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Classification of Ultrasonic Infrared Thermal Images
Using a Convolutional Neural Network
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Abstract: In the application of ultrasonic infrared thermographic technology, it is usually necessary to
extract features from infrared thermographic images based on artificial experience and then adopt a pattern
recognition method to classify the cracks. The identification and positioning process of the cracks is
complicated, and the recognition rate is low. Therefore, a method of crack detection and recognition in
ultrasonic infrared thermal images based on convolutional neural network technology is proposed in this
paper. Its feature is that the features can be directly learned from the ultrasonic infrared image to realize the
classification of infrared thermal images containing cracks. Thesis through the research experiment of metal
plate specimen of the crack in and do not contain infrared thermal images, the convolutional neural network
model is established for whether the image contains crack classification, the results show that the parameter
optimized convolution neural network model for ultrasonic infrared thermal images of crack classification
accuracy rate reached 98.7%.

Key words: convolutional neural network; ultrasonic infrared detection; image recognition; image
classification

0 2= FEAE T Tz R . BRI A M4 (Convolutional
= Neural Network, CNN) {F A9R 53] Ak A B E 1]

B pos R R, THENEREAS B RIETR T, RIE B, B 2012 FLCRCRHHEDE T EUER 25, 0

FOME AR — ML N TR RE R 5E KER, 7 EME A B S N 4 e e S Y NED L i AE P2 T

B, A5 AL FR AU RAS T ORE R, RN TR HEIK R EUG IR IEEUAS T B R 2 . AREEE

kS EHA: 2020-06-29; &iTHHA: 2020-10-24.

TEHB®N: I (1971 , %, mIFEdE, it WA S0, FENELERE2W 5T 7. E-mail: julandalili@126.com.

BIEES: BHE (1971 , B, #%, HEAES, EENFESEESEH SRR MNBAB . E-mail: fengfuzhou@tsinghua.org.cn.

ELWE: ExERREEESE (51875576) 3 HAEME AL =IFHEGLEIH (EW201980445) .
496




H43% FE5H
20215 H

PR NAE  BE T RN R ) 2% [ 7 20 A AR 00 2K

Vol.43 No.5
May 2021

i NV 5 R 22 R 2 PR T 0 2 BSR40 2, iR
BIFIEF] T 96.24%. 7K 22 %2 NBLK B B 22 4 2% i
F T i A =R o, 2T VR AR T V4 2R
W RSEE T 4.26%. 2498, GRIHEILE 15200 A
A RIBR T UG AL EE, @i 5 ARG S, B
PRE 25 7E T AR T AlphaGo. 155 IR A FIHL
MRS RPN R, 30 7N TR BER S HT
KR,

ARICARAE G TR 2 WX 25 R R 3 H T — R
25 FEUPH 8 00 248 560 R 5 21 40 4 M 2o R R 5 R AT S
XS RGN 5 28, AT K 8 75 4 A s 43
B P 45 i N 1) 36 AR 28 I 8% o AT 5 S0 6 HLIR 1
I, X2 LS R AR AT X, DA S T

k3

1 EFRME ML

BRI N2 R 45148 5 35, AN
Jz CInput Layer) . &3 A& )Z (Convolution
Layer) Alitifb)Z (Pooling Layer) . 4 i%E4%)Z (Fully
Connected Layer, FC) Flfitt)Z (Output Layer) I,
1.1 ERE

ANPIEGRERER, BREX R HERIEH
Je W M 5 S U BEAE AR P IS AR B E R AR
S AREGTUZ, ARG AR08 S22
EUE AN [FAHRAE . B B GRS G EIE
XN B AR, FESRA, BB EEE,
2B EG, 1% EUR 6 A BT AE &AL E
IFRA RN 45 R . BRI T BB S HUR
I S AR TR AL ZR SR 1, BRI T AT
PLEE S BT R R i 2k sk, B nT LA 3] 5
R MR EER MG, S0 8P,
1.2 iz

A E = B RPE AR ToRFE, LR REE
(feature map) A EEIFEAR, i — DR S8R .
WAL ER 2, W IR & Kk (max pooling)
5 #uidk (mean pooling) . fx KAk SEBr_Fahfe
1E nXn MIFEAREUR KA, 1ENRRE G REARE.
SP5pth A B OIS A A R G R AR E . ik
JE T BRARER R, G LA YRR R S B DA
Bt E PR AN
1.3 2&EREE

AR A P A 8 AR AR SR B R 2 R 2
SRR 2 S B I RRAE 25 18] BL (PR AIE 2 2w 55 )
FEAR B AR 23 8] BL o RFAE ) 58 PR B G I 43 2R 1 2551
. BT HAHEERREEEEEZNERE. b

PR B S BR80T 2R AT (1 BB RS AR E AT i PE P 4
JEAREIR, B UXANRRAE A B A = = AR
HIEL S T N R il & Mg AR 1 A AR A &
R, XU B R BB P B B AR R, KR
AU RT DLE K A I At PR 1 B R S R
TEXS ERREAT 702K

2 ETEHERMEMEZRBEILIMRER S XK

Sy

21 BELAIMAMEEARREBSERESE
2.1.1  ZLAMARSUR ORI B 1 J5 3

75 LA MR AR SR L 75 kR SRR, 1
ANBEM RIS e B AL B R )25 i
AR DX I, Sl DX R R P A e, BEVEAR T A5
FEAERGE, EHUREAONIGE, AR IR LA
(R e A R TR T, T I TR AR IR T et
J3E 43 R4 e A 0 F 52 p 4 5 2 T e O

