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Abstract

Power equipment defect detection is an important task in intelligent operation and maintenance of
transmission lines, substations and photovoltaic facilities. With the increasing use of UAVs, inspec-
tion robots, visible cameras and infrared sensors, massive inspection images have promoted the
development of deep learning-based automatic detection methods. This review summarizes the de-
tection objects and task characteristics of power defects, and discusses two-stage detectors, one-
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stage detectors represented by the YOLO series, visual Transformer models and multimodal fusion
techniques. Existing studies show that two-stage methods are advantageous in localization and re-
gion-level analysis but are relatively complex for real-time deployment. One-stage YOLO-based
methods are efficient and deployment-friendly, while small defects, cluttered backgrounds and lim-
ited global semantic modeling remain challenging. Transformer models provide long-range de-
pendency modeling, and multimodal fusion offers a possible way to combine visual, textual, infra-
red and point-cloud information. Finally, summarize the existing problems of current research and
future development trends.
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Table 1. Characteristics of common equipment defects and inspection tasks in power line inspection
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Figure 1. Architecture of Faster R-CNN target detection
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Figure 2. ELT-RTDETR network structure
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