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Abstract: [Objective] Deep learning models are widely used
in transformer fault diagnosis due to their ability to learn
underlying data patterns and construct hierarchical feature
representations.  However, their massive number of
parameters, complex network topology, and high calculation
and storage costs limit their practical application in fault
diagnosis of power transformers. [ Methods] To address the
above issues, this study proposed a transformer fault diagnosis
method based on multi-level sparse MobileNetV2. First,
spindle-shaped and hourglass-shaped blocks were used to
compactly improve the inverted residual blocks of the
MobileNetV2 model, reducing parameter number and
computational complexity from the model structure itself to
achieve preliminary model sparsity. Second, a group-level
pruning method based on dependency graph model was
proposed. The coupled parameters in the model were
grouped, and a group-level pruning optimization strategy
based on L2 norm was designed to perform sparse training and
pruning fine-tuning.  This process removed redundant
structures and parameters in the model, further reducing
parameter number and computational complexity and
enhancing model sparsity. Finally, an 8-bit symmetric
uniform quantization and quantization-aware training method
was proposed. The 32-bit high-resolution floating-point
parameters in the model were quantized into 8-bit low-

resolution integer parameters. Building on this, model
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inference was performed to further reduce the computational
complexity and achieve multi-level model sparsity. [Results]
The results of numerical experiments and performance
evaluations showed that compared with the original
MobileNetV2 model, the improved multi-level sparse model
proposed in this study achieved a fault identification accuracy
of 95.2%, while reducing the parameter number,
computational complexity, and model size by approximately
73.5% , 96.9% , and 68.8% , respectively. Moreover, the
inference time for identifying 1 000 images was only 0.66
seconds. [Conclusion] The proposed method in this study
effectively combines three types of individual sparsity
methods: compact model improvement, model pruning, and
parameter quantization. It achieves multi-level sparsity of
deep learning models while maintaining high accuracy,
effectively addressing the issue of over-parameterization
caused by limited sample data in power transformer fault
diagnosis and eliminating its adverse effects.
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BRI N PSS RS B i A 5% 3B ok ik

(21)
Kl om, N HETE TR, Mo, 205 /N
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n, S HHT B R AT R
SRR RN B0 TR R 1000
5 PR A B A ) RIS NS 2 A T PR RE A, A5
RUREEE A FRBAh

T
A= P x 100% (22)
T +F

AT F, 53 5 IE# 5026 B 1R 4 AR A
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AT TFE 6 T Al 56 DL 56 UF 25 fR e AN VD T
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B 11 6 #EBIZRiLTE
Fig. 11 Training processes of 6 models

A/ TE 5 1A SCRT 2 2K % MobileNetV2 A58
3¢ MobileNetV2 #5  H 280 | 1155 2 M AR
NSRS 1.61 M\5.66 M 1 6.35 MB, [R] i #
JETR— T i, 1K 95.7%

F3 6 MIEBITE DGA HIERE ISR

Tab.3 Experimental results of 6 models on

DGA dataset

TR RIS RORR
A /% /N/MB SR SN
VGG19 96.9 148.00 38.93 418.08
ResNet50 96.6 145.00 38.10 1495.61
MobileNetV2 95.1 8.75 2.23 6.52
274 MobileNetV2 ~ 94.1 8.46 2.17 5.34
7P MobileNetV2 — 95.5 7.69 1.93 6.45
%% MobileNetV2 ~ 95.7 6.35 1.61 5.66

BT B 10 1Y 6 Fl 38 B A A B, o 00
MobileNetV2 15 4 1 % 25 MobileNetV2 £5 % iy
(] E AR AT vl AL, o gs R an &l 12 F 13
N, B EUR - HER KN R 369462,

P 12 AP 13 A1, MobileNetV2 A& % v ]

E 12 MobileNetV2 2 i 8] = HH1iE [
Fig. 12 Feature maps of intermediate layers
in MobileNetV2 model

13 %% MobileNetV2 1% i 8] R 454E &
Fig. 13 Feature maps of intermediate layers in
compact MobileNetV2 model
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B 14 FRER THBEINZSHRMATHITRE
Fig. 14 Variation process of sparse training and

pruning fine-tuning under different R values

512 MobileNetV2_P HEIEAIR R F YA %:
LRI 4 PR,
%4 % MobileNetV2_P R ERRE R THIRIME R
Tab.4 Experimental results of compact MobileNetV2_P

model under different R values

B3 HE HRTY
X — ol MB ZHE/M HER/M
0.0 95.7 6.35 1.61 5.66
0.1 95.2 5.18 1.30 4.59
0.2 94.7 4.14 1.03 3.70
0.3 95.0 3.23 0.80 2.92
0.4 93.7 2.43 0.59 222
0.5 9223 1.77 0.42 1.65
0.6 90.5 1.20 0.27 1.09
0.7 89.3 0.75 0.16 0.67
0.8 84.6 0.43 0.07 0.36
0.9 77.1 0.21 0.02 0.13