P LA IR HOR KA T LA IR R
(IOE R R R P FEAE 3R A b R R S AN &) S5 44
| TR P BRI R, SR R SRR T, R
FH 1 A1 BEAH AL LAAS R R R 3 5l 7 e Ao U0 47 44 £10) 2 T
T FE 3 A, AN 2% 8 7 Y5 5 R o 2 T ER A X 7 7
FIFEES . il RALLAMR BT SR PR I 1) 4y
ROBEANZAPEHE TUAT 2546 St s ) R ), ] LASE B A
Pefph . RTORMRCI, BATTSEMERE. REUES. &
UL RS P 5 (A
212 RGHRL

WHAHE FROHRE T —ElAE ARG T
Rl SE56 & 9w 5 — B 75 L1 ol & S,
SEPUER A A SR Bk, HSe I S BB (G
SR RIS LG R ERE R E . B
BRERE K FIERBERE AN, W 1 P,

= N

Bl AL E TR I S5 &
Fig.1 Ultrasonic infrared thermal image nondestructive testing
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Fig.2 Ultrasonic infrared image obtained by experiment
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Table 1 Total parameters of network model

Layer’s name Explanation Number of parameters
Input Input
Covl 96 convolution kernels (11x11x3) 11x11x3x96+96=34944
Cov2 256 convolution kernels (5x5x48) (5x5x48x128+128) x2=307456
Cov3 384 convolution kernels (3x3x256) 3x3x256x384+384=885120
Cov4 384 convolution kernels (3x3x192) (3x3x192x192+192) x2=663936
Covb 256 convolution kernels (3x3x192) (3x3x192x128+128) x2=442624
Fcl Full connection layer 1 (6x6x128x2) x4096+4096=37752832
Fc2 Full connection layer 2 4096%4096+4096=16781312
Output Softmax classification output 4096x1000+1000=4097000
Summation 60965224

N ER AR AR EL, BRI E R, ¥
IEAUREL LA oA 2 B8 A [ e 48, A FiR CNN
WL Y, e B KRBy 30 IR, JE I 4% 1)
W Zrde B e R IR AR B
2.3.3  MLEIA I RESHULAL

Xf AlexNet #84 Hh e ] S 5047040, IRAb R4k
M2 8AE WA, 502 Mg g it & R F
(batchsize) UL KAERT 1L L& R E R ELE,

b ST B AR I ZRAE I G BUE SR AR )
g5, EACIIFELL iteration {ENHAL, 1 4 iteration 2§
T AL E N SRR — IR, B ETf
FANZREEH AR RE AR DI SR IR S LR R HES
PR L ISR, S I 265 1) V11 200k A ) 45 o
KINZRRR, At RSE BRI i, 2%l
GRS R E e, B RIS ER T U R B >
EMGRRER, e RSFE RN R 2, Bred,
T EEAEI/IN R IR (8] AR P EU A A0 ) D 285 I R 00R
20 390 75 AR 0 B[R] AR R0 I 0 280 % 1) P 1l R i
HiEMHEER T,

B RS — M 75 23 2 ] DARE B 4 SR A 58
AN ARSEERUNZR R WA R bR, W22 H Bl 5
G ARG 7 B, TEFEAR BRI Ol T A5
M B4R R 2530 0 . AlexNet 5078 bt B R ~F— iy
16 MRE%, BT DASEG s Bt R R/IMRIRCON 16,
32, 64, 128; ¥/ MATLAB V4 2% 5] R ¥ training
Options FEEATIH%E; HAESLL 10 /K, B 10 K%
B 800 5 IR 2R 10~ 35 (B A0 I 25 B L s 1] ()~ 3948
bRE, W B E RS RO R WK 2 B,

R 2 AT LA, #EE T IE PR, il
SRRt SR BR T ARSI 16 BRI S IE A
HEL, HARMWE NIRRT 9T% L, FINTE
i R E B IS N IR, IS FRE, loss

PRES BN, SEUERLE R /A AR
E . P LLSERR R Y, AR ORI TR) A B B0 T
PRt Rt R AT AR o 2 B TR IE T, A
Bl ] (R I o B0 I SR B8 T LKL B RST
N 32 Bl 64.

2 AR ST T IRl TE A 2 0 X 28 I 2R (]
Table 2 Recognition accuracy and network training time under

different batch sizes
Batch size 16 32 64 128
Accuracy/% 56.69 97.34 97.64 97.11
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Table 3 Different dropout rate recognition rates at batch size 32

Dropout 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Accuracy/%  95.6 97.4 97.6 97.5 96.9 98.4 97.3 98.2 97.1 97.2
F 4 HER 64 WA E KRR TR
Table 4 Different dropout rate recognition rates at batch size 64
Dropout 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Accuracy/% 96.6 98.1 98.3 97.1 97.3 98.7 97.1 98.1 97.4 97.3
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Fig.4 Training result curves

Fig.5 Classification results of test samples
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Table 5 Image recognition rates of different sizes
The size of the image 16x16 32x32 64x64 128x128
Accuracy/% 98.38 98.36 98.70 98.03
Time 11minl2s 8min2s 9minl8s 13min29s
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Table 6 Comparison of each neural network model

Neural Network Model Accuracy/% Time
AlexNet 98.70 9min18s
GoogLeNet 86.67 10min28s
ResNet 96.43 9min04s
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