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Feature-level fusion method of visible and infrared images for
scene understanding in complex power environments
HUANG Zhihong'?, DU Rui’, ZHANG Hui’

(1. Electric Power Research Institute, State Grid Hu’nan Electric Power Company Limited, Changsha 410017, China; 2. Hu’nan Xi-
angdian Test and Research Institute Co., Ltd., Changsha 410017, China; 3. Engineering Research Center for Robot Visual Perception
and Control Technology, Hu’nan University, Changsha 410082, China)

Abstract: With the continuous increase in the automation and intelligence levels of power systems, the effective monit-
oring and fault diagnosis of substation and distribution network equipment have become crucial to ensuring stable grid
operation. To address the challenges faced by traditional single-modal image processing methods in complex power en-
vironments, a scene understanding method based on the feature-level fusion of visible and infrared images is proposed
here. By deeply analyzing the complementary characteristics of visible and infrared images, a dual-branch symmetric fu-
sion network framework is designed, and it effectively integrates the high-resolution texture information of visible im-
ages with the temperature information of infrared images. Furthermore, multi-scale feature fusion layers and multi-scale
attention decoders are introduced to enhance the segmentation precision and detail recovery capabilities of the model.
The experimental results reveal that this method performs excellently in substation equipment monitoring, particularly
demonstrating good robustness in processing images under insufficient lighting and occlusion conditions. This research
presents an effective technical approach for monitoring complex power environments and offers significant theoretical
and practical implications for advancing intelligent management in power systems.

Keywords: feature-level fusion; scenario understanding; power system monitoring; substation equipment; intelligent

grid; multimodal fusion; image semantic segmentation; infrared-visible image
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Fig. 5 Loss function curves of the model
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Table 2 Comparison with the results of different methods
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Table 5 Results of the simulated weather experiments
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