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Computer with the
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Fig.1 X-ray image acquisition process

I

Fig.2 X-ray blade image with defects
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Fig.3 Examples of different kinds of defect

Table 1 Statistical results of defect samples

Defect Remain- Broken Slag Gas Cold

. . X Crack Sum
category der core inclusion cavity shut
Sample oo 373 jos1 66 53 49 2137
quantity
Propor= 0,10 1745 5058  3.09 248 229 100
tion/%

I

Fig. 4 Example of defect cropping process
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Darknet—53"" % X 3= 1 R AiF B2 B 45 , A7) £ 52 42 B
FEAE I A2 A ) RS R AR 18] o 5 MR R O 35
i (Neck) , 1 4 1E 4 5 35 1 2% (Feature pyramid net-
work , FPN) 7RI A% 545 0 46 2 A, R T — iR
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Fig. 5 Example of cropped pictures obtained by 9 cropping

cycles in defective turbine blade images

Original sample Flipping updown Flipping left-right

Rotating 90°

Brightness increase ~ Brightness decrease

Fig. 6 Examples of image data augmentation

ABLHE 5 YOLOv4 19 H A5 43 25 55 A b 18] 05 150 0 3
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45— Y W 25 4B

TR (1 S R B, X X T I 4% i 1 64
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8] 11 R AT B S DA e R R BE . D8 WK T % D-
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Fig. 7 Defect detection model framework
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A bR T 5% 22 | AR BE DR 25 R4 KR 25 = A L.
E A bR i 22 7 T (B A9 TE R, A8 A Y B bR
AT T 56 50 A 9 400 SR A8 TE(E, T AN 2 SEBR AR bR . B
PR E AT, /i
Loss =1L, + L+ L, (1)

G HBE WL, s AR (A bR Y L, 45
) B L, R AR AR (A RE Y 58 SO A
) 5 B =L, 37 2R 0 R (8 i AR 3 1) A2 SR 45
K)o BMFBEASHICH23].
2.4 REGIZG50K

e Keras HE 2 HEAT L . 80% MY HFE A Tl
5 HRFEAR T T 2R B, 10% 19 Il 2545 1
TR UE . AR I 25 A R BE h Windows R 48
NVIDIA GeForce GTX 2080Ti GPU. Il %43 b w5 4~ iy
Bro B, LU ResNet=50 Fll CSPDarknet-53 2 & T A9
YOLOv4 73 5 76 I 25 8 4R 1 k47 I 2k o N 2Rt
K #1001 Epoch, X4 i% 2L 6 1> Epoch Y 55 1IF 451 2%
BA TR, & X GRfeiy 2 1k o 7E kA,
Batchsize ¥ &8 32, R H A & M 8l i Al 71 (Adam) 5
BB AR BOE R AL W AU . 2 )5 R
T 2 ALAE ) 4 A ASE A AT 8 0K 0 25 I o i
T T 5 08 T A T 0 2 A S IR R A BRI I E AL
A S 5 BUCE SR, XA B8 9 Neck AT YOLO
Head #4311 5 5000 5k B B AR IR 19 Y1 25 2 $0E A7)
Yr. ZJE PR 2R CRAARTR ) BT A AUE 2
5 RRURS AR 2R ) o 4 2 B0 Al A I 2k [ BOxE
G IR R BRI Batchsize 1% &8 8, Epoch
BCE R 50, WG 27 2 R BE Sy 107, BEALI 2k K i
W B i) 32 BRI IC AN 2 T .

3 #R51Tie

NP NS R oAl KB RN E R A A E R s
-4 75 #E % (Mean average precision, mAP) fl - ) 7%
4% (Mean average recall, mAR) . . H BT 45 A 4 o
(Average recall, AR) H1°F-2J £5 fE % (Average Precison,

Table 2 Main environment configuration

Parameters Type
CPU Inter Xeon(R) Silver 4114 @2.20 GHz
GPU NVIDIA GeForce GTX 2080Ti
System Windows10
Python 3.6.9
Keras 2.3.1
Tensorflow—gpu 1.14.0
CUDA 10.0
CuDNN 7.6.4

