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Borescope damage detection based on the knowledge distillation
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Abstract: The borescope damage detection is a key link to ensure the safe operation of equipment in the field of aero-engine operation
and maintenance, which often faces the problem of balancing real-time performance and accuracy. To address this issue, this study
proposes a training method of borescope damage detection model based on the fusion of knowledge distillation and reinforcement learning.
First, this paper designs a simple and efficient ranking loss function, which prioritizes the damage features output by the teacher model
and ensures that the student model can accurately capture key damage information during the learning process as well as effectively avoid
the interference of secondary features on detection accuracy. Additionally, in order to further improve the model’ s adaptability, a
reinforcement learning mechanism is introduced to adaptively adjust the core parameters of knowledge distillation function and
dynamically optimize the parameter configuration. This allows for the adaptation to different types of borescope damage without manual
interventions. The optimization process does not require modifying the basic structure of object detection network, significantly reducing
the deployment difficulty in the engineering applications. Furthermore the basic validation is performed on the Pascal VOC 2007 general
object detection dataset in order to verify the effectiveness of the method, which eliminates the interference of dataset specificity on the
experimental results and confirms the generality of the method. Finally, the comparative experiments are conducted using the YOLOv8-n
lightweight object detection network on a real aero-engine borescope image dataset. The results show that, this training method improves

the borescope damage detection accuracy of YOLOv8-n by 6. 93% without increasing the number of model parameters or inference time.
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The experiment fully demonstrated its application value in the engineering practice, providing a reliable technical solution for the real-

time and high-precision borescope inspection of aero-engines.

Keywords : borescope image ; damage detection; deep learning; knowledge distillation; reinforcement learning; YOLOvS model
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Fig.3 Pascal VOC 2007 image examples
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HEESH {8
BIERSE Windows 10
ERES Python 3.7. 16
CPU 12th Gen Intel Core i5-12400F
GPU RTX 3060TI(8 GB)
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FiR 5 A PR A A= (18) 5 (19) Fi.

p= x 100% (18)
TP + FP
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TP + FN

Hrr TP (true positive ) 103 H AR IE A A H 7%k
i, FP(false positive ) {UF ¥ S il il H AR08, FNV
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AP FIFTA 500 mAP B98I an=X(20) 5(21)
B o

$47%
Apzjop(r)dr (20)
mAP=%gAPl (21)
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B, 1E Pascal VOC 04 45 19 H A5 48 04T %5
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SR T U Zrad 72 AR R — 2

T 5E M YOLOv8-m 5 YOLOv8-n 43 %l %} Pascal
VOC 2007 ZEHETT 5 Wl %, 4S50 3 2 iR,
YOLOv8-m 5 YOLOv8-n (45T X)L in 3 i,

%3 YOLOv8-m 5 YOLOvS-n ¥ftt
Table 3 Comparison between YOLOv8-m and

YOLOVS8-n
W) 2% 25 SR/ M /G RIRIF/ /KB
YOLOv8-n 3.011 2.049 11 933
YOLOv8-m 25.857 19. 766 101 308

LA H, YOLOV8-m #H H YOLOv8-n 4544 & 44,
SRR 5 AT R, YOLOv8-m 5 YOLOv8-n #H It , %
2y H 8.6 i IR W 9. 6 £ AR/ N Ny
H 8.5 1%,

R 2R 45 W5, mAPO. 5, mAPO. 75 5 mAPO. 5 :
0.95 4RI INE 4 R,

%4 Pascal VOC 2007 i SR 7T bk
Table 4 Comparison of Pascal VOC 2007 test

set results (%)
[ £ 45 g mAPO. 5 mAPO. 75 mAPO. 5:0. 95
YOLOv8-n 72. 61 52.11 49. 14
YOLOv8-m 80. 59 63.43 58.96

M 4 PR 5 YOLOv8-m #H L, YOLOv8-n [
mAPO. 5 % J5 7.98% , mAPO. 75 & J5 11.32% , mAPO. 5 :
0.95 %5 9. 82% , TEAN R AR HE T, i ¥ Je . ik
$E YOLOV8-m S HIHEA  YOLOV8-n Jy2f Lk A 47 I
SRR

4 1] YOLOvV8-m 1N ZUMM 4%, YOLOV8-n 1E Jy 274
W 2% 1 AT A ZE AR, o iR KL B IS B
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Table 5 Agent parameter settings

