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Fig. 1 1D convolution operation
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Fig. 2 1D convolutional neural network (1D-CNN) architecture

250285 (Page 3 of 14)


https://doi.org/10.12086/oee.2026.250285

2O, 45 b TR, 2026, 53(4): 250285

https://doi.org/10.12086/0ee.2026.250285

a=2

1x5

d=3 1x7

A3 RNRBKEZRAERTER

Fig. 3 Schematic diagram of dilated convolution with different dilation rates
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Fig. 4 Architecture of the dilated Inception-ResNet module
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Fig. 5 Architecture of the 1D-CNN model based on the dilated convolution
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Fig. 6 Photograph of aged oil samples
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Table 1 Classification of aging stages

Heating duration/h Furfural content (x10°) Aging stage
0-120 0-1 Initial
120-240 1.0-1.7 Mid-term
240-360 1.7-2.0 Late
360-480 >2 Final
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Fig. 7 Schematic diagram of Raman spectroscopy detection
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Fig. 8 Original Raman spectra of samples
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Fig. 9 Preprocessed Raman spectra
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Table 2 Branch parameters of the dilated Inception-ResNet module

Name Kernel size Stride Channels Padding Dilation rate
1x1 Conv branch 1x1 1 32 0 1
1x3 dilated Conv branch 1x3 1 32 2 2
1x5 dilated Conv branch 1x5 1 16 4 2
Pool branch 5x1 1 16 2
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Fig. 10 Overall workflow diagram of the model
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Table 3  Performance comparison of discrimination models (unit: %)

Diagnostic model Average accuracy Accuracy std Recall
1D-CNN 89.83 2.54 89.26
KNN 87.50 4.92 85.85

SVM 87.50 3.79 86.43
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FEA, HAER D 2AH B A AR B R =] oy . AL
Z &, [& 13(b) # Inception-1DCNN #& BUALAT 4 ASFEA
B R R 4y, T 13(c) s A SO AL FE Inception-
IDCNN H AU g FEfilh b fE AR 2 AR 3 T, 22 Ak ] S A
AIFE 60 MR AE AU 2 DMEEAR Ry, HEE
R PTE X AT BE AT BRI A B AL ET TP R A B, HR
FEAZACN R ER O, R, e gihilrf, A&
SCAEEAY Y R A ER R IA B T 96.67%, AHEL TR LG
1D-CNN (#8128 90%), Inception-1DCNN F% (Eff %
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Fig. 13 Confusion matrix for aging state discrimination. (a) Original 1D-CNN; (b) Inception-1DCNN; (c) The propsed model
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93.33%), 7 SCAFIY A 26 X HE R SRAR IR TH T 6.67% FiI
3.34% . Ay kEG LR SL I AR VERIBEALYE . R HIAS ]
() BEALECRPFSFe A A [R] A Y1 R At A, X = b
AT 5 RS SZKS, A RN F1 A BT
i, SRS MIZE RN 4 Fon. RN, A3 IFE
SRR T E &N, 5IASEE . FLOPs, Mk
AR ] DR S YIRS DU AN SO0 T LR 1 1
FSAIAT AR, e 5 Fiw.

MFE 4T RURI, AE 5 RS AR SCRETR 1Y) = T4
PRIGUET 55 SN PIRRRRAY  SCHIE I T A SO I fif A 25
i & FH Inception-ResNet # B fT 7 I 14 L F I AR 4% .
HHAE T JLG 1D-CNN, i Ff] Inception FEH AT L3 i A [H]
196 BUZ S BEE P AR FRRRIESS 2., [RIHAT 3 =5 4n
TR, X RSB A
FHEEF JRUAR Y Inception FEHRL, A SCE 51 A ZS AT
AN BRI AR B T N A RS B 1 Sz BT
[Fi Fsf oI B8 2 PR 6% A 3K 0 itk T TR DR 4% 140 A 9 2

