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Segmentation method for mine personnel images based on superpixel granulation
and homogenous image granules

LI Xiaoyu', YANG Wei®,LIU Bin’ ,FAN Weiqiang' ,ZHANG Xiangyang'
(1. School of Mechanical Electronic & Information Engineering ,China University of Mining and Technology ( Beijing) ,Beijing 100083, China; 2. School of
Electronic & Information Engineering ,Betjing Jiaotong University , Beijing 100044, China; 3. Ningxia Coal Industry Limited Liability Company Shuangma
Coal Mine,China Energy Group,Yinchuan 750408 ,China)
Abstract ; Image segmentation of mine personnel is one of the basic tasks to realize the technology of personnel detec-
tion , behavior recognition, video locating and tracking. However, due to the special underground environment in coal

mine, it is difficult for conventional methods to meet the requirement of accurate segmentation of underground person-
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nel. To solve the segmentation problem of personnel image in coal mine,a segmentation method based on superpixel
granulation and the clustering of homogenous image granules is proposed , which is appropriate for the personnel images
in various scenarios. Firstly, the simple linear iterative clustering ( SLIC) model is employed to initially segment the
personnel image in coal mine into superpixels units, moreover, the personnel superpixels are identified by the RGB
similarity relationship between the superpixels and the marked personnel pixels in sample images. Secondly , the under-
segmented personnel superpixels are detected and thoroughly segmented into two with the guidance of their neighbor
superpixels , one is elite personnel superpixels and whose texture and grayscale features are extracted. Thirdly,the adja-
cent elite personnel superpixels with the most similar image features are defined as homogenous image granules,which
merge with each other and cluster to generate a homogenous personnel region with specific semantic information. Final-
ly,all the homogenous personnel regions together constitute the whole personnel region, and the personnel region is
separated from the background. Personnel images of underground coal mine with four different scenarios are used to
verify the performance of the proposed algorithm. The experimental results show that the F-measure value of the pro-
posed algorithm of superpixel granulation is 2. 11%,3.36% ,13. 16% ,and 6. 82% higher than the average value of the
comparison algorithm,and the accuracy value of the proposed algorithm of clustering of homogeneous personnel image
granules reaches up to 99.0% ,100% ,94. 4% and 93. 75% respectively. In addition,the proposed segmentation meth-
od has strong robustness and good segmentation effect for all personnel images in four different mine scenarios.

Key words : mine personnel ; image segmentation ; superpixel granulation;elite personnel superpixels ; homogenous im-

age granules ; homogenous personnel region
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Fig. 1 Framework structure of personnel segmentation algorithm
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Fig. 2 SLIC segmentation of personnel image with different

m values
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Fig. 10 Comparision of the secondary segmentation result of different algorithms
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Table 1 Comparison of segmentation performance of different algorithms

ity KNN NB LDA QDA SVM MDD-RGB
Precision 0.889 1 0.928 7 0.9115 0.794 2 0.924 6 0.962 9
Fig. 10(a) Recall 0.848 2 0.877 3 0.840 3 0.8619 0.887 0 0.846 8
F—Measure 0. 868 2 0.902 3 0.874 5 0.826 7 0.905 4 0.901 1
Precision 0.916 7 0.892 3 0.765 6 0.907 3 0.900 5 0.919 1
Fig. 10(b) Recall 0.891 1 0.875 6 0.740 1 0.8820 0.874 9 0.877 8
F-Measure 0.903 7 0.883 9 0.752 6 0.894 5 0.887 5 0.898 0
Precision 0.610 0 0.633 6 0. 600 9 0.638 7 0.699 9 0.762 17
Fig. 10(c) Recall 0.8512 0. 869 4 0. 866 6 0.862 8 0.8255 0.974 3
F-Measure 0.710 7 0.733 0 0.709 7 0.734 0 0.757 5 0.8556
Precision 0.694 6 0.714 1 0.708 5 0.720 0 0.719 3 0.769 9
Fig. 10(d) Recall 0.836 2 0.8535 0.930 1 0.957 9 0.964 8 0.988 5
F-Measure 0.758 9 0.777 6 0.804 3 0.822 1 0.824 2 0. 865 6
0.98 = Comparison algorithm 094 = Comparison algorithm
0.94 |- = MDD-RGB 0921 = MDD-RGB
Lot i 0.90 L 0.898 0
@ 0.90 0.875 4 . am 0.88 | 0.877 8 0.8644
.86 £ 0386 :
0.84
0.82 082
0.78 0.80 :
Precision Recall F-Measure Precision Recall F-Measure
TRbREA L=t
(a) (b)
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Fig. 11  Comparison of the mean values about algorithm indicators
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Fig. 12 Main marker components in the sample images
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Fig. 14 Comparison about clustering accuracy of homogenous image granules
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