SRR E 2OV
ZfEzs il 100
SRS 0.01
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R 1.00
WREREHEAE T 0.99
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B, T8 B U5 45 R Al A T O (L ) Bk ) 2 T 4 A
B REIR 7 35 N AR SR B YT S8, W T el
BN AR IR EE RN 6 Fin , R B ISR 5 K
B ES 3,

Fx6 AREIREMBHEXILE
Table 6 Comparison of different knowledge distillation
methods (%)
I mAPO. 5 mAP0.75  mAP0.5:0.95
AMEFRZER 72,61 (+0) 52.11 (+0) 49.14 (+0)
KL #% 75.57 (+2.96)  55.11 (+3.00)  51.59 (+2.45)
IS W 75.48 (+2.87)  54.61 (+2.50)  51.31 (+2.17)
Wasserstein BiB§ 7523 (+2.62)  54.71 (+2.60)  51.31 (+2.17)
DKD 75.94 (+3.33)  55.18 (+3.07) 5177 (+2.63)
il ZRER 76.13 (+#3.52)  55.24 (+#3.13) 51.73 (+2.59)
et 76.19 (+3.58)  54.80 (+2.69)  51.65 (+2.51)
EIZAITEN

MR 6 Al LUE B i A SR S HE 24 4008 45 6 ik
{6220 ) 7 35 E mAPO. 5 1 45 T e GR B R KA, 7F
mAPO. 5 LT T 3.58% .,

mAPO. 5 . mAPO. 75 5 mAPO. 5:0.95 (%} b A IR K
WA 4~6 Fzn, Horft N2 2145 S 2648 b A KL #5508 2158
A 2 (R HEA 3R T —— X R Y

AHEF L TEE 4 79 mAPO. 5 $2T7HE BE AR ]
ASCRAR A 2] 0 HE 48 10 O Bk B TR R B B K, R
3.58% ;7EE 5 1 mAPO. 75 48 TH g AR & op i AR
SCHEAA VR B T AR IR B2 IR B B ok, o 3. 13% s TEET 6
) mAPO. 5:0. 95 $E T B HE R B b, i F DKD (1% %
PETHIR B IR B R K, R 2. 63%

0040 ESKifiys  [IIISKE EEEWassersteinfE®  [] DKD
D22 st SSSUMRAL S =1 MM 41k

0035}
0.030}

i

= 0.025

N

%0020t

&

< 0015
0010}

0.005

0
AR SRR AR T v

Kl 4 mAPO. 5 $EFHXF ELADIRIE

Fig.4 Bar chart of mAPO. 5 improvement comparison
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Table 7 Standard deviation of different knowledge
distillation methods

. mAPO. 5 mAP0.75  mAP0.5:0.95

e PrifEZE/107 FRdEZE/1070 ARifEZE/107°
R AR 4.349 2.743 1.176
KL #E 2.705 2.424 1.570
IS HUE 2. 866 3.775 2.228
Wasserstein 25 3.297 2.427 1.910
DKD 4,966 2.035 2.483
HeA 2k 3.196 1.722 1.267
SRl o B HER B O 2.875 2.935 2.089

RS ARIRZEMBAER T-test BE MR p E
Table 8 T-test significance test p-value of different
knowledge distillation methods

(LS IR7S mAPO. 5 mAP0.75  mAPO0.5:0.95
KL ## 1.222x107°  8.099x107%  2.948x107°
JS 1.762x107°  2.148x107°  5.534x107®
Wasserstein BEES  4.991x107°  2.501x1077  2.232x107®
DKD 3.448x107°  3.907x107%  2.406x107

He4a i ok 4.773x1077 2.196x10™°  6.870x107"°
SRAEAE I IHEZ IR 3.201x1077 3.913x1077 1. 174x1078

AMER AT p (EIAE/INT 0. 05, 32 B 2 i
ST LR & 25 W nT W, A SO 8 7 ik 7
Pascal VOC 2007 B4 A ROBIRTE T 244 2% 1 T BE
TEMRRAE RS K mAPO. 5 .mAPO. 75 .mAPO. 5:0. 95 7+
W 5 SR 43 R 3. 58% 2. 69% 2. 51% ,BUi% T 7€ mAPO. 5
AR KIRE T

2 FLIRBEG5A K

2.1 FLIREGEES

ol LA MG 3 X SE AU 25 e sh AL 3B E A T4 4
PRATT A, AR AT i el 5 r B 5 LR 40 1 A, 9
N TXF UG AL & (B A 2R B A T bR o, BRIV AT 3R AT XS L
AR 2 K SFLALER B 405 UG, 35 4 FLER 2 5 14
GosplmE 7 B,

