss (cycle_A)
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Result
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Pix2Pix

Labels to Street Scene Labels to Facade BW to Color

Figure 1: Many problems in image processing, graphics, and vision involve translating an input image into a corresponding output image.
These problems are often treated with application-specific algorithms, even though the setting is always the same: map pixels to pixels.
Conditional adversarial nets are a general-purpose solution that appears to work well on a wide variety of these problems. Here we show
results of the method on several. In each case we use the same architecture and objective, and simply train on differeni data.
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Result
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