AP) DL K B R B 4L ( Frames per second , FPS) X #
HH P R G DA AR AT PR AR . BR T ER Y RS
) 5 B R A (13 2 R~F 256%256) 31 25 F1 it A BF 5%
F14) St 5 G 0SS 7R 22 b | 3 4 ) R S R B 1Y ke B
F B (8% RSy 770x1700) 3% 879 76 )5 9 Bl G
FEAR (15 2 R 256%256) Il 25 3% I3 T 38 A B b5 ks
ALY YOLOv4, LA #E A7 X5 BE A9 o 6k 1) I AR
IO 427 4 BRI BREEAE AR R 3 R . K 4
43t T DBFF-YOLOv4 Gk FE A5 M50 5 YOLOv4 B AU
B I3 25 5, Hovh DBFF-Y OLOv4 K 5 56 3 5 Y 5
B A A 2, B AU i A AR 23 RS2 256%256, YOLOv4
RN B T IR R AR BT I R ERORE A b B R B A
1% % RsF 2k 770x1700. 7 LLE H, A F 55 $2 /)
DBFF-YOLOv4 fift i Ao I 45 AU (5 7K 57 R A
) TEAL S & B HL I R R A T T E A A
HmAP Al ik 5] 99.58%, 7E 0.5 [ {H (7=0.5) F mAR ik
BT 91.87%. 5 ABEN R 5y W B A R s e A
G A EE 1 YOLOvA A5 R AR L, i 1 348 5 R 1
DBFF-YOLOv4 7E mAP, mAR J7 I 1Pk e i & H2 v5 .
R T VAR A B 5% 42 B9 DBFF-YOLOv4 55 1 4
ZRTE G B R O 4 It AR L AR A ) 1 T AR 9 A
7 (EMGBY § 30 FUECHE 38 3 ) I ik 3 59 &1 1%
FEA (R R 256%256) il %k T Lk ResNet—50 il CSP-
Darknet—53 24 3= - R fiE £2 B 26 19 YOLOv4 B8, Jf
et A [ 00 385 4l AR AT TR BRI, SRS 45 T =
ABEFIAE T A BT R 1) mAP, mAR Fl FPS. 455

Table 3 Details of the test datasets

Defect Remainder Broken core Slag inclusion Gas cavity Cold shut Crack Sum
Quantities 103 74 216 13 11 10 427
Table 4 Comparison results of DBFF-YOLOV4 proposed and YOLOv4 with the raw input size (%)
Model Input size mAP mAP(7=0.5) mAR(7T=0.5)
DBFF-YOLOv4(Proposed model) 256%256 99.58 99.90 91.87
YOLOv4 770x1700 31.27 50.24 8.02

2210024-5



Fask  HsH i

#HoR

2024 4F

4t 7R DBFF-YOLOv4 £5 8 7E Gk fe A i - 5% 90 10 A 0
P BE , 5 LA CSPDarknet—53 24 3= T 1) YOLOv4 455 %1 4]
o, mAPR & T 1.54%, mAR £ T 0.02%., —
AU L ResNet—=50 o0 3= 1 ) YOLOv4 B 78 14 i B 22,
mAR HH 68.53% , 1% 45 R % W] ResNet=50 M 45 Jf- A~
& A IR g i R B FE B R AE SR . i F DBFF-YO-
LOvA4 B[ K6 0 A5 70 SR FF XL 3= 5 AiF 112 B o) 45 a0E 47 i
B8 R I 44 B[] B R A7 22 R 0E e S 22 ) ) R % 4 K
BT 4 & 2% P 4R L TR G FPS B/ o 78 M TR Y 2% 1
T, 43 9 %L CSPDarknet-53 25 3+ () YOLOv4 #45 !
FI DBFF-YOLOv4 5% 71 55k 43 B ke g 19 12590 18 3 i 17
XFH A3 BT, 3% 6 43 S 45 T T A 5 I e T A5 A B X
ol B B 114 BE A 1 2GRS B (A o ) DU X L 45
. 5Ll CSPDarknet-53 24 & T M 4% ) YOLOv4 £
[t , DBFF-YOLOv4 5% %1 &l 3 Ao I 14 BB 45 11 . 2 &%
Y APHRETF 0.174% , Wi .6 AP 42 T 0.03% , Y2 B AP 32 T}
9.09% , £ S| S BT T W AL (B R Y AP =
K 100% , ¥ I ik g 1) TR 5IDHG B £ - Jb 2 T X e s
R B 1 TE A EE D A1, I T BB AP TR R 0.04%