FRIEMIE, e T RIS, I sy 1 AR
TN EIVE T, A A SO R RS B A5 Rl by ) R AEfr
ST AR, NI ARAT T 5 = 19 43 SR R A
FREMTERERI . Mk 5 TLUEM, hFHRAT
L0 AR DA AR 2 R RAE DL S BR 22, AR Scie
ARSI TR A S HEEACR A TR R 1D-CNN
Fl Inception-1DCNN A3 ¥ in, SR, XFhE 2% B 03
IS BE Y, I H R AR 4 3 )47 b T AR OK
(0.1424 ms), S84 2 SEHT WM A 5K . % R B A SO
RIFEAERR R LA R 2 R T, XA A i 3 2
A H A B

4.4 2T z35F Inception-ResNet B9 1D-CNN ZE [£
FHZ L E RRIZHT
i LRSI TSNS LA, ARG I B T2
i Inception-ResNet A H [ i #EAY 1D-CNN =AY, FEAR
JE i 4R 4 2% 2 AR S B9 RIS W AT 55 Hh e B m B )

k4 ZARAE R /%
Table 4 Comparison of results for the three models/%
NO. Model Accuracy Recall F1 score
Original 1D-CNN 88.33 87.07 86.57
1 Inception-1DCNN 91.67 90.66 90.69
Proposed model 93.33 93.33 93.25
Original 1D-CNN 90.00 90.62 90.04
2 Inception-1DCNN 91.67 93.42 91.90
Proposed model 96.67 96.67 96.74
Original 1D-CNN 93.33 93.32 92.71
3 Inception-1DCNN 95.00 95.59 94.58
Proposed model 100 100 100
Original 1D-CNN 90.00 90.32 90.06
4 Inception-1DCNN 93.33 92.94 93.20
Proposed model 96.67 97.06 96.77
Original 1D-CNN 86.67 86.98 82.72
5 Inception-1DCNN 90.00 91.18 89.29
Proposed model 93.33 92.98 86.39

k5 MARKEEHHEMIL

Table 5 Model complexity and efficiency comparison
Model Parameters/M FLOPs/G Inference time per sample/ms Total training time/s
Original 1D-CNN 0.13 0.76 0.0167 1.18
Inception-1DCNN 0.20 9.07 0.0833 2.28
Proposed model 0.21 23.02 0.1424 4.14
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PERE. SR, TESCPRAS AR E AN A 24 55, 4K
P ) AL B R AR R 1Y, B 2R B
AT, BARME, YRR g g Fl
YR, IR i Tl 2 M OEREAR R “EHeR”
M ZARFEA DI “/DRE” i O WA L fa R 1
KN e i) R S BB G I v R AR A (H 2 5 Y
JUE AR GEE XN DER) ., B, k20 I
BA G FEE FTZ ALRE T, EHAE A A A /iR
ArrrERe, @A RER A TR, DLk
YIZREE RN AE B4 o0 F B AR AR T 10— 2B 080 .
300 MEEABIHLA AT A AL B, C =4 HA RFFEAR
¥4, AEERINE 6 PR,
%6 HiAab

Table 6 Sample combinations

Group Initial Mid-term Late Final Total
A 75 75 75 75 300
B 50 75 75 30 230
C 35 45 60 30 170
W =R T NEI 91, 85: 1.5, 8:2,

7 0 33X PUFPAS ] 9 E AR A DI 2R R4 L A3l X
A SCRERS AT YN ZRFNVTAL , 384 220K SE 50 5 SE g0 45 1 an
%7 FimR.

FE T BIEER AT LR, A SCHR S RS TR ZE AN [R) R
FERIBHEE (A 4L, B4, C4) ILAFIIZRE S5
AR LB, BRI S HAE M ERE . BAm
H . X TREA R EOR AR AR A 2 (300 MEA),
REALLE A K53 ) S0 T AL 93% (R-F- ARG R

