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Visual navigation method for electric power inspection robot based on

image preprocessing and semantic segmentation

YANG Quan, FAN Shaosheng

(School of Electrical & Information Engineering, Changsha University of Science & Technology, Changsha 410114, China)

Abstract: Due to the influence of lighting and harsh weather, the traditional image processing methods have low
recognition efficiency in visual navigation of inspection robots. This paper proposes a visual navigation method for power
inspection robots based on image preprocessing and semantic segmentation. An image enhancement method based on the
adaptive gamma correction method is proposed to solve the influence of strong light, weak light and uneven illumination on
the image. Aiming to the exposure conditions, the LSTM prediction model is used to adaptively adjust the camera angle to
eliminate the exposure and improve the good exposure of the image. The improved DenseNet is used to semantically segment
the navigation path and extract the path target area, fitting the robot’s forward route through the pixel value distribution of
the target area and calculate the offset, which provides the key parameters of robots to adjust the driving posture. Template
matching is used to determine the direction, location and bifurcation signs in the navigation path. Experimental results show
that the algorithm could effectively solve the problem of low recognition accuracy caused by lighting and adverse weather,
and improve the accuracy of navigation and positioning of inspection robots in complex environments.
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Figure 1 Navigation line images and corresponding grayscale

histogram under different illumination interference
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Figure 2 Adaptive gamma correction process
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Table 2 Image brightness, contrast, and clarity of different
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enhancement methods under different interferences
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Figure 16 Comparison of different segmentation methods

under strong light conditions
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Figure 17 Comparison of different segmentation methods

under weak light conditions
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Figure 18 Comparison of different segmentation methods

under uneven light conditions
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Figure 19 Comparison of different segmentation methods

under the condition of thin snow cover
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Figure 20 Comparison of different segmentation methods

under exposure conditions
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Table 3 Comparison of experimental results of
different segmentation methods %
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