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Abstract: Aiming at the inherent characteristics of lidar and the point cloud noise and redundant
point cloud that are easily caused in complex environment, as well as the problem that the inher-
ent features of point cloud are often ignored in conventional point cloud simplification algorithms,
a point cloud simplification algorithm based on improved bald eagle search and K-means clustering
(KMOC) hybrid iteration (IBESSA) is proposed. Firstly, the convergence is accelerated and opti-
mization accuracy is upgraded through the competitive fusion in the BES iteration stage

(CFBES). Secondly, the point cloud data is clustered by the hybrid iteration of CFBES and KMC
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algorithm. Then, based on the implementation of point cloud density estimation with k-nearest
neighbors (k-NN), point cloud information quantization is achieved combined Shannon entropy.
Finally, the cluster with the information quantization value less than the threshold is deleted to
complete the simplification of point cloud data. UCI international standard dataset and Stanford
point cloud dataset are used to verify the clustering effect and point cloud simplification effect of
CFBES-KMC. The results show that compared with hybrid iterative K-means clustering with im-
proved moth-flame optimization, K-means+ + and fuzzy C-means clustering algorithm, the clus-
tering accuracy of CFBES-KMC is improved by 1. 02%, 12.31%, 14. 72% respectively. On the
Stanford point cloud dataset, the IBESSA algorithm effectively filters out redundant point clouds
while preserving the details and shape features of the original point cloud, which means it is an
efficient point cloud simplification algorithm.

Keywords: bald eagle search algorithm; competitive fusion; K-means clustering hybrid iteration;

Shannon entropy; point cloud simplification
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Fig. 5 Search surfaces for different test function
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14T CFBES 8k 5 HABIL A 1 i 34
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Table 1 Comparisons of test results of CFBES algorithm and other optimization algorithms

PRI R PERES B A
IBES % ¥ BES & i MSSA & IMFO %% CFBES &1
F - 238 N E 7.23X1077 1.30X 10 % 3.43%10°° 4.32X10 2.24X10° 17
T 1 2 3.51X10°7 5.68X10 1.49X10* 6.72X10 " 3.32X10 1%
S - 138 N 4.31X107% 1.32X10 % 1.18X10 % 5.23X10 ™ 4.41X10
’ b 25 6.53X10 ¥ 5.30X10 3.11X10 1.67x10 ™ 5.83X10 '
F - $4) 3 o BE 1.96>x10 1.10X107% 3.55X 107" 5.61X107" 6.72X1071
' T 1 2 9.01x10"% 4.80X10 % 3.54X10 1 4.83X10 * 5.11X10 1
F - 35 ) B 2.81X10 " 1.72 1.85X107° 9.72X107% 3.71X 1071
PR 2 4,38X10 % 5.23 5.57X10° 3.44X10 ¥ 4.33Xx10 '
Fl V- 35 B BE 3.51X 10 3.37X 10 1.21X10°° 2.83%10° 7. 28X 10"
s 1 2 1.25X10° 1.41X10? 1.91Xx10°7 1.76 X 10° 2.38X% 10
P, - 3438 N BE 4,73X10 " 3.36Xx107" 8.89X107% 2.73X107% 3.21xX107™
b 22 3.81X10° " 1.46X 10" 3.87X10°% 6.44X10% 8. 77X 10"
) ¥ 3 N B 2.22X10 % 1. 00 3.01X10 2 1.84X10 % 2.22X10 '
P Frif 22 9.67X10 4.35 0.13 8. 05X 10 4. 44X 107"
F., - 34 3 v BE 0.39 1.24X10° 0.39 0.17 0.90
o 22 0.68 2.16X10° 0.68 0.65 0.73
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J T PR AR SCHE Y CFBES-KMC 8 4k 19 2
HERCH 8 5 O R K K 38 AR
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DI BIE ML e . Bk MS B E N T &
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Seeds BRI 1438 07 B2 IS8 h 2% .
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Table 2 Standard data set characteristics

BAREA AR W4 S BRI
Iris 150 4 3 505 050
Wine 178 13 3 597 148
CMC 1473 9 3 629 333 511
Seeds 210 7 3 707 070

E 6 AT UL, 7F Iris F1 Wine %54 42 0 i
CFBES-KMC #3144 A H IMFO-KMC 8092 T P g
S B s 7 CMC #1 Seeds 3R 4 I+, CFBES-KMC
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Fig. 6 Comparison of the fitness of different algorithms on 4 datasets
A3 REFEEAAKESE LA REEIRAFTI
Table 3 Comparison of the performance indicators of different algorithms on 4 datasets
%&%ﬁ% %/JE‘ Yace Tar Bawi $¥5’\ﬁ1t Eﬂ‘ rET]/S
IMFO-KMC 0.894 3 0.743 7 0.763 6 0.040 1
I K-means—+ + 0.885 2 0.721 8 0.716 3 0.005 3
ris
FCM 0.893 1 0.729 6 0.759 8 0.006 4
CFBES-KMC 0.894 5 0.745 2 0.756 3 0.038 2
IMFO-KMC 0.707 9 0.371 5 0.419 3 0.037 8
Wi K-means—+ + 0.651 8 0.349 2 0.403 1 0.005 0
ine
FCM 0.692 2 0. 360 2 0.405 2 0.009 9
CFBES-KMC 0.709 4 0.371 2 0.418 2 0.034 1
IMFO-KMC 0.712 3 0.371 2 0.425 5 0.306 1
CMC K-means+ + 0.566 3 0.365 1 0.418 1 0.040 0
FCM 0.700 2 0.368 7 0.420 0 0.063 3
CFBES-KMC 0.712 3 0.372 2 0.4237 0.285 2
IMFO-KMC 0.895 4 0.716 5 0.703 3 0.210 7
Seod K-means—+ + 0.892 4 0.712 9 0.693 1 0.007 5
ceds
FCM 0.894 3 0.714 6 0.694 2 0.008 9
CFBES-KMC 0.895 4 0.717 0 0.706 3 0.162 4

76 4 Pt 5 42 |, K-means+ + f1 FCM & BRAANFREE NI, Hd 7E Wine 1 CMC %%
PR GEAR T 7 B R 20 F CFBES-KMC 532 L 1 PidE I CFBES-KMC 5 4k 9 5 vk 3k AR Bf (8] AR 8% 1
CFBES-KMC 5% B 18 #8 1 B 8] A1 ¢ F IMFO-KMC IMFO-KMC 83,0518 T 9.79%.6. 83 %,
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Fig. 7 Simplification effect of point cloud on rabbit dataset
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Fig. 8 Simplification effect of point cloud on chair dataset
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Fig. 9 Simplification effect of point cloud on horse dataset
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Table 4 Simplified results of different 3D point cloud models

. B bR faifbf5 B G 5% = PRI Hausdorff HkiBTT
i gr MR T Y A i I A g JiEN A I] /s

i 35 947 21 347 807 97 0.018 1 0.002 7 0.006 3
R+ 49 960 32 748 206 18 0.009 5 0.007 1 0.008 1

0 48 485 29 716 318 54 0.022 6 0.005 3 0.007 2
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