)7

B ik 95.33% (8 1 2 J2 9 1 RI4Y), F1 Z0%Cdu i i
PRIFTE 0.93 LA b o BIMEEZEREA 0 A AP 9 B 41 (230
AFEAR), AR SCEE B RAR SR AR T 3853k 55 F 92.5%
PPEEMERG %, HASTE bR IF A B 2 Ak, X R
AR RLE 2 ROBERRAESEIAE T, e > 3 T 464
LACH B IAE . ARFRAOGIERRIE , AR AR T2
FIREARRCR G X FREAR RN C A
(170 NREAR), AR Y {1 S 257 v R AR SR AR 5 7 2 i K
(91.77%), VLA SRR AEREAR A RGO T, RA
RENG2E ) BIREA Y ALHRAE . DT 44 R AR 3 SRR
BTN B bR RS B K. R, AR T
X 5 AN P ] SRR AR S /N ) L) R A i, i
X FHAE S BRSO

5 &

AREEE P B CIEH AR T —Fal &= TS
% 413 Inception 45 14 Fl [ 3 [0 5% 2 % 4% (1 i ik 7Y 1D-
CNN JH AL S AL TPAG LAY, s D fff ol T A% Ge k) 75
IR . MR RS BN R DA RCH AL A 2 2T AR b
PR A ISR IR RTRCRAL . 2 AbRe 1 59 5E R, i A AR
ZAL S AT R RS G SGHE TR, 454 S-
G Vit airPLS A% A I E1 7 I M R I 2R A TF 3
BRI CIEEE B AR RV I, A S 2k
FEWETTAL B9 T IR SHEAL . RIS, k8t m TPl RS
&, RDRTRIZE R 28 AR B2 R St — RUBERRIE A% $R HURE
TEHA R BRI, 5] A RS 25 /5 FUY Inception-

TR IEETERARER (212 %)

Table 7 Model discrimination results on different datasets (unit: %)

Average accuracy Average recall F1 score Average accuracy Average recall F1 score
Ratio9 : 1 Ratio 8.5 : 1.5
A 95.33 94.88 94.92 94.22 93.87 93.61
B 93.04 94.06 93.10 92.57 93.08 93.16
C 92.94 92.00 91.71 95.38 93.33 91.88
Average accuracy Average recall F1 Score Average accuracy Average recall F1 score
Ratio 8 : 2 Ratio7 : 3
A 95.33 95.43 95.41 93.11 93.08 93.04
B 92.61 93.42 91.19 93.04 92.55 92.26
C 91.77 90.76 90.71 91.77 90.78 90.57
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Raman spectroscopic aging assessment of oil-paper
insulation based on an Inception-Resnet network
integrating dilated convolution

Li Sipeng, Song Fugen’, Jin Tao
College of Electrical Engineering and Automation, Fuzhou University, Fuzhou, Fujian 350108,China

Abstract

Objective Power transformer safe operation depends critically on oil-paper insulation condition. Traditional insulation aging detection
approaches possess significant drawbacks, including long testing cycles, destructive procedures, and insufficient precision. Raman
spectroscopy offers a rapid, non-destructive alternative by capturing molecular vibration characteristics associated with aging byproducts.
However, conventional machine learning algorithms exhibit low efficiency, high computational cost, and weak generalization capabilities
when processing high-dimensional Raman spectral data. Advanced two-dimensional convolutional neural networks demand excessive
computational resources through artificial dimensionality expansion. To address these limitations, an intelligent insulation aging assessment
approach utilizing a one-dimensional convolutional neural network (1D-CNN) integrated with a Dilated Inception-ResNet module is
developed. The goal is to achieve accurate, rapid, and robust aging stage classification by automatically extracting multi-scale spectral
features while mitigating gradient vanishing issues commonly found in deep networks, balancing computational cost and diagnostic
performance effectively.

