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Neural network registration algorithm for aero engine blade shape image detection

Wang Chaohu Lu Hongyi Wu Wenyong Li Linwei Xiong Shuang
(School of Power and Energy Engineering, Nanchang Hangkong University, Nanchang 330063, China)

Abstract: In order to solve the problems of unstable number of feature points, false detection, missed detection, poor
size invariance, and low stitching accuracy under the traditional ORB algorithm in the leaf shape image stitching of aero
engines, this paper carries out experimental research on leaf shape image stitching and proposes an improved corner
detection ORB-CNN algorithm combined with a convolutional neural network. The idea of the algorithm is as follows:
The improved corner detection algorithm is applied to realise corner extraction at different scales under the construction
of the image pyramid. In the feature point detection stage, the convolutional neural network(CNN) is used to replace
the FAST-n detection established by the 16-pixel ring in the FAST algorithm, and the convolutional layer is added to
the CNN according to the number of pixels in the domain, that is. the design convolutional kernel is added to extract
features related to FAST-n detection in the image. The BRIEF method was used to obtain the descriptor of the detected
feature points., and the Hamming distance was calculated., so as to achieve accurate matching of the feature points.
Experimental results show that compared with the traditional ORB algorithm and SIFT algorithm, the uniformity of
feature point extraction of the improved algorithm is increased by 18.83% and 33.36%, respectively. In the
illumination change experiment, the accuracy of feature point matching of the improved algorithm under strong light
and dark light conditions is improved by 16.63% and 19.04%, respectively. Compared with the original ORB
algorithm and SIFT algorithm, the feature point offset and matching accuracy are increased by 66.95%, 64.26%,
12.63% and 6. 62% , respectively. This method effectively overcomes the limitations of the traditional ORB algorithm
in terms of size invariance, and also retains the advantages of the ORB algorithm in terms of registration speed and
quality, significantly improving detection performance and robustness in complex environments, and laying a
foundation for the non-contact measurement of the blade gap of aero engines.
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0 3 I 0] B 2 Al Bt R S LR REFN & M SCHETR AR . KRG 0 A I 2R
[F1) B2 000 45t o T i Az Sl AL 9 A 3 A7 A0 S Kl A7 i 856
TEMLZS S ShLATUIR . 3 R S 0 A5 L P R 2 e i EEEE. RS KM O e v AR G 0 4k R T i

i

W H 399 :2024-12-05
* FEA I H VL4 4 (20201BBE5S1002) 3 H % B

e« 55



948 & 2 F o

T # K

FEFE— 8 1 JRy BR M » AN A2 5% - Jr 36 B4 £ DA B 4 ML IR
PBE £1 38 2, I A7 AL 6 DU 5 05 35 32 BT 922 fih 6 1) 28 1k DA
K I35 R AR A IR R, AR AT, £ B B RS A B RAL
AL R Y TR e B s L A D i B R T R
FCHRAE i I R BE R RO I A2 B T 0GR . TR L
B I R 38 sk T B AR ALK SRS T R S BT EL,
T8 1) P40 30580 1 SR T W i iy RN RIS, B 5 B . H
THEA T HA/N, G B S0 B | 550 PR Y
DL ZE DAL M e rh AR5 T 2 A .

HE AL o B T SE R 2 R I OR A R A k
TR/ 0 07T, fHL [ i 75 S 4 4 T 1 o (R T O D
o T SEBR A A R B AL AR ] X — R 2 RS 0 kG B
P ARAF AR IR R R Sem ™ OB E BT B R R
B 43 AT BE N 2 DLW R 1 (] I B A A T R
I s PR B e R A 0 B8 5 B, o i 2R [A] B Jmy 8 IX 3 1) 22
e A R BRI TR B PF 42, DL OR B 35 T A I XA
I HLAR IS8 #1092 ) B LA

R BHE R AR AE Ry — i 2 20 R4 20T B L 3 5
Z ik MG PR 2 00— i 5800 A Bl 4 SRR REME BT A TR R
Gy e Bl BRI T o R AL S A . BHMR PR REOR B
T E A B DL 5 L SRR (R AL 3 R T 4 st BRI i S 2 A
AT RN IZ A WA AT H R A