i — 2L BiF 5T T R BT U7 1k R R i 1S 9 X DBFF-
YOLOv4 BRI PERE 52 . 3R 7 45 th T A F
P 04 K B 7 ok R RS Al G 0] L 2 R L 4
B, 38 0 i B R 9 YRR BT B 1 o L 1S
| (1% Bl B A T A A mAP Fl mAR Y98 W E IR
2 A 5 19 5 B PRI O Wk BT 7 1%, 1 A5 1 5 8K

Fhit £ B R R, i 5 ARG R Y Y PR RE AR B T
KM FE 2 =, mAP, 0.5 B A5 4340 F mAP Al mAR 43
S T 59.19%,27.01% F1 62.49% . AW 5% 09 K 3
sy vk (BERE (BRFE 8 B B0l ) A 4 v 1 AR A
G0 R 43 2K 0 TUIORG B . 4 SR 7R 9 Yk i
BT SE A L PR e R R A B B
i 7 vk, AR LR A mAP N 97.05% 2 55 F 99.58%,
P T 2.53%.

S8 DBFF-YOLOv4 B 8 78 fijt 25 J& sl L0 v ik
B A 0y T R T A N R B ROR BT SR A A T A
R . 925 1 Tl Ak ik 45 SR ), A P AT
SRy AE A R SR o A 0 45 2R (v S” 3R 7R e i, “ DX SRR
BT, “DYW " RR B Ay, “A"RR AL, “C"ERR L,
“CIPRIRVR IR ) 5 PIAT A B o 25 AL 3R I, i i
I G 000 A 7R G A W0 RUST A /0N L B s AR 1
B o LIRS BA A RRAE R B S S IR IE (S B AR
A I HLERBE 5T SRR PR R 30T ARSI 2R

bR #5789 DBFF-YOLOv4 Bl [ K6 I 45 % i)
AJEB R R R 256%256 A I R #8595 R, SR 1 AE 52
B I8 6 it e X5 2 PR Bk g A 0 o, R R B
SEREN RS AT RN . XL, 7E DBFF-YOLOv4 it
e G 000 A5 L 2 i AN 22 S A S I T — A R D) B AR
B R PR, dE ST 1 BE X o8 SR AR 0 R XU 4R
PR A5 T 42 A7 B A T ] 00 A i s %) e o A T
P RGE . %R G5 SRR T R X 4R R AT

Table 5 Comparison results of mAP, mAR and FPS on different defect detection frameworks (%)
Model mAP mAR(T=0.5) FPS
ResNet=50 96.63 68.53 47
CSPDarknet-53 98.04 91.85 38
DBFF-YOLOv4 99.58 91.87 26
Table 6 Comparison results of AP on each defect in different frameworks (%)
Defect
Model
Slag inclusion Remainder Broken core Gas cavity Crack Cold shut
CSPDarknet-53 98.85 98.52 99.97 100 100 90.91
DBFF-YOLOv4 98.81 98.69 100 100 100 100
Table 7 Comparison results of mAP and mAR using data augmentation method (%)
One time of cropping  Nine times of cropping Data augmentation mAP ( ;f:(‘)i) ( ;‘:jg{s)
v 37.86 70.71 28.78
v v 40.72 73.16 33.44
v 97.05 97.72 91.27
(4 v 99.58 99.90 91.87
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Fig. 9 Examples of visual test results
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~F 25 TR DY AR 5 BE AT 18 E RO 256256

B A& 0 D 5 (2) 18] B A 0K f A 2 DBFF-YO-

LOvA B 563 4G 0 AR B 10 17 e g A 0 531, T R £ i
BEAS DI P R 0 e e A 0 45 SR (kB 2R 2 T AL )
(3) DA B xof ] WAL A I 235 2R P k47 Do BF 4
OB 53 5 ke ST AE i o o B T AR I X R RTR
B B AR I 25 2R o S8 B e I e X PR B0
G AR AN 1 10 BTz o i Je R IR LA 427 K i B
7 P 100 7K 58 4F it R [0k I & ge gt A 1

C A SEREINEENT 1 X RIE )

!

