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Abstract: Under the background of intelligent mine construction, the application of intelligent equipment has increasingly become the
main content of mine intelligent transformation. Intelligent robots in coal mine that are designed for inspecting and dangerous area survey-
ing and doing other tasks depends on the construction of digital map of underground coal mine and the localizing of the robot itself. But
most of the traditional localizing methods are inefficient or even ineffective in the underground. Simultaneous Localization and Mapping
(SLAM) has become a better choice for underground intelligent robot localization methods. However, due to the high cost of lidar and the

poor performance of camera in low illumination environment, it is necessary to design a SLAM localization method that takes into ac-
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count both low cost and adaptability to low illumination environment. Therefore, a localization method of robot with underground dark
light environment adaptability in coal mine is proposed. Firstly, the real images of the gallery of a coal mine in Fengxian County, Baoji
City, Shaanxi Province and the dataset of the camera and IMU required for SLAM were collected. According to the images, non-matching
dark light and normal light dataset was made, and 3 560 images were obtained after data amplification. An EnlightenGAN image enhance-
ment network combined with self-attention module is designed, which takes into account the dependence of different regions of the image
without relying on the paired dataset. Based on the ORB-SLAM3 framework, the whole local image detection is introduced to screen the
input image, and an improved IMU initialization strategy based on analytical solution is introduced to improve the initialization speed, and
the improved image enhancement network is transplanted to enhance the low illumination and uneven illumination images. Experiments on
the EuRoC dataset show that the image enhancement-based underground coal mine robot localization method can reduce Egys by 12.17%
and Ey, by 14.35% in low-light environments. In two actual coal mine roadway scenarios, the low-light environment can be identified, and

the increasing number of feature points are extracted and the drift phenomenon of positioning trajectory is reduced by the SLAM system

and. Finally, the localizing effect of the system is improved in the dark area of the roadway.

Key words: simultaneous localization and mapping; underground coal mine; coal mine robot; image enhancement
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Fig.7 Intelligent robot platform for coal mine
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Fig.9 Comparison of enhancement effects of different algorithms
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H%)‘ﬁﬁ!ﬁ?%fiﬂfﬁm;ﬁ
F7 5l RN TR /%
R IR R ER
MHO04 158 225 42.41
MHO05 146 230 57.53
H TR (E 10c) 42 119 183.33
H TG 5(E10d) 171 212 23.97

2.2 SLAM ZE{LRIGITIE
1) A EHE SRR IE

EuRoc $54E 1 F 45 MH MR TR AT a8 A0%
L IO R A RE 3 42K
TR, 36 5 AR RS e 51, X Rs 4R i 1F
AR 2. % 3 iR,

% 3 EuRoc ##EE MH FEF S
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Table 4 Eg, results comparison

Eys/m #ORB-SLAM3
FFAI/ k4 B *Wl iy
ORB-SLAM2 VINS—Fusion ORB-SLAM3 FCM-SLAM G
MHO1_easy 0.0358 0.060 2 0.041 4 0.041 5 0.24
MHO02_easy 0.0189 0.066 4 0.034 7 0.033 4 3.75
MHO03_medium 0.028 3 0.1350 0.028 2 0.0250 11.35
MHO04 _difficult 0.109 0 0.056 7 0.048 3 0.040 7 15.73
MHO5_difficult 0.068 9 0.054 7 0.0557 0.0479 14.00
RS Eyp BRI
Table 5 Eg, results comparison
Egp/m #ORB-SLAM3
TS A o
ORB-SLAM2 VINS-Fusion ORB-SLAM3 FCM-SLAM R /9%
MHO1_easy 0.020 9 0.097 9 0.0157 0.0149 5.10
MHO02_easy 0.028 7 0.028 0 0.019 6 0.0190 3.06
MHO03_medium 0.0255 0.0139 0.012 8 0.0114 10.94
MHO04_difficult 0.0399 0.0230 0.0242 0.020 1 16.94
MHOS5_difficult 0.040 2 0.030 2 0.028 6 0.023 5 17.83
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Fig.13 Comparison of positioning trajectory effects of different algorithms in scene 1
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