LR EHRE IR AR £ 2T BARR AT 55, B35 2440,
b MbT W G IRERTE 6 i, LR EIE R
VTR zs K S B — 28 1 079 5K 4G
MG, EAT RS 3 fn 3t 5 395 sk % R4 5
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Fig.7 Borescope damage image examples
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Table 9 Number of six types of damage in the

borescope dataset

eSSl AR ik At
e 959 106 1 065
ik 3141 349 3 490
IE 329 36 365
i) 518 57 575
il 995 110 1105
IR % 374 41 374

2.2 FLERBEGEEERNER

AL, {5 ] YOLOv8-m 5 YOLOvS-n H H5 A il 4
250 B LR RS B s B AT DI 2R 5 00K, I 2 S 8055
ZM R 2 R REEARAS | [RIHE HT COCO £ 42 1
RISATIERA N 25, B AAEMNAAR B Ak, 7EfLIRE
1GBARAE T | L) mAPO. 5 A5 BEFS bR, 38 25 I 2515 3]
AY YOLOv8-n # AU ) mAPO. 5 24 62. 64% , YOLOv8-m 15
HUAY mAPO. 5 4 89.95% , 5 YOLOv8-m #H I, YOLOvS-n
B mAPO. 5 5 /5 27.31% , B(IEFE YOLOvS-m Ay A
A YOLOv8-n 2 E RIS T 5 L2 iR 28 R 50

fii F YOLOvS-m 7 R #fiZ5 , YOLOvS -n N 244
I 28 3E 47 HT UL ZE AR, A il 4 KL OBCRE L JS HRE
Wasserstein JF 25 5 78 ST #2415 (k=1) Ve R Z5 A i
K AT RS JFTEA SCHEA B 2% i L il Eim A
REMR IR T oAb~ 2] I FIRZE 18 s b2 S I S8R 5
Fiw , I 5 AR N R RN AT LR, I G
AN 10 i,

MFE 10 ] LUE B Al AR ST HE 24 30 R 455 5
252 1 77 I AE mAPO. 5 S48 R A vk i i oK
{8 ,7E mAPO. 5 F4RTFT 6.93% . A7, $THiR BE Y
FEIR XS e 8 frzs B 8 F A2 B A5 Rk 3 10
KL HCBE 258 Ak 2 2] B HE A B i B HIR B
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Table 10 Comparison of different knowledge distillation

methods (%)
EDIRES mAPO. 5
Al R ZE AR 62.64 (+0)
KL 8% 66. 74 (+4.10)
IS #iE 68.03 (+5.39)
Wasserstein [ 55 66.07 (+3.43)
DKD 68.22 (+5.58)
Hes 2k 68.39 (+5.75)
BESIIMHEE R 69. 57 (+6.93)
0.07 - ESKLluE [ IS#E  EEE Wassersteinfi®§ [ DKD
D etk ST#b = ik sk
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= 0.05
=
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Fig.8  Bar chart of mAPO. 5 improvement comparison
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Table 11 The standard deviation and T-test significance

test p-value of different knowledge distillation methods

i 7 v FrifE22/107 T-test FY p {8
ANE FHAHIRZE 7.948

KL #lpE 3.307 1.205 26x107°
JS W 6.714 6.527 04x107¢
Wasserstein [ 5 7. 634 2.504 63x107*
HeZ ik 2.058 6.542 67x107"

DKD 6. 690 4. 947 40x107°

AL S R B O 2.500 1.719 29x1077

AHMER AT TE p (HIIL /N T 0. 05, R WP 4L
g LI B 225 e nT WL, RSO $e U7 i
TEALIRIEUG R 5 EA RO T 1722 L W28 B P RE 78

TR AE M5 3 B mAPO. 5 32 THIEJE M 6.93% , IS T
TE mAPO. 5 A EKIEEE T,

3 & i
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R, (HH YOLOv8 BRI M 4%, fEAREEIE LR Pascal
VOC 2007 Frfin e 5 A AT IIZRIIK, 1K H 25 R R W, il i
FARITEINZRA B AR AR YOLOV8-n , TEAE UM 2%
PR AT, mAPO. 5 2 T 3.58% , ALK
BB AT T R SE, BT B R AR ) A 5 2 4 A5
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