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fire-GAN: Flame Image Generation Algorithm Based on Generative
Adversarial Network

Qin Kui, Hou Xinguo', Zhou Feng, Yan Zhengjun, Bu Leping
School of Electrical Engineering, Naval University of Engineering, Wuhan 430033, Hubei, China

Abstract We propose a novel flame generation algorithm, called fire-GAN, based on the HistoGAN algorithm to solve
the issues of low quality and complex color control of flame images produced by a generative adversarial network. First,
flame image segmentation is introduced in the image preprocessing link to remove background interference from the
network, reduce the flame shape distortion and color distortion. Second, the roundness loss function is suggested to
increase the focus of the network during training on the intricacy of the flame contour. Finally, data enhancement is
implemented in the generator and discriminator to maintain the network stability during training and prevent gradient
explosion. The experimental results demonstrate that the average RGB error between the flame generated by fire-GAN
and the target flame is 2. 6% , the Fréchet inception distance (FID) is 59. 23, and the inception score (IS) is 2.81. The
outcomes demonstrate the feasibility of the fire-GAN to produce a {lame image with color, definition, and authenticity
levels quite comparable to the target flame image.
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Fig.3 Example of flame image segmentation using Equ. (5)
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Table 1 Roundness of flames and disturbances

Parameter Flame Flashlight Car lights Sunlight through windows
C 0.279 0.714 0.666 0. 585
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Fig. 5 Comparison of flame effect generated by two parts of datasets
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Table 2 Quantitative evaluation of flame image generated by

two parts of datasets

Dataset FID IS
Without flame segmentation 80. 09 2.39
With flame segmentation 59.23 2.81
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Table 3 Comparison of average values of flame roundness in images generated under different conditions of roundness loss function
Parameter Without loss R s R, s Ry TR, 1oss Real image
C 0.434 0.379 0.330 0.319 0.279
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Table 5 Quantitative evaluation of different networks
Parameter GAN SAGAN MixNMatch content-aware-GAN styleGAN2 fire-GAN
FID 129.02 125. 35 140. 34 68.85 60. 52 59.23
1S 2.06 2.00 1.91 2.76 2.79 2.81
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