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Fig.1 Pulsed infrared thermal wave nondestructive testing principle
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Fig.2 The process of heat transfer at different types of defects. (a)

Specimen without defects; (b) Specimen containing thermal insu-

lation defects; (c) Specimens containing thermal conductivity defects

T
|
|

curve

éf « (f) —— Without defects temperature

Thermal insulation defects
T,(?) temperature curve

— o o —

7. (1) Thermal conductivity defects
¢ temperature curve

VR 3 N I8l o 3 T 25 el 2 2

Fig.3 The schematic diagram of surface temperature change curve

corresponding to different types of defects
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Fig.4 Test specimen
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Tab.1 Defects type of specimen
Column test The first .
. The second column The third column The fourth column
specimen column
Pluggi Pluggi Pluggi
#A1 Water accumulation defects ueeme ueems ueems
glue defects glue defects glue defects
. . Bonding
#A2 Water accumulation defects Plugging glue defects
defects 1
. Bonding Bonding
#A3 Water accumulation defects
defects 2 defects 1
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B F AT R PR T8 & Hh ko ARl , B T I
PIPRAZ R L 30, T2 PR 8 4 SR 2 T R I 1) A 4 7
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Nomex Fll GFRP 52 Ji7 it g, BRI : 2 [BIFEAE 25 <, 1M
25 IR EEU I, PO AL B 2 BIBHLAS, B AE
PR 2R TE R RS o BRI BB S B Ay A% i A v 8 B
TR IK , 3 B 5H B Sl e % e 22 45 A o T e o R R A
SRR o i, B AR IR R i
BN A TR 28 A, Y AR ) N BRI B TR
FIBE T R BRI K T2, RO R = A%
Mo ZTAMARAN S i s A 2 T Ul S B R
TR BE AR Ak, i i Aol B X R L A A T
Ak
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Vel Xof e o e ft B DX SR A, ST 5 3 R IR B A ) Bl
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122 #IEY
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Tab.2 The number of samples of different types of

defects in the infrared image data set

Water

Types of Plugging glue . Bonding Bonding
accumulation Health

defects defects defects 1 defects 2

defects
Sample
. 2457 2079 1512 756 1260
size

Proportion  30.5% 25.8% 18.8% 9.4% 15.6%
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Fig.6 Feature map visualization
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MIEE ST
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64 % ARG, Y254 B IE 4 B R KT 0.1, &
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Fa 5 BT 99%, fix 28 50 %8 Uk A A B o A R A F)
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Je MR 5 SRR AR T 0.2, 45 50 fe i 4k
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WG e R A T 90%, e 2846 50 58 IR M 45
B4 HE B R IK F) 99.07%, A AR IR EA F) 50 4
K, P4l 4R5E Accuracy A Loss fKIH AT E .

ResNet50 i 7 2% > B AL {9 i 5 B 2K o0 1.815 7,
28 50 POE AR HIRE S IR E R R EM T 0.5,
227 SRR R EMR T 0.1, B &4 50 58503 4 4
Kk E] 0.058 1; HAE IR HERI R 19.15%, 2 76 KL
Je e R 5 T 90%, 24 FE 36405 56 UF 45 5 3 48 e
RIGFAE T 98%, Fe 55 50 F8 UK I £ 30 IE 4R 11
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0.076, T UL, 150 £ Wiy S5k B W 12 5 00 2 2 I o B R
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Fig.9 Transfer learning model training process. (a) Training set Accuracy; (b) Training set Loss; (c) Validation set Accuracy; (d) Validation set Loss
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Tab.3 Performance comparison of different classification models of transfer learning
Deep learning model Learning rate Iteration cycle Training time/s
VGG-16-1 0.00005 50 12500
VGG-16-2 0.00005 50 12515
ResNet50 0.00005 50 4160
Densenet201 0.00005 50 15437
MobileNetV2 0.00005 50 3765
InceptionV3 0.00005 50 6689
42 % B (9432545 5, HYEih T GFRP/NOMEX #5553 2 45 )
421 RAEHE S AP 4 L