BB RST B35, s R Es

U

[ 58 R~J (256%256 )34 T /AT )]

¥

DBFF-YOLOVAJI U1 & Fr- i o)

!

DIHIVE R s B4, S T IAE N

( T el P AE R e )

Fig. 10 Flow chart of defect detection of single turbine

blade X-ray image

LSRRI TE 0.5 1Y B A BE 43 O Bl BE A I R 52
5 DBFF-YOLOv4 Bl i A48 1 455 784 (1) A 4 R 5 — 2,
H 91.87% , 1M A 1 & (R MRS ) #R JE R 19 99.9% T
F% 28 96.7% , 51 X 100 5K 58 i1 7 R, R IR KGR N
T% o 20 32 45 S AN e AR G B ARG U R 4 AE K
B BB B [ E AR RS (256%256) U1 ] & F Y [ s
R DN T K A TG R B B B T SR AR R
PO G BE B R S R I R AR AR RL i 3 6 (A Bk
F ), DBFF-YOLOv4 fift [ A5 I A5 7 oK 1L 15000 5 1 5k
B, P EORK R LT AR TR

4 & it

=A

ARWFFEEE T YOLOvVA H bn & I 553 & e T — Fif
X T FREAE fil A ik B & DU AR Y DBFF-YOLOv4, Jf i
11 7RI R PEAG W] LA B LT 4548

(1) R FH B ¢ AF 42 B 46 B A % BT A5 R AE
M 555 14 9% 156 PAN 4 22 () DBFF-YOLOv4 it [ K il 45
RIBEA RCHE OGR R 0 e X 2 RIS Sl B RRAE XN
[F] 28 551 e B 114 - 247 48 R (mAP) 1T LAGE 3] 99.58% , 1F
0.5 18 A5 BE 43 BT T LA AR 153 99.9% 11 AP F191.87%
H AR,

(2) 5 A H B b it BRI 2R Y OLOv4 #5241
AH H L $2 A9 DBFF-YOLOv4 HE 22 $2 i 1 4 AU &
JE, 50 75 fle o A T R 0 {HL Bk o A DU M B S B T
KAFEARTH (mAP R T 68.31%) .

(3)ASBIF 5 41t 11 B 4 T A0 O Yk 368 B AN S 41 1 o
J7 1% e K B B2 e 5L 7R 1 fle B K U 1 BE L mAP 43 331
43T 59.19% F12.53% W $£ T+ .

(4) #E 7 A XF S8 B Fe i X5 2k R Bz i
A7 B G K AT A Ak A Y Bt B R TR ) 3R R AE 0.5
) B B o BT BB 08 K8 21 91.87% 1Y V- ¥ A 4 K |
96.7% MWV 24 A 28 DL K 7% MY i K %

T A B o A TS T80 A /N RO R T RS e
W AR AEAE T A TR G . W — 0 TR R T
N RO e o A T R 43 559 AR iE A5 8 4 R R A A 5T
B s b A Kk sh ML 2R A VR E O
| Y A =23 L B 7 eI B S Y SO RS 71 D 9 L Il
i % V4 2 it 25 e s HLAE T A BR 2 W JG AR ARG T Hp e JE S
TR 2 A WL Tl K2 ) SRR IR A B T LT
B | JH #5555 5 AT S B AR A Bl .

[ 1] BALLAL D R, ZELINA J. Progress in aeroengine tech-
nology (1939-2003) [J]. Journal of Aircraft, 2004, 41

2210024-7



Hast A5 fle #oH R 2024 4F
(1): 43-50. defects with low semantic information in X-Ray images

[2 ] Z=Ubms, Xk, ¥ B, % ZE#EAMONRS based on deep learning[J]. Journal of Intelligent Manu-

FHLM bR AR S5 07 A A R AT [T ). R L facturing, 2020, 32(1): 141.
A, 2022, 43(2): 7-13. (LIH S, LIU Y B, HE X, et [16] DU W, SHEN H, FU J, et al. Approaches for improve-
al. Combined high and low cycle fatigue life of Gas tur- ment of the X—Ray image defect detection of automobile
bine blade materials considering coupling damage [J]. casting aluminum parts based on deep learning[J]. NDT
Journal of Propulsion Technology, 2022, 43(2): 7-13.) & E International, 2019, 107: 102144.

