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Feature Segmentation Method of Aero-Engine Profile Point Cloud

Yan Jiegiong, Zhou Laishui’, Hu Shaogian, Wen Siyang
College of Mechanical & Electrical Engineering, Nanjing University of Aeronautics and Astronautics,

Nanjing, Jiangsu 210016, China

Abstract At present, many domestic aero-engines are bought from abroad. Only physical objects and installation
dimensions are provided for such aero-engines, and the lack of three-dimensional digital models brings great
difficulties to the assembly coordination design of aircraft and aero-engines. Therefore, aircraft design departments
urgently need to quickly reconstruct geometric models of aero-engine profiles. To enable a reconstructed geometric
model of the aero-engine profile to retain exact structural features, this paper proposes a feature segmentation
method of the aero-engine profile point clouds based on deep learning. It divides the whole point clouds into feature
data and non-feature data, which is conducive to the subsequent reconstruction of various complex structural
features by different methods. An iterative density equalization algorithm designed to create a feature segmentation
dataset provides a basis for the training, testing, and performance evaluation of the feature segmentation network.
A feature segmentation network is designed to collect the shape structure and local neighborhood information from
multi-scale patches and thereby determine whether the center is a feature point. The trained feature segmentation
network model is then applied to the profile point cloud of an aero-engine. The verification results show that the
accuracy of feature segmentation reaches 95.16%, which means the proposed algorithm achieves high-precision
semantic segmentation.
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Fig. 11 Flow chart of density equalization algorithm
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Fig. 12 Shape characteristics of aero-engine profile point

clouds. (a) Irregular shape; (b) rich details;

(c) irregular distribution
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Fig. 13 Multi-scale local patches. (a) Size difference
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detail shapes from the same structural feature
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Fig. 16 Comparison of segmentation results of different methods
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Fig. 17 Comparison of segmentation results of different learning-based methods
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Table 2 Proportion of feature points in entire point cloud and patch

Item Casing 1  Casing 2 Casing 3  Casing 4  Casing 5 Mean
Proportion of feature points in entire point cloud 0.1250 0.0603 0.0687 0.1895 0. 3366 0.15602
Proportion of feature points in patch 0.4754 0. 5400 0. 2830 0. 5400 0. 7835 0.52438
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Table 3 Segmentation accuracy and loU of our method

Item Casing 1 Casing 2 Casing 3 Casing 4 Casing 5 Mean
Accuracy 0.96179 0.98910 0. 97056 0.97497 0. 88725 0.95673
IoU 0.76218 0. 82873 0.68174 0. 88327 0. 77940 0. 78707
Fd ARSI S H A2 > 5T S EDRS A AR STy VA AN ] W P RUBE 1Y) 2 43 45 2R
I 19 FrR WS S0 T 25 K R AE 09 T8 AR A L (H 2

Table 4 Means of segmentation accuracy and IoU of our

method and other learning-based methods

Method  PointNet PointNet++ DGCNN  Our method
Accuracy  0.87179 0. 89910 0.93137 0.95673
ToU 0.53581 0.57195 0.68138 0. 78707

@

casing 8 bosses

I 28 X 43 4 AiE AN AR R AE 9 455 24K TH A &% fr LRIl
S IR ROR BE RS (0. 0156 F1 0. 020) , A 3L J7 ¥
B TANEE B 25 5 X560 UE T A SC O 6 I X 22 i g
RS e,

K18 fiias A shHLAME sz B9 1 fiE 2 5 25

o (OEIA S 7 (D YNGR R A AL 5 (o) VI 2R 4E [ 1 A BaAS AL I AL I 255 fig (&

Fig. 18 Feature segmentation results of aero-engine profile point cloud. (a) Input point cloud; (b) training set only

has single casing; (c¢) training set has both single casing and casing assembly
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Fig. 19 Feature segmentation results of noisy point cloud
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Table 5 Comparison of segmentation accuracy of network with different inputs
Item Casing 1 Casing 2 Casing 3 Casing 4 Casing 5 Mean
Single-scale 0.91218 0.92173 0.90972 0.91859 0.82235 0.89691
Multi-scale (ours) 0.96179 0.98910 0. 97056 0.97497 0. 88725 0.95673
Improvement /% 5. 440 7.310 6. 690 6. 140 7.890 6.694
patch:
kxF
— mlp(1024,512,128,64,1)
Pk o F‘ mini-batch: encoder feature: max pooling _ | predict labels of
= BxFxk unit BxF' | " patch centers: Bx1
patch:
kxF
&l 20 B RURE R T VR S i A B 43 R 4
Fig. 20 Segmentation network with single-scale surface patches as input
6 A [F G i BT 19 43 WK X LG
Table 6 Comparison of segmentation accuracy of different coding units
Item Casing 1 Casing 2 Casing 3 Casing 4 Casing 5 Mean
Figure 21 0.89632 0.90719 0. 88984 0.89741 0.81627 0. 88141
Encoder unit (ours) 0.96179 0.98910 0.97056 0.97497 0. 88725 0.95673
Improvement /% 7.300 9.030 9.070 8. 640 8. 700 8. 548
mlp(1024)
low-level id-level high-level 4 e tch
| ow-leve mid-leve igh-leve Y ooliic patc
B‘T;_Elik trzzzlfl;rlm E‘C]lﬁcfggv » feature: P> Ed%ef&r;v & feature: P> ]f;i]g(:((ljcz)g;/ = feature: PP __E,P : feature:
L] P Bx64xk i s Bx64xk P Bx128%k Bx1024
Bl 21 F i GORRAE ] 0 G B 25T

Fig. 21 Coding units using only high-level feature vectors
Y encoder unit Z J5 2H Y 73 F W 48 B2 T 5 AU . A T AR AR o, T ) 2% 2 SR A ) Y 2
ANFEJEARPLEL (14 53 FI 4528 . Hob & 21 B s 19 J 5 ASHAEF — DI 175 2T . “encoder
PASCH Y FAET encoder unit AY [y 234, B #% unit Cours)” A It “Figure 217 43 #I 4§ B 7 2 42 It
PEFE Jry &6 2% T 5 B9 B¢ A 17 & (patch feature: B X 8.548% . “Figure 21”48 I 45 41 %2 H o Jmy 3 %
1024) A Ry 5 220 W Jmy 35 2% 100 1 o0 2 A5 2 R AIE A T FRAE 1) f 33K T S i JR AR 48k Y A8 3R AR T AR AR
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