R PR AR ARG T Z2 Wi B R DT BC , 2 it (&4 DE i &
B R A 5 G B T ) 1 AR RRAE 3 #E AT DS R L AR 48 DT
TAC, A 114 28 0 R R A 67 —F 4, T o 2 AR E A R IO 1
AR PR AR KR AE AF fb B ¥ (scale invariant feature
transform, SIFT) ., fill # {7 & #5 P 45 1E 55 3% (speeded up
robust features, SURF) . f K& & W H 5B ¥ (maximally
stable extremal regions, MSER) Pl & ORB (oriented fast
and rotated brief, ORB) & £ 45 SIFT &3 F 1999 4F
BRI R R N B P R IO A B R RN
7S QR 5 I ELXT O BB A Ak (W DL AR AR AR Ak SR B R
W AR R TT B AE 2 R N A B X R R, 2014 4R
JEARSENIR e 4k SIFT B gk itk 47 4 1A R TE o, 1t
T =AW R BB &2 DL RC i 7 vk ok #  SIFT 5k iy i
HEHE , FOARSE A T /0 /A VG FC R[] (RS A7 S R AT A R 4
I HUCECOR AR ® . T #F— 2B fig e SIFT 533k G i
FERF K L R DU AL E 7 0 o) B, 2021 4F 5k 2 i 2500 41 1 — Fif
FF P SIFT 5 K-D B fil -G 19 PR s 45 4F DG i 552 3%
SR JH 1 3 7 1 PR R AR R SR B L B R TR AE AR ER B
B2 A0 T T DT BE R DL S DT RS B L H X TR 243
S A I R R L I R PR S LA Y D B R R Y ]
SURF $9k J& 2 T SIFT 503 & Al b koot 1y A& T
SIFT B TEM B A 1 2 3% 4 It B A A Rk, 78 32 1
P A FEIR A R R, 2016 4E A FF OB T 1 0 — A 3
T B CRRAE Bk SURFE 83% fill 13 & 45 DG e 33 L 1% DG i
BRIRE T AL BR VC B B, O v R SCRT TR R A

o« 56

S LA A HE IR 7R B 4 IR B T A L S BORS oE R AE 2
B, 2022 44 g [E 45 N i P 52 SURF 551k 76 B4 L
T HP AR AT i 40 A S ¥ B DG PR R 6% 45 1) J30, SR T 32 4 T
38 R 7 3 % I SO Bk AT Rt B3 T ORRAE A A
P, T VG BCAS B (RS2 32 17 I o) B Sl 389 01, 38 47 7 SR A Fp R
1. ORB B3E AR [F] T 5 PRl 56 T 72 o5 28 00 76 15 38 4%, i
3T A B 5, R SR S
HPHRZ LA, Z8] T2k, 2014 4E, P E R
ST R I ORB EUSR L J7 2, 32 11 T 2 ik 19 ORB
RIMGAHE S HER L. ZB LA T SIFT 5 ORB Jrik
B A, AN AL P T SIFT A1 SURF I #E 75 1 v #E I 5 &
B TR, A B T ORB B Be ) & . {H ORB 5
KT T N AR B A R LA B A R SRR AE s T Al AR
SUHAE BARAE 05 2 0 BRAS T A 5 307E RST R A8 il
B — @M R bR, 2023 4 Wk B 200, O T Atk 15 55
ORB 35 17 78 AR AU A A5 15 DG e 2R 755, R o o 22 4 ) T
P2t —Fp ok B9 ORB-RANSAC 323k, 255 T 78 TR
T RRAE S B IBORS B L LA B A DU AR 5, B 73 6 Tk R X R
il BR 5T (1) 35 74 b G0 e BRI 0T R i M 7 A T 4R
7

£ ORB J3 35 76 A1 s R0 AR5 AF 445 34 45 VG B 3 72 v A7
FE R BR A AR SCHE I T — AP G ORB $3. i%5 il
o 51 TR 28 M 4% (convolutional neural network, CNN)
Ptk I 45 235 4 I 25 aak B 00T 1 e o ) 22 WG A 1) I 4%
BAR FAST £ 5K I Hh g 2 4. 764 i i R & 7
B LR n BRERUZ, B TUEREL FAST (124 B 460 2
B DL B R A S AR BE S A R AE e N7 1] R R
JEM KAE I %] (non-maximum suppression, NMS) £ K, H
350 2 s SRy A0 e AL JRD L A WS S B A ) g AR
g i Ff1 A DT o A A I X A0 B L AR SCRIVR AR SE LA
SUBRIBUR 6 R5 AE A8 10 0 5 X 3R a0 ) A T
BRIEF BEATHFEH 38, 3% — o 2 W 35 42 7 7 DR leoRs B2, OF
FEAR TR SRR RERT . B Ah 500k A0 R AE A5 24 ) B VT i
B B TH R JEREHNE RS e A A DL K
Pl 7 Al ) 07 T 3 B T BT O R Ak B R
ML B 450388 B 4t 1 — o 50 280 T 8 A Mg R T 6