Methods Accelerated thermal aging experiments generated three hundred oil-paper insulation samples. Mineral oil and kraft paper
mixtures underwent continuous heating at 120 degrees Celsius for up to 480 hours. Samples were collected every 24 hours. Gas
chromatography measured furfural content to establish ground truth labels, categorizing the samples into four distinct aging stages: initial,
mid-term, late, and final. A portable Raman spectrometer collected molecular vibration spectra from the prepared samples. The laser power
was set at 300 milliwatts with an excitation wavelength of 784.711 nanometers and an integration time of 500 milliseconds. Raw Raman
spectral data underwent a rigorous serial preprocessing pipeline. Savitzky-Golay smoothing eliminated high-frequency noise interference.
Subsequently, the adaptive iteratively reweighted Penalized Least Squares algorithm corrected baseline drift caused by fluorescence
background interference. This preprocessing generated high-quality spectral data inputs. An enhanced 1D-CNN architecture was
constructed. The core innovation involved designing a Dilated Inception-ResNet module. The network initially utilized a standard one-
dimensional convolutional layer and max-pooling layer for preliminary feature mapping and dimensionality reduction. Two cascaded
Dilated Inception-ResNet modules followed. Each module incorporated four parallel feature processing branches. The first branch utilized
point convolutions for channel dimension linear transformations. The second and third branches applied a compress-expand strategy, using
initial 1x1 convolutions followed by 1x3 and 1x5 one-dimensional dilated convolutions, respectively, to capture medium and long-range
temporal dependencies without increasing parameter count. The fourth branch utilized max-pooling for significant feature retention. To
prevent network degradation and gradient vanishing, adaptive residual connections linked the inputs and outputs of these modules, utilizing
a 1x1 convolution for dimension matching when necessary. The network concluded with global flattening and fully connected layers for
classification. Training utilized the AdamW optimizer and cross-entropy loss function.

Results and Discussions Repeated random sampling validation experiments evaluated baseline model performance. The standard 1D-
CNN achieved an average accuracy of 89.83% and a recall of 89.26%, outperforming traditional support vector machine and K-nearest
neighbor classifiers. This demonstrated the inherent advantage of deep learning in automatically extracting representations from complex,
high-dimensional spectral data without relying on manual feature engineering. Ablation studies verified the efficacy of the proposed
Dilated Inception-ResNet architecture. The enhanced model achieved a maximum test set classification accuracy of 96.67%. This
represented a significant absolute accuracy improvement of 6.67% over the original 1D-CNN and 3.34% over a standard Inception-1DCNN
model without dilated convolutions or residual connections. The loss function curve demonstrated rapid and stable convergence within
twenty epochs, confirming that the adaptive residual connections successfully facilitated smooth gradient backpropagation and eliminated
gradient vanishing problems. Computational complexity analysis revealed that while parameters and floating-point operations increased
moderately, the single-sample inference time remained exceptionally low at 0.1424 milliseconds, fully satisfying real-time monitoring

Foundation item: Research on Unified Modeling and Control Methods for High-performance, High-power Energy Routers in Urban Rail Transit Fund
(52377088), Design Project for Intelligent Competition Adventure Circuit Based on Digital Chips (JG36250012)
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requirements. Further extensive testing assessed model robustness and generalization capability under suboptimal data conditions. Three
dataset configurations with varying total sample sizes and class distributions evaluated performance across different train-test split ratios.
For a highly imbalanced dataset containing 230 samples, the proposed model maintained an average accuracy exceeding 92.5% across all
split ratios. For a constrained small dataset containing only 170 samples, the average accuracy remained robust above 91.7%. These
consistent performance metrics across varied data scenarios proved the multi-scale feature extraction mechanism successfully learned
intrinsic physicochemical aging features rather than relying on statistical class distributions. The network architecture effectively prevented
over-attention to majority classes and ensured reliable recognition of minority class samples representing critical severe aging stages.

Conclusions The proposed Dilated Inception-ResNet 1D-CNN model provides a superior, non-destructive, and rapid diagnostic solution
for oil-paper insulation aging assessment. Serial preprocessing techniques combining Savitzky-Golay smoothing and adaptive iteratively
reweighted Penalized Least Squares algorithms significantly enhance Raman spectral data quality. The integration of multi-branch parallel
dilated convolutions expands receptive fields for multi-scale feature extraction without escalating computational costs, while adaptive
residual connections ensure stable deep network training. The model demonstrates exceptional classification accuracy, stability, and
robustness, even when processing small or heavily imbalanced datasets. This intelligent diagnostic framework offers reliable technical
support for transformer condition monitoring, predictive maintenance scheduling, and power system reliability assurance.

Keywords: Oil-paper insulation; raman spectroscopy; Inception-ResNet network; dilated convolution; aging assessment
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