U 10 B 7R g N R 7% 2 > B2 X i 5 2

VGG-16-1 VGG-16-2 ResNet50

H H H

s PGD I 490 » PGD s PGD
< = =

2 WD 416 2 WD 2 WD
[+ [+~ <
[} [} [

~ BDI & BDI1 & BDI1

BD2 151 BD2 BD2

H PGD WD BD1 BD2 H PGD WD BD1 BD2 H PGD WD BD1 BD2
Prediction class Prediction class Prediction class
DenseNet201 MobileNetV2 InceptionV3

H H H

» PGD » PGD » PGD
E 3 =

R ERR%)) ERR%))
B B B

& BDI1 & BD1 & BD1

BD2 BD 2 BD 2

H PGD WD BDI1 BD2 H PGD WD BD1BD2 H PGD WD BD1 BD2
Prediction class Prediction class Prediction class
10 BRI AR RIRVE
Fig.10 Transfer learning model confusion matrix
422 HALIAE F B 552 WL 47 76 2 20 B 0 E 1 B 2 Ok 79

SR HIVE RS 38 B @ fRLR X T RS B8 Y R4 T 1Al
I TSR 5 2026, KUCK B2 AE BT (Positive),
HARYI I (Negative), 25 FE AT Sy B H 3 52
S FE P, WK BCFR S ELBH A (Ture Positive), #5 W0 A
B T S Sy BR 1 DU R A R BH 1 (False Negative), B
I 1 5 1 9P P DU ) 38 00 Ay I ) AR Hh AT
Z /0 B HMEREAR TR Z MAGE IR (Precision), $4FEAS

(Recall), A=k~ (2)~3) in . Accuracy
R, RO TRAAIT 5, TR0 R A 1 b . A
FRIXAA (@) Fros o [ 0RHH R [543
R0, Hollep ik SR A= (5) s

Ture Positive

Precision >

recision Ture Positive+ False Positive @
Ture Positive

Recall = 3

ecd Ture Positive + False Negative ®)

Ture Positive+Ture Negative @)

Accuracy =

Ture Positive+ False Positive+ Ture Negative + False Negative
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2 X Precision X Recall
(p =

®)

Precision + Recall

SRR X} GFRP/NOMEX #7533 12 45 b Bl fa 41
AN 5 S0 o HAT 55 1Y o B A5 50 T o 1 R L
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Beffto BRT M4 RBORM RIS, FBU=E 524
PRI SRR AT 0 28 I R AR S A5/, T A3 3 4R
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Tab.4 The ¢ value and accuracy of each transfer learning model for each defect

¢ value of different defects types

Predictive Accuracy

Transfer learning model

Plugging glue defects Water accumulation defects Bonding defects | Bonding defects 2 Health

VGG-16-1 99.80% 99.90%
VGG-16-2 100% 99.79%
ResNet50 99.20% 99.29%
DenseNet201 98.61% 99.39%
MobileNetV2 97.64% 98.48%
InceptionV3 94.32% 96.58%

100% 100% 100% 99.94%
99.88% 97.72% 95.53% 99.10%
99.40% 98.51% 96.99% 98.95%
99.52% 96.88% 93.96% 98.33%
98.30% 97.83% 95.45% 98.01%
98.18% 93.29% 83.09% 94.85%

5 & g
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LA JURh 2 BUERY ()30 A% 2 ) N 46, LU 43 ik
£ 99.94%. 99.10%. 98.95%. 52Kl ot 5438 F
96%. X b VGG16 M 4% 1 P R iis A A, Horh VGG-
16-1 FOHER R I o35 T VGG-16-2, 4 SIS B
P AR E, I5 B T B0 5> AR, ResNet50 %
TRA5 73 A B VGG-16-1, {H I 28 1)1 53 B R, (] b
ALK BV 19 7 AR o &5 1 3 B, il e 3 5
{14 25 B4 AR 20 X 4 AR TR R A R P 2 78 2 2T 44
A DATE BEAR IR AT | 1 5 1 253 3 1) i 42 1 X
GFRP/NOMEX 4 3 3J¢ J22 45 14 AN ] 248 AL Bk g 51 B3
(43 25, [ B ] DAskE B R T AR AR R R T % 45
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Abstract:

Objective

defect types, an infrared thermal imaging detection system was built to collect heat maps of defects and healthy

In order to realize the accurate classification of GFRP/NOMEX honeycomb sandwich structure

areas, and a GFRP/NOMEX honeycomb sandwich structure defect classification model was constructed by using
convolutional neural network and transfer learning technology to realize quantitative detection of defect

categories.

Methods

The training data set was constructed using the data obtained from the experiment, and the fine-tuned

The experimental study of pulse infrared thermal imaging detection was carried out on the specimen.

convolutional neural network model after transfer learning was trained to realize the quantitative detection of
defect categories. Firstly, GFRP/NOMEX honeycomb sandwich structure specimens with delamination,
debonding, water accumulation and glue plugging defects were prefabricated, and a pulsed infrared thermal wave
detection system was built. The FLIR A655SC infrared thermal imager was used to collect the surface
temperature distribution field of the specimens under pulse excitation. Secondly, the defects in the heat map are
cut into 90 pixelx90 pixel, and the data are expanded by rotating 90°, 180°, 270°, horizontal flipping, vertical
flipping and adding Gaussian noise operations. The pre-trained VGG16, MobileNetV2, ResNet50, InceptionV3,
and DenseNet201 convolutional neural network models use transfer learning technology to fine-tune the back-
layer structure of the network. Finally, the constructed data set is randomly divided into training set, verification
set and test set, and the network is trained. The value ¢ and Accuracy are used as evaluation indexes to evaluate

the generalization ability and classification effect of the model.

Results and Discussions The VGG16, MobileNetV2, ResNet50 network, InceptionV3 and DenseNet201
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network fine-tuned models based on transfer learning technology are trained (Fig.9). The VGG-16-1 network
model has the fastest convergence speed, the network is stable, and the training process has no large fluctuations.
At the same time, the confusion matrix is used to describe the classification results of the test set data by the six
networks (Fig.10). It can be seen that the six models can realize the classification task of five categories of defects
prefabricated by GFRP/NOMEX honeycomb sandwich structure. The values of ¢ and Accuracy are shown
(Tab.4). The classification Accuracy of VGG16 and ResNet50 fine-tuned models reaches 99.94%, 99.10% and
98.95% respectively, and the scores of five categories ofy are all higher than 96%. Compared with the two fine-
tuning models of VGG16 network, the Accuracy and value of VGG-16-1 are higher than those of VGG-16-2.
VGG-16-1 has only one misjudgment for the 1 612 defect data of the test set, and the network convergence speed
is fast and stable, achieving a better classification effect. Although the overall score of ResNet50 is not as good as

VGG-16-1, its network training speed is fast and can also achieve better classification effect.

Conclusions The data set is constructed by using the real infrared images collected by the infrared thermal
imager detection test, and the data is expanded for small samples. Based on the transfer learning technology, the
network model structures of VGG16, MobileNetV2, ResNet50, InceptionV3 and DenseNet201 are fine-tuned, and
the stability and convergence speed of the training process are compared and analyzed. Besides, the performance
of the network was evaluated using a test set that did not participate in the training. The results show that by fine-
tuning the transfer learning operation of the pre-trained classical convolutional neural network model, different
types of defects of GFRP/NOMEX honeycomb sandwich structure can be well classified, and the quantitative

detection of defect categories can be accurately realized.

Key words: infrared thermal imaging;  defects classification;  transfer learning; ~ honeycomb sandwich

structure
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