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Integrated broadband ultrasound and deep learning technique for
non-invasive trace moisture detection in transformer oil
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Abstract:To address the critical limitations of conventional methods for detecting trace moisture content in transformer oil-such as
destructive sampling and poor anti-interference capability-this study proposes a non-invasive, high-precision detection technique based on
the integration of broadband ultrasonic time-frequency analysis and deep learning. The approach combines broadband multi-frequency
ultrasonic scanning with deep neural network modeling to dynamically characterize and quantitatively predict complex acoustic signatures
associated with trace moisture in oil. A dataset comprising 240 transformer oil samples was established, with ground-truth moisture
content calibrated using a precision trace moisture detector (220 samples for training, 20 for testing). Each sample was subjected to
broadband ulirasonic excitation at six distinct center frequencies. Echo signals were processed via Continuous Wavelet Transform (CWT)
for time-frequency analysis, extracting a 128 x 1 000-dimensional joint high/low-frequency feature matrix as model input, with actual
moisture content as output. The core innovation lies in constructing a hybrid Convolutional Neural Network-Long Short-Term Memory
(CNN-LSTM) deep learning model; The CNN branch efficiently extracts spatial patterns from the CWT time-frequency spectrograms,
while the LSTM branch captures temporal dynamics and cross-frequency dependencies within ultrasonic features. This synergy establishes
a robust nonlinear mapping between complex acoustic characteristics and moisture content. Comparative experiments with multiple models

demonstrate the superior performance of the CNN-LSTM framework, achieving an exceptionally low mean absolute error ( MAE) of
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1.33 mg/kg, a mean absolute percentage error (MAPE) of 7.167% , and a high coefficient of determination (R*) of 0.958. This

research provides a novel, industrially viable solution for online, non-destructive, and high-accuracy monitoring of trace moisture in

transformer oil.

Keywords : transformer oil ; trace micro-water detection; broadband ultrasonic; time-frequency analysis; deep learning
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Fig. 1 The connection diagram of the broadband

ultrasonic testing system
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Fig.2 Design principle diagram of broadband ultrasonic testing
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Table 1 Sample distribution of transformer oil
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Fig.5 CNN convolutional network architecture

1) BRUZ TR0 YRR S B, 45 U2 A
i B s B e A sk B B R AT s A I A S
X (3) Fin.,

¢ P Py

Y(ijhk)=o0 (X 2 2 X(i+p,j+q,m)-

m=1 p=1 g=1

W(p,q,m,k) +b(k)) (3)
VGRS OSE T IE S = aREIE AR SN 5 it DO D VAR [E1 2
JERUE B o NS REGX (i +p, j +p, m) IR
ANFHEEAERLE (0 + p, j + q) FUEIE m b A {H;
W(p, q, m, k) FBERER, Fm Wi A IE m 2455 H
I kAR, X T RALE (p, q) B — XN
WAL F,  F, (C 735 B | B8 I8 16 K5 b O fi
LI, $kan o T E

2) W 2 BB R ReLU B EL, TE BRIz B2 551
NARLRAE A, 10 0 25 RE A5~ ~) B A2 R e, LA



190 & L £ ¥ W 46 %
T E S T B G2 A R R O Il A, R Bl S o,=a(W,«[h_,,x,]+b,) (10)
K(4) s, h, =o, * tanh(c,) (11)

ReLU(x) = max(0,x) (4) FH . f RS TR TERIE 0 ~ 154, AT TR

3) AR JE TR RRAE B A T R4 0 A 3 4 vk /D
AR Z% i R R OR B B O R AR, b Ak A A S
A (5) iR,

FIFZ S X(i+p +q.b) (5)
A F, FF, A AAZ G BE R TE BE , AR Sl 22,

e, PRI 2N m LR A5 o 5 2K, T8 i
& A AR JE2E LSTM EE#E 0,

3.2 KIEHCIZMZE

T S 7 A8 7R BOPE EL A E A R AR, 51 LSTM
AR HE s TR S AR AE . LSTM & — F s ik 19 1 B4 4
Z5 /4% ( recurrent neural network , RNN) , % I T - £
AT R A T] AT R T A IR S Y TR AL
IS BR BRI ZR 2 SR AAM)Z LSTM 4544, i
FAITECA CNN (%, BP0 HOR A b, FIRRECIRE ¢,
KA ARAT 5 I AT B AR G 2R

e 6 frzs, A LSTM (91 T4 LI AL P CNN $2 5L
HARRAE P A il L K B e RO DG FR
JZ LSTM,, S0 i M 454 > R R 2 R B RIS, 56 2 J2 A7

R RS il wes e B2 D Y A Y SN
HN: CNNFFIRITZ

Y(ij,k)=

U/ O O O |
[&\ DT"‘:T\’\’ET‘*} co o \ %\
D N MR N /
/C)/ ______ P —¥

( %jff};’ )
[ B&AHE: 1 ]

