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Figure 1 Images of multimodal data
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Table 2 Comparison with the representative datasets for semantic segmentation
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Figure 2 Visualization of images, point clouds and semantic label tiles in the dataset
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Figure 3 Pixel statistics of each class in the dataset
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Figure 4 Visualization of semantic segmentation results
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Table 4 Class definitions of the dataset
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A dataset of multi-modal UAV remote sensing data for semantic
segmentation of open-pit coal mines

CUI Pengzhi'?, LIU Baofeng**, WANG Chong*, LI Xinpeng’, ZHANG Wenhui',
WANG Mijun®, LIU Jixiang!, LI Zhuohang', LI JiuLong!, DING Ying?

1. Information Research Institute, Ministry of Emergency Management, Beijing 100029, P.R. China
2. College of Mapping and Geographical Science, Liaoning Technical University, Fuxin 123000, P.R.
China
3. Xianyang Polytechnic Institute, Xianyang 712000, P.R. China
4. College of Computer, North China Institute of Science and Technology, Langfang 065201, P.R. China
5. National Energy Group Baorixile Open-Pit Coal Mine, Hulunbuir 021000, P.R. China
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Abstract: Open-pit coal mines are characterized by their large spatial scale, complex surface morphology,
and highly variable dynamic elements. Traditional manual inspection and single-source monitoring
methods suffer from low efficiency, multiple blind spots, and high operational risks, posing serious threats
to production safety. Leveraging advanced information technologies to obtain timely, comprehensive, and
accurate insights into the entire mining process is of great significance for safety operations. This study
utilized unmanned aerial vehicles equipped with a I LIDAR system and a five-lens oblique cameras for data
acquisition, resulting in a multi-modal remote sensing dataset that integrates digital orthophoto maps
(DOMs), digital surface models (DSMs), LiDAR point clouds, and 3D oblique models. 2,992 image
samples were extracted and annotated for semantic segmentation. Based on this, the first multi-modal
semantic segmentation dataset for open-pit coal mines was constructed, with a data volume of
approximately 12.5 GB. Through training and prediction using the U-Net, RandLA-Net, and IKD-Net
models—representing  the  image, point cloud, and multimodal fusion  modalities,
respectively—experiments demonstrate that the multimodal fusion strategy significantly improves
segmentation accuracy: 92.24% for the image modality (U-Net), 79.15% for the point cloud modality
(RandLA-Net), and 94.9% for the multimodal fusion model (IKD-Net).This dataset provides a valuable
benchmark for open-pit mining research and holds significant scientific and engineering potential for
advancing unmanned, safe, and sustainable operations in open-pit mines.

Keywords: UAV; open-pit coal mine; remote sensing; semantic segmentation; multi-modal

Dataset Profile

A dataset of multi-modal UAV remote sensing data for semantic segmentation of
Title
open-pit coal mines

Data corresponding author LIU Baofeng (285463526(@qq.com)

CUI Pengzhi, LIU Baofeng, WANG Chong, LI Xinpeng, ZHANG Wenhui, WANG
Data authors

Mijun, LIU Jixiang, LI Zhuohang, LI JiuLong, DING Ying
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Time range

June, 2022

Geographical scope

A certain large-scale open-pit mine in Hulunbuir City, Inner Mongolia Autonomous

Region, China

Spatial resolution

0.51m

Data volume

12.5GB

Data format

* tif, * laz, *.0sgb

Data service system

https://doi.org/10.12262/1sdc.Geography.2357
https://scidb.cn/doi/10.12262/1sdc.Geography.2357

Source(s) of funding

National Natural Science Foundation of China (52274159); Institute-level Scientific
Research Project of the Information Research Institute, Ministry of Emergency
Management (2023502); Phased Achievements of Xianyang UAV Surveying and

Mapping Key Laboratory.

Dataset composition

This dataset contains the results of UAV aerial survey, categorized by data type as
follows:

(1) Digital Orthophoto Data (DOM): Stored in RGB three-channel GeoTIFF format
within the DOM folder;

(2) Digital Surface Model (DSM): Stored in single-channel GeoTIFF format within the
DSM folder;

(3) Oblique Photography Data: Stored in OSGB format within the OSGB folder;

(4) LiDAR Point Cloud Data: Stored in LAZ format within the LIDAR folder, and the
attributes of points include spatial coordinates, reflection intensity and RGB true color
information;

The annotated multi-modal semantic segmentation dataset derived from this dataset is
organized by modality within subfolders under OPMMD:

(1) The Image folder contains visible-light imagery stored in RGB three-channel TIFF
format;

(2) The Dsm folder holds elevation data stored as single-channel TIFF files, where pixel
values represent elevation;

(3) The LiDAR folder includes LiDAR point cloud data stored in LAZ format;

(4) The Mask folder contains annotated ground-truth stored as single-channel TIFF

files, where pixel values indicate classification labels ranging from 0 to 5.
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