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Millimeter-wave radar sensing technology for unmanned reclaimer

Kong Deming, Zhang Yu, Cao Shuai, Wang Licheng

(Institute of Electrical Engineering, Yanshan University, Qinhuangdao 066000, China)

Abstract ; Unmanned reclaimers in bulk materials ports has the problems of low reciprocating reclaiming efficiency. Meanwhile, the
existing machine learning classification models are not effective because of high noise, frequent fluctuations, and unbalanced data of
millimeter-wave radar sensing datasets. In this paper, a stack boundary sensing method based on improved fuzzy twin support vector
machine combined with 1-Nearest Neighbor algorithm is proposed. Firstly, the millimeter-wave radar is used to obtain the stack boundary
scan data and preprocess it. According to the spatial distribution and operation characteristics, the 10-dimensional features of the point
cloud are extracted to form the stack point cloud sample dataset; secondly, the improved fuzzy membership function is introduced. The
fuzzy twin support vector machine divides the pile point cloud sample dataset into overlapping and non-overlapping regions. Then, the
fuzzy twin support vector machine decision boundary and 1-nearest neighbor algorithm are used to classify the non-overlapping and
overlapping region samples respectively to improve the classification ability of unbalanced datasets. Finally, the classification results
obtained are added to the perception link to achieve the purpose of sensing the boundary of the pile. Experiments on the dataset collected
by manual operation radar show that the proposed perception method effectively improves the ability to recognize minority categories.
Field experiments show that the improved perception method is closer to the operator’s judgment, the idle time of the bucket wheel is
reduced by 15. 1% , which improves the operating efficiency of the unmanned reclaimer and has reference significance for the construction
of unmanned bulk materials ports.
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Fig. 1  Workflow of the unmanned reclaimer
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(a) Location diagram of key mechanism of reclaimer
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(b) Scanning range of millimeter wave radar
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Fig. 2 Unmanned reclaimer with millimeter wave radar
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Fig.3  After radar acquisition and original point cloud stitching
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Fig. 4 Point cloud preprocessing results
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Fig.5 Right side radar scanning point cloud during turning right
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Table 1 The extracted point cloud sample features
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Fig. 6 TOSM classifier schematic diagram of linear classification
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Table 2 Basic information of radar point cloud dataset

BHRE ww  wpl mt st BARE  ERRE
BAET-1 3189 3.90:1 2538 651 0.893 5 0.744 1
BAER-1 3111 3.15:1 2362 749 0.899 9 0.790 1
BIE1-2 8400 4.21:1 6788 1612 0.930 3 0.845 1
BIER-2 8376 7.15:1 7204 1172 0.9350 0.836 2
BIE1-3 2471 5.59:1 2096 375 0.906 9 0. 806 7
AE R-3 2451 5.55:1 2077 374 0. 888 2 0.711 8




57

FLAERT 45 T 1 Jo AN A BORHIL A 22 K 0 7R I8 BRI AR

195

£ 3.4 SRR T Y 6 FRE R 4 TR $8
b, Under-SVM {3445 S e SVM 6 i o R 0 5, {H 1E 1)
HHINT SVM, 1 HARFR AP B4l b #HLAE 1 09 GM
Fl-score AR E, L BE RS HL—EE B,
TSVM AHEEF 1 P Tl 4324 5 0 B 3 A A BEAS - 5 4 4R
Joi) R, {0 5 | AASEASAS B S I (o 0 28 P B ) 8 o, 15 ]
FEF AP B SCRRORISR i B e Oy 20 AR B a4
FHAIEH, TOSM 43252556 F FTSVM 5 1-NN 5k 44
A b BN S A K0S BE BT, o Fl-score 38

FTSVM B33 TF 5. 09% , 1-NN B 4R i A 40 B # S [X 5
2 ARG R R 25, IR I B LR T 10, 14% , 3R 5
JIR T R [RVEE B U 2k B w0l i [R]85 . i1 TOSM 3
AR AT A SR AAOR SI R B o B 5 EE R K B[R]
PATE 6 FhRT H AR IR S5c A, JELRE AR (3% 9000 FsF i) A G At B8
BFRF, 28 TR, TOSM & # T FTSVM il 1-NN 94
PR BARAE /25 Bt M B i ROARAERE AR 4R
KT YINZRET 38 T, (R A T T FH B[] 66 408 1t 22 0 4
BFME S TR