1 ORB $fE T f &%

ORB 535 J2& — = R R AR i S ORI R BOR , HoAx
O FF R AE T FAST W REAE SR I 7 v 15 BRIEF 4 34

FAZE S . ORB FRAF VT AC A9 B AL BRI Id 1 R,
. HEAE B ,
HEAEAR H Hgngia HEEL A

Pl 1 ORB S L7 AE VE i 45 9%

Fig.1 Feature matching steps of the ORB algorithm



IHE F TR TR B AR R A 2 W &R Rk

58 M

1.1 FAST 451E32EX

FAST 5k 2 —Fh FH 300 A AR p B, T4 TR 3
SR NG P I — A o R 51 S s, I AR L AR 38 P 43
BrE RSN, RO SR EN 28GR S5 Z S WEE
HAEAZESR IR AX A SAB A E Ty M. B FRAE A5
HESH h W EARBE IR BRI — MR R ER P
FLFAST W LLS P RO i R BSE R i 16 MR
CInIEL 2 BF7R) o #57E 16 ME R A n MELURE SR E
HART I, —h (I, BV P KRB SRR BT I+,
NPEARE p AR — LB

|IP_I71|>h (1)

Bl 2 FAST sk & s

Fig. 2 Tllustration of FAST corner detection
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Fig. 3 Illustration of FAST corner discrimination
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Fig. 10 This article is an algorithmic framework
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Fig. 11 Damped vibration isolation platform
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Fig. 12 Controlled motion table
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Fig. 13 Apical gap macro capture image
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(a) The feature extraction capability of SIFT algorithm
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(b) Feature extraction capability of ORB algorithm
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Fig. 14 Comparison of feature extraction capabilities
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Table 1 Comparative experiments on feature extraction
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Fig. 15 Schematic diagram of a multi-directional segmented image
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Table 2 Uniformity experimental data
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(b) Lighting matching results of traditional ORB algorithms
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Fig. 16 Comparison of transform feature matching under natural lighting

Horfr g Ah (AROEIR L LUX Jy B 4545 . B 16 7T LU
P I a7 AL P N 7 R TR O NI R O AN o 1
PR L HAL GE i) ORB 305 H2 BRI o 22 9 45 1F 25, JF B
DG BE R AE A% A8 B8 bt A Jr 42 T 5 B 2 X O BRAS R AR AR
RS P it R RN DG T 5 A Ak A DN, ZE ARG BRR FE R
(100~300 LUX) , A SC Ui B 2 HAF 58 ORB 5k VG Fie A
FRBARTET 14, 7%, 4 5 055 00 % IR & 1k, L 1 B3 90
tbing 3 fiR,

®3 FAEENEBZETRIGFMES R CEH
Table 3 Extract feature points and match logarithmic

comparison under different outdoor illuminations
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(a) Lighting matching result of the original ORB algorithm
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(c) The lighting matching result of the original ORB algorithm
(lighting amplitude decreased by 30%)
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(b) Improve the illumination matching results of ORB-CNN algorithm
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(d) Improve the illumination matching results of ORB-CNN algorithm
(lighting amplitude decreased by 30%)
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Fig. 17 Comparison of feature matching under artificial lighting changes
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Table 4 Comparative experiment of feature matching under artificially controlled lighting conditions
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(a) SIFTHIARHEILA
(a) SIFT algorithm feature matching

(b) ORBELEFFEILAD
(b) ORB algorithm feature matching
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(c) Feature matching of the algorithm in this paper
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Fig. 18 Comparison of feature matching under size scaling changes
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Fig. 19 Comparison of the network time consumption of each algorithm under the change of size scaling
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(a) Feature matching results of SIFT algorithm under different rotation angles (rotation angles from left to right are 10°, 30°, and 60°)
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(b) Feature matching results of the original ORB algorithm under different rotation angles (rotation angles from left to right are 10°, 30°, 60°)
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(c) The feature matching results of the improved algorithm under different rotation angles (from left to right rotation angles are 10°, 30°, and 60°)
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Table 5 Rotational invariance comparison experimental results
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(d) Salt and pepper noise -free splicing on the right
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(b) Addition of mild salt and pepper n
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(e) Add mild salt and pepper noise on the right
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Fig. 22 Splicing the test subject
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(a) This paper improves the algorithm (no salt and pepper noise effects)
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(c) This paper improves the algorithm (mild salt and pepper noise effects)
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(e) This paper improves the algorithm (heavy salt and pepper noise effects)
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(b) Traditional ORB algorithms (no salt and pepper noise effects)
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(d) Traditional ORB algorithms (mild salt and pepper noise effects)
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(f) Traditional ORB algorithms (heavy salt and pepper noise effects)
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Fig. 23 Splicing effect of various algorithms in complex environments
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Table 6 Stitching image quality evaluation
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