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Abstract

In the indoor environment with complex illumination characteristics, it is difficult to verify and
evaluate the visual localization tasks of robots due to the lack of publicly available unified bench-
marks for the verification of visual localization algorithms. Therefore, to break the gap between
data owners and users and solve the problems of high acquisition cost and slow update of vision
data for complex illumination, it is essential to establish a continuously updatable robot vision lo-
calization dataset. Focusing on complex illumination environment, this paper explores the stan-
dard framework and data set construction process of visual positioning data sets, and conducts
hardware selection and system construction according to the characteristics of the environment,
and constructs a visual positioning data set with complex lighting characteristics. The dataset
evaluates various visual localization algorithms. This paper provides ground-truth locations for
all visual sequences with centimeter-level accuracy, which can be used to test the ability of visual
localization algorithms to handle lighting changes. The construction process proposed in this pa-
per can provide transferable experience for the construction of other scene characteristic data-
sets. This dataset serves visual positioning verification task, realizes the connection between the
real scene and the improvement of the visual positioning algorithm, and can provide more mea-
surement methods for robot visual positioning system in complex illumination environment.
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Table 1. Comparison of complex illumination visual localization data sets
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Figure 1. The research content and key technologies of this paper
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Figure 2. Data set collection scene: a garage of Tongji University
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Figure 3. Image data collected by the binocular camera at the same time, (a) is the data collected by the left camera, (b) is
the data collected by the right camera
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Figure 4. Visual positioning dataset organizational architecture
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Figure 5. The hardware system of the dataset
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Figure 7. Flow chart of sensors time synchronization
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Figure 8. The results obtained by cross correction of LIDAR-SLAM method in In-
door_HARD_002 sequence
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Figure 9. Representative image of the underground parking
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Figure 10. First line shows a positioning robot doing tasks in an underground parking lot; Second
line shows different structural characteristics; Third row shows the obvious lighting changes made
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Figure 11. A structure diagram of the data set
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Figure 12. Results of the visual localization algorithm run on the Indoor_HARD_002 sequence
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