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Research Progress of Textile Floor Coverings Flame Retardant

Detection Standards and Flame Retardant Methods

LI Xiang
(Tianjin Product Quality Supervision & Testing Technology Research Institute Carpet Research Center, Tianjin 300211, China)

Abstract: The current status of flame retardant detection and flame retardant methods of textile floor coverings were summarized.
Firstly, based on the current effective conventional standards, the evaluation and detection methods of flame retardant in textile floor
covering materials were outlined, as well as the level delineation based on quantitative indicators. Secondly, the specific methods and
mechanisms of the flame retardant treatment of textile floor covering materials were discussed in detail. Finally, the flame retardant
detection standards and methods for the textile floor coverings were summarized, while the future research direction was outspoken.

Key words: textile floor covering; flame retardant detection standard; mechanism; flame retardant method

(E#E 7 )
Generative Adversarial Networks and Their Applications in Textile Industry

TIAN Le, ZHU Shuangwu®™ , WANG Ru, DING Qiong
(School of Textile Science and Engineering, Xi'an Polytechnic University, Xi'an 710048, China)

Abstract: In comparison to traditional digital image processing methods, the generative adversarial network (GAN) , as a research
hotspot in the field of deep learning, could generate diverse and high-quality data with minimal labeled data, which could effectively
realize the enhancement and generation of textile data samples. Based on the theory of generative adversarial network (GAN), the
strengths and weaknesses of the model were analyzed. The six GAN variants widely used in the textile industry were introduced,
while the application status of GAN in textile field was also listed. Finally, the challenges and problems faced by GAN in the textile
field were summarized.

Key words:deep learning; generative adversarial network; textile industry; data augmentation