K6 LSTM 444

Fig.6 LSTM convolutional network architecture

LSTM FEITIY h, i nT AR (6) ~ (11) o, B,

f; :U(W/ ° [ht,l,xt] +bf) (6)
i, =0 (W, [h_ ,x] +b) (7)
¢, =tanh(W_-[h,_, ,x,] +b,) (8)

Ct =f‘t : thl + it .cr (9)

Hi e, MEREICAZIATT s 0, 7R AT 2 ICAZ FRIeIRAS
h, R ST R] 25 Y B ECIR S, B 6 5 2 it s W W,
W, W, 53l st sl ] AT T A3 iC i i s 17 AL R
FEBE;b, b, b, b, & T Y IR E T o O TG R ER
sigmoid , JH 65 i %) [0,1],

I 4 VE 2N LSTM (46 A, Wi 3 [RHEAT 55 1
BARgErE, ER)2rEm=(12) fims,

Y=XW+b (12)
A Y BRI 25 5 X RS 2 )2 LSTM 94 i B
R WO BCE B, & — AT 2R 280, H T 8%
LSTM #y iS5 28] H Aty o 48 B2 5 6 R 2
3.3 CNN-LSTM ZE % &%t AR fl sk 42 Y

ARSCLL 240 ARTR] 75 K AR FRE TR AR SRy 0 B
U5, I 240 IREAS Fe 5 K B 00 B B 5 4l 43k 5 A4
(BT 48 ) , TEARFE AR H LA DU 4580 S ite sh A ifE Ak
YLk, IEERE 1| PrVE IR UESE | B PR IR B TE B 1

(I = NN S B T N N B
(6x128x1 000) A& , #47IH— b sk AnfEfL AL R, TH R &
P25 TR SRR . R CNN-LSTM BXA 4844
Jrft CNN A 57 2R A5 ] 19 23 [ R AIE (N i S S0 B | fg
AT ) LSTM I 28 Jifi 2 AN [ 4 258 [1] 11 B 2y 285 G 1K
FF3E AL 458 % R B8 W A T S 1) A 5 T ) 2% S 40 e L
P1 28 SIS E DTk AL A AT T g

ZEXNERFAR

NS
i /T N
54353 XU AR
R
RIS, W v
T A%
‘ - v
I ZECNN-LSTMA 4
A7 A R 45
* ;
TR RT3
AU R R
N J
R (e '

£

P72 e b oK B R it e
Fig.7 Flowchart of the micro-water prediction model

in transformer oil



9

FLIRT A RS TR 5 TR > R TR I UK AR A SRS I 12 191

AN 3T CNN-LSTM B AY i) Ft kG B2 JF: 5 il T
SIS R R A5 R T DU S e A i 37 S 43R,
JEFIFH R AR sRECE BRI FR VT4 A0, DU 2R AR B = 2L
IR ISR B S E A A IR S B S50
i M2 S5 R (B RUZ BB A AR | LSTM BT i) (Yl Zhad
FEC/NE B R/ B RN 48 %0, % >0 %) K aE Ak
( Dropout )T, UNEE 2 Frw .

&2 CNN-LSTM R T ZBSHIZE
Table 2 Main hyperparameter settings of the
CNN-LSTM model

EA s ESEAIE EALESH
/MR [4,32] 12. 00
YN |1 [100,500] 397.00
)R [107°,107"] 0.02
95 1 2 EPUZ IR [16,64] 19. 00
%2 BRERZ IR A [32,128] 126. 00
%5 3 BB R IR [64,256] 69. 00
%51 2 LSTM Bt [64,256] 249. 00
512 LSTM otk [32,128] 104. 00
Dropout % [0.1,0.5] 0.11

S B BOE ARy - 7 JE B i AR 6 A
(A3 () P T A5 5, ] BB A 55 5 2% (Y I 2 AR
B RE B TR A AR A i I RROR Sz R T,
2 2] BRFEE] 107,107 ] 78 55 PR ST S HIE I B3 SR m s 45
FRUE I 45 1 LSTM PR oTHCE 10 Fil s VP B AY 3 1 A ) 23 1K
YA T i BBOFRH S T A58 A5 5K 5 /ML B /NI
B BN 2 BT R e WSS B Lk A 48 1 75 R 5 Dropout
FIEREI[0.1,0. 5] F& 4t 1A W] 5 B2 9 1 ) Ak 10

&1 8 JE7s 1 DU S e Al it A v Y H b pR B S Y
e U

14

13+ —o— WL E iy B/ HARME
12 —o— fliiH B/ HARE

YR F] ) e /N H ARAE

(11,1.572)

