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Abstract: Botnets can dynamically generate numerous unpredictable domains via Domain Generation Algorithms (DGA) to elude
traditional static detection, enhancing the stealth and persistence of malicious activities. As DGA technology advances, traditional de-
tection methods are facing growing challenges. Efficiently identifying and defending against these domains has become crucial in cy-
bersecurity. This paper comprehensively analyzes mainstream DGA detection technologies, including those based on statistical fea-
tures, machine learning, and deep learning. It delves into their principles, application scenarios, and performance, uncovering limita-
tions in false positive rates, computational complexity, dataset size, and adaptability to new DGAs. Finally, the paper proposes inno-
vative directions for deep learning-based detection and cross domain collaborative detection. Combined with traffic behavior analy-
sis and generation-pattern blocking mechanisms, we build a multi-Layered, integrated DGA defense system, offering new ideas to
improve detection effectiveness, accuracy, and adaptability.
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Table 1 Types and generation mechanisms of DGAs
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Table 2 Strategies and characteristics of generation algorithms of DAGs
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Fig. 3 Architecture of HDGAetector model™!
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Fig. 4 Discriminate DGA with recurrent neural network™
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Fig. 5 Diagram of the multi-layered defense system
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