R3 BEEZHIEEARRE LM Acc Pre LLE

Table 3 Comparison of Acc and Pre of different algorithms of radar point cloud datasets

eV SVM Under-SVM TSVM FTSVM,,, I-NN TOSM
K E SR Ace Pre Acc Pre Acc Pre Ace Pre Acc Pre Ace Pre
Bl L-1 94.29 90. 25 95. 66 95. 35 95.99 96. 82 94. 46 96. 11 92.36 79.92 96. 39 94. 92
BiE R-1 96.97 93.95 93.73 99. 16 96. 69 93. 64 95.96 97.57 96. 10 91.07 97. 94 95.76
Bl L-2 97.38 91. 41 91.77 99.33 97. 88 96. 44 96. 54 98.27 96. 21 89.43 98. 29 95.35
BdE R-2 98. 46 95. 35 93. 03 99. 24 98. 24 96. 06 96. 51 96.75 96. 82 88.92 98. 45 95.78
Bl L-3 97.70 89. 49 91.57 97. 65 97.52 91.03 96. 01 91. 30 93. 41 79.32 97.74 91.43
Bl R-3 96. 10 86. 30 89. 40 97.49 96. 90 90. 05 94.57 84.19 90. 82 69.32 97.23 88.97
THE 96. 82 91. 13 92.53 98. 04 97. 20 94.01 95. 68 94. 03 94.29 83.00 97. 67 93.70
x4 BEAZHBEARREEMN G-mean Fl-score b3
Table 4 Comparison of G-mean and F1-score of different algorithms in radar point cloud datasets
STk SVM Under-SVM TSVM FTSVM,, 1-NN TOSM
EV&iE ST oM F1 oM F1 oM F1 oM F1 M F1 oM F1
Bl L-1 92.73 86. 61 95. 64 95. 65 96. 28 90. 08 95. 06 87. 68 87.35 81.03 95.83 91.51
BiE R-1 95.09 93.69 95. 50 88.30 95. 61 93.11 96. 50 92.05 94.30 91.76 97.17 95. 68
BdE 1-2 95. 69 92.24 94. 54 82.28 97.13 94. 61 97.20 91.62 93.52 90. 06 97. 15 95.54
BiE R-2 97.13 94. 50 95.56 79.96 97.01 93. 86 96. 60 88.58 93.39 88. 66 97. 06 94. 50
Bl 1-3 94.21 92. 11 93.99 77. 85 94.73 91.67 93.99 87.34 87.15 78.36 95. 04 92. 39
Bl R-3 91.98 91. 61 92.58 73.72 93.51 89.79 90. 04 82.45 80.91 69.57 93. 67 90. 65
F¥E 94.47 91.79 94. 64 82.96 95.71 92.19 94.90 88.29 89.44 83.24 95.99 93.38
x5 AREEEIZES E RN AT E b
Table 5 Comparison of training time and prediction time of different algorithms
YIRS SVM Under-SVM TSVM FTSVM,,, 1-NN TOSM
Bl I Yl T ylEA o ulEs T ulEs Rl plES o Il o
miEl/s  BiEs BEREs BFELs BEEDs BEELs B BHEs BEHEs BHEs BHEs O EEHEL
BAEL-1 0.1772 0.0064 0.0843 0.0016 6.1155 0.0096 4.0193 0.0094 0.0934 0.0021 19.7721 0.0101
B R-1 0.2594  0.0026 0.0781 0.0012 4.6445 0.0082 4.0923 0.0083 0.0880 0.0022 17.3260 0.009 5
B 1L-2 0.4936 0.0107 0.0490 0.0022 64.6792 0.0552 22.703 0.0589 0.1620 0.0038 224.7403 0.0547
Bl R-2 0.4103 0.0063 0.0443 0.0030 57.4311 0.0497 30.2261 0.0583 0.1552 0.0040 187.3329 0.0633
BAEL-3 0.0447 0.00019 0.0120 0.0013 1.7343 0.0051 1.6688 0.0047 0.0080 0.0018 9.3510 0.0050
BAER-3 0.0572 0.0023 0.0140 0.0014 1.6993 0.0052 17565 0.0054 0.0081 0.0018 9.0586 0.0065
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Fig.7 Comparison of the predicted value and the true value error

of the rotation angle before and after TOSM
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Fig. 8 Comparison chart of bucket wheel power before and

after optimization
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Table 6 Comparison of automatic operation bucket wheel

power curves of two sensing methods
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