1 1 1 1 1 |

5 10 20 25 30

15
SR
B8 BRECTHE U R/ HAR(E

Fig. 8 Function calculation times-minimum target value

&1 8 rhi AR R AR LA SR i i R AR 8, i AT T
30 YCEACTTAL , BLAR BRI 2 7 B3 Uk AT DAl ) 2 5
A XN AR R B, TEOCAERI (FT 10~15
AR, HAR R BT S B S AR X AR, ax e B DL -S4
PBEEAE ] 2 AR 3 M S0 [ I AN [R) X, 25380 (7]
HISH A LADRTE T i R BCROWL . Bt R AR B 1S
(15 WERZ ) , B bR R BOH 508 1Y 3 3h B )N, IF
& TSR — B RS E K F-E 1. 572, R HA Dlnt
SO Al A5 L BEA B8, 2 51 24 i 48 2R 5 ) Rk AR ER
T RER IR S HEH A

it DR AL, B8 T — 4 T A R
7 R R 0 B A SR B, I 3 R, SR
BIUNZRA B FE 3 7 f 1R 2% (root mean squared error,
RMSE) SEH 4%} 2 (mean absolute error, MAE ) L&
FH(R®) ERI EARTERE , Bk T 0L Ak 75 25 78
B b ER T A 5T H CNN-LSTM A5 b #4557 68 75 1
SV RE T SE AN

®3 NMEEEITEEEE
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Fig. 10 Comparison of performance metrics for each model
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Comparison of predicted micro-water content values

and real values for each model
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TR Y] DL eS8 o Biouk FLOC BB 2 Bt AT Tk, DA

22 5 PHEYIC S T 2506 LA TR DI 2k S T By B Y
Bof [) T #E

&5 B LB E A A

Table 5 The time cost of each comparison model

B[] B 4/ s WOA-Elman RF SVM  CNN-LSTM
ST ) 683.22 10 084. 18  486.96  465.95
Heh e a [n) 3.00 2.18 6.13 2.55
I ] 0.43 0.50 4.46
Hedis 4RI ) 0.43 2.13 0.14 0.02
PRl 25 678.46  10077.50 479.73  455.26
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GG UE CNN-LSTM B R 7R ADL AR e 25381 7 M 2% 4
TR R A S A e S R R AR S T LA =
FIME R RS PRz T iR sh T4k, L8 E TR
A1 1 L (signal noise ratio, SNR) 7K, 435 5.10 15
120 dB, ACFM I = T AEFIRIE S 25, R ZR 58
) CNN-LSTM #8Y  XF AR SNR Z544F T A48 Fe i v A
A RIS S P T H , IE 5 831 RO UK I & X i &
SEAET HE, PEAG BRI PERE . 36 6 Wb R Won , 7E Sl
(SNR } 10~ 15 dB) T, B AU 351 00 14 B 422 0T i 4 TC e £
S 7ENL IS (5 dB) T, RMSE 1 MAE 3418 24 30% , 7
J@ AT PG, 1 MAPE Fl R* H4HRAK T 10% , I %
PURGSE s TEAIRMEFS (20 dB) T, MERE e i R o, -
RFH] CNN-LSTM #5278 H. 5 /¢ 3 17 W 75 A 55 °F A9 1 A
W,

x 6 ARSI TEEEREISHR
Table 6 Model performance indicators under different

signal-to-noise ratios

(A RMSE MAE MAPE/% R?
i hh 2.023 1.330 7.167 0.958
5 dB 2.940 1. 880 7. 840 0. 946
10 dB 2. 160 1.790 7.810 0.953
15 dB 2.170 1. 850 7.250 0.953
20 dB 2.110 1.710 6. 940 0.954

Sy T VAR AR A AR S PR AR R T 00 F 13z Ak e g, R
£ T AR EE (109C ,209C ,30C ,40%C ,50°C F1 60°C) F
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T B A A 52 B 07 FH v ity 7 4 R 1 20 R A R A
AR EHS 76 E 53R GB/T 1094, 2—2013( H1 /178 [E %
552 AT R TEY Y AR R AR AT B TS I Y 52 PR T
2y 85°C , F T I JZ R0 AN A B AR, JE 0 T8 T s K
T, 1825 52 R FNve 2107 KR i, 3l H A T 10°C ~
20°C £ 2 H K, BUHF IR RS 7E 60°C AT,

BRI SE S 7 AR 14 FroR S5 R .

1) BERIAE 10°C ~ 60°C 38 Bl AR 35 1 4 i Y TUIORG 15
(R*> 0.916) .

2) Pt I P Al B IR BE (24°C) |, PR REFE br 2 L AT
FEZ B B (10, 60°C I MAPE %% 24°C JE i 59 fin 24
16.3% ,R> T2 4. 4% ,MAE Y3908 & Kk 22% , (EATS
SN DI

DL b 7543 3 B BT R AR R A 60°C DL AR SR HL A 3 K
B RRAE S, I HAT F1 SR T BT SR AR R A F AR Y 3 5
R AR R RS I TR AR A Bl PN )z 3 R

&7 AFEIBET CNN-LSTM Tl 14 aE 545
Table 7 CNN-LSTM predictive performance index at

different temperatures

HBE/C MAPE/%  MAE/(mg-kg™) R*  FEARYIZGEE

24 7.016 1.330 0. 958 20
10 7.542 1.594 0.928 20
20 7.266 1. 487 0.942 20
30 7.540 1.590 0. 945 20
40 7.438 1.597 0.924 20
50 7.819 1. 604 0.920 20
60 8. 159 1.611 0.916 20
= 5
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Fig. 14 The percentage increase of model performance

ndex at different temperatures
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