[ 3] PATTNAIK S, KARUNAKAR D B, JHA P K. Develop- [17] LINT, DOLLAR P, GIRSHICK R, et al. Feature pyra-
ments in investment casting process—a review[J]. Jour- mid networks for object detection [C]. Hawaii: 2017
nal of Materials Processing Technology, 2012, 212(11) : IEEE Conference on Computer Cision and Pattern Recog-
2332-2348. nition, 2017.

[ 4] LAKSHMIM RV, MONDAL A K, JADHAV C K, et al. (18] Th& k., xiargy, # B, 4. JLTWREREICIK
Overview of NDT methods applied on an aero engine tur- I 2 1 & Zh MLt R ) Ay A5 A w0 L], HESE R,
bine rotor blade [J]. Insight—-Non—Destructive Testing 2021, 42(8): 1888-1897. (MAQ Y, LIUK W, DU J,
and Condition Monitoring, 2013, 55(9): 482-486. et al. Prediction of residual life of engine blades based on

[ 5] WUB, ZHOU J, JI X, et al. Research on approaches for deep short term memory network [J]. Journal of Propul-
computer aided detection of casting defects in X—Ray im- sion Technology, 2021, 42(8): 1888-1897.)
ages with feature engineering and machine learning [ J]. [19] YAO Q, WANG J, YANG L, et al. A fault diagnosis
Procedia Manufacturing, 2019, 37: 394-401. method of engine rotor based on random forests[ C]. Otta-

L6 ] o ¥, Mpisse, hakh, & . 38T B4 % 04k 4 wa: 2016 IEEE International Conference on Prognostics
S IE X ORFER BRI LC]. BRI 2019 [ H i and Health Management(ICPHM) , 2016.

WEEE L 2019, [20] PANG S, YANG X, ZHANG X. Aero engine component

[ 7] MERY D. Computer vision technology for X—Ray testing fault diagnosis using multi-hidden-layer extreme learn-
[J]. Insight(Northampton), 2014, 56(3): 147-155. ing machine with optimized structure [J]. International

[ 8] MERY D, ARTETA C. Automatic defect recognition in Journal of Aerospace Engincering, 2016, 2016 (33) :
X-Ray testing using computer vision [C]. Santa Rosa: 1-11.

2017 TEEE Winter Conference on Applications of Com- [21] FENTAYE A D, BAHETA AT, GILANISI, etal. A re-
puter Vision(WACV), 2017. view on gas turbine gas—path diagnostics: state—of-the—

[ 9] FERGUSON M, AKR, LEEY T, et al. Automatic local- arl_methods, challenges and opportunities [J]. Aero-
ization of casting defects with convolutional neural net- space, 2019, 6(7): 83.
works[ C]. Boston: 2017 IEEE International Conference [22] CHEN Z, JUANG J. AE-RTISNet: aeronautics engine
on Big Data(big data), 2017. radiographic testing inspection system net with an im-

[10] FERGUSON M, AK R, LEE Y T, et al. Detection and proved fast region—based convolutional neural network
segmentation of manufacturing defects with convolutional framework[J]. Applied Sciences, 2020, 10(23): 8718.
neural networks and transfer learning [J]. Products and [23] CHEN Z, JUANG J. Yolov4 object detection model for
Services, 2018, 2(1). nondestructive radiographic testing in aviation mainte-

(1] BHAEBE. BEF Tl CT IR 1A B B 80 R 4G I 2 AR nance tasks [J]. AIAA Journal, 2022, 60 (1) : 526-
WEEID ] 220 22N 5SS K2, 2017. 531.

[12] WY, R 54, 2B . Faster R-CNNAE Tl CT [24] ZHANG D, ZENG N, LIN L. Detection of blades damag-
G BB AR g s R LD, o EMR EDE 244z, 2018, es in aero engine[ C]. Shanghai: 2020 Chinese Automa-
23(7): 1061-1071. tion Congress(CAC), 2020.

[13] FUCHS P, KROGER T, DIERIG T, et al. Generating [25] KIM Y, LEE J. Videoscope—based inspection of turbofan
meaningful synthetic ground truth for pore detection in engine blades using convolutional neural networks and
cast aluminum parts[ C]. Padova: 9th Conference on In- image processing [J]. Structural Health Monitoring,
dustrial Computed Tomography, 2019. 2019, 18(5-6): 2020-2039.

[14] FUCHS P, KROGER T, GARBE C S. Self-supervised [26] SHEN Z, WAN X, YE F, et al. Deep learning based
learning for pore detection in CT-scans of cast aluminum framework for automatic damage detection in aircraft en-
parts[C]. Fiirth: International Symposium on Digital In- gine borescope inspection[C]. Honolulu: 2019 Interna-
dustrial Radiology and Computed Tomography, 2019. tional Conference on Computing, Networking and Com-

[15] DU W, SHEN H, FU J, et al. Automated detection of munications(ICNC), 2019.

2210024-8



% 45

[27]

[28]

B S5 T URBE 4 ) W28 2 Sh ML §E v 11 2l S 2 A T B AR B 5 2024 4F
CHEN L, ZOU L, FAN C, et al. Feature weighting net- gy, 2022, 123: 107473.
work for aircraft engine defect detection [ J]. Internation- [30] BOCHKOVSKIY A, WANG C, LIAO H M. Yolov4: op-
al Journal of Wavelets, Multiresolution and Information timal speed and accuracy of object detection [J/OL].
Processing, 2020, 18(3): 2050012. Computer Science, 2020, DOI: 10.48550/arXiv. 2004.
HE W, LI C, NIE X, et al. Recognition and detection of 10934.
aero—engine blade damage based on improved cascade [31] HE K, ZHANG X, REN S, et al. Deep residual learning
mask R-Cnn [J]. Applied Optics, 2021, 60 (17) : for image recognition[(ﬂ. Las Vegas: IEEE Conference
5124-5133. on Computer Vision & Pattern Recognition, 2016.
SHANG H, SUN C, LIU J, et al. Deep learning—based [32] KINGMA D P, BA J. Adam: a method for stochastic opti-
borescope image processing for aero—engine blade in—situ mization [J/OL]. J-Stage, 2014, DOI: 10.48550/arXiv.
damage detection[]J]. Aerospace Science and Technolo- 1412.6980.

(% %8

Automatic radiographic testing for aeroengine
turbine blades based on deep learning

WANG Donghuan, XIAO Hong, WU Dingyi

(School of Power and Energy, Northwestern Polytechnical University, Xi’an 710129, China)

Abstract: Radiographic testing for aeroengine turbine blades usually depends on artificial detection. To
avoid the influence of various artificial factors such as experience difference, eye fatigue and standard under-
standing, and to solve the problem of high cost, time consuming and low efficiency, a defect detection algorithm
named DBFF-YOLOv4 was proposed for aeroengine turbine blade X-ray images by employing two backbones to
extract hierarchical defect features based on YOLOv4. A novel concatenation form containing all feature maps was
designed as the neck of defect detection framework. An automatic defect detection model for turbine blade X-ray
images was established. Nine cropping cycles for one defect, flipping, brightness increasing and decreasing were
applied for expansion of training samples and data augmentation. Finally, an automatic defect detection model
was trained and test based on these defect samples. The results show that the defect detection model, which ob-
tained 96.7% average precision and 91.87% average recall within the score threshold of 0.5 for complete turbine
blade, outperformed others built by using the common object detection algorithm YOLOv4 directly. In addition,
cropping nine times and data augmentation methods can significantly improve the defect detection accuracy of the
model (mean average precision increased by 59.19% and 2.53% respectively ). This study provides a new method
of automatic radiographic testing for turbine blades.

Key words: Aeroengine; Turbine blade; Deep learning; Defect detection; Radiographic testing; X-

ray images
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