HH 2 4 A0 B R 3G K BB AR bR a2
TR, i Re [0, 0.4 0 BBIR/N S5
AR T R, BB RS AU B (14 52
BN, R=0.3 BFAREST R=0.2 B ACADRS B B2 i A
e Tt Re[0.5,0.9 ) I FE AU BT [l B
BRI S AT R R sz, Hoh R=0.9
AR TRORG B BAIK, R 77.1%

ZE L ,R=0.4 B} REL-IE B % MobileNetV2 _P
BRI AEARING B 5 05 2% B 22 (Rl A B 38 g - 4, A
JEIK 93.7% , BB R /N 2 8 & AOE R R
MobileNetV2 £ # 53 51| Jik /0> 24 72.2% | 73.5% I
66% .

S BAEAR SCHE M 2H 9% 5T A TR M X R =
0.4 I (Y JUART rp B 179 3k 38 4% B A% ( Filter Pruning
via Geometric Median, FPGM) 3kl JT )2 HidE W
& BE A9 BY &% ( Layer-Adaptive Magnitude-based
Pruning, LAMP ) & W&, M %% 58 & ( Network
Slimming , NS) TR DA B AR SC T B AT 3R W R A %
b, &R 5 BR

RS5 R=0.4 B[R BB RRERTEL

Tab.5 Comparison of different pruning strategies

at R=0.4
R R
I BRE K/ % K/ MB BRR/M HRR/M
FPGM 2! 92.1 2.38 0.58 2.21
LAMP ! 92.8 2.43 0.59 2.22
NSt 91.4 2.43 0.59 2.22
AR SCHME 93.7 2.43 0.59 2.22

% 5 AHT, AR SCHT 3R 41 0 B s 5 s 5 HoAth
SYRCRBEAR LL , TR/ IN S AR gl
FAR GO BORRS BE d R, 34 93.7%

SCHR[30] K35 4 (il ae 25 R 3R 01, X455 0
IR AL e Ja , Jl/ N TR A Z 8 H AR T T kG
JE 0 RN BRI g A4 s T R4 | i
TR B AR TR v 1 TC A 2 BRI 48 44, k2D T A 28 et i
A I, DT UL B e B 7R (19 5 2% 38 G e AR %
RV 5 2R SRR MR
3.4 SEMRHEEN T EREERETM

X MobileNetV2_P BT 8 3 55 Xt Fk
¥15) 5415 3 B 2 MobileNetV2_PQ A1 {5
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fifi . %1% MobileNetV2_PQ #EAEIZEA TR R T Ak
AR 6 FiN .,

HI 6 AT, Re [0, 0.4 0], R K %%
MobileNetV2 _ PQ #% I #§ & F % & 12,
Re[0.5,0.9]HF, Bl R BGRAIRIKE B B, fe
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MobileNetV2_PQ 155 7Y [ i FE A7 i $2 &, D A 2
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—EMS B (A R KA R AR5
SR
& 6 2% MobileNetV2_PQ HAZERE R THYIRIG LR
Tab. 6 Experimental results of compact MobileNetV2_PQ

model under different R values

QAT Jr¥ETERIBI T3 R AR [R] A 1 O T, B RDRS 2
=/
R7T ER=04HHARENLSEILE
Tab.7 Comparison of different quantization
methods at R=0.4

;;;f/ j;’?iw SRR ALk éﬁ;ﬁ/ jﬁm SHEEM R
0.0 96.1 3.71 1.61 0.33 pTQ 93.0 2.73 0.59 0.20
0.1 96.2 3.44 1.30 0.30 QAT 95.2 2.73 0.59 0.20
0.2 95.6 3.24 1.03 0.26 .. A s .
o owom 05 RUTRSREMRSEREGHL
0.4 95.2 2.73 0.59 0.20 L:J:—‘QE’EE%%{EE @ﬁ%ﬁ& Bﬁ#z&éﬁiﬁj% ’ E%ﬁ

£ SRR INFHAL I A% 5t = #%4 RF

s e ze e an e, M AR
0.6 93.0 2.57 0.27 0.13
e e ow  EEEFE BRSSO BB (VGGI9,
08 06.3 - 0.07 0.06 ResNet50 MobileNetV2) 5 s SC A 5 i3 47 55 45 Al
0o o sl 0.0 003 AL R, B R=0.4, ] DGA %ids 4 X H

R=0.4 5}, MobileNetV2_PQ %I QAT i F2 4N
15 Fizs, HIE 15 ATRUE AR S e, 2
TESS 400 4 JR IS BRI 2 TP AR

25 b fE R=0.4 i}, %% MobileNetV2_PQ &
FUAHAS T %48 MobileNetV2_P B K5 RE3R T T
1.5% , 318 /K MobileNetV2_P HEHIf) 9.0% ;
HHEL T MobileNetV2 F7 K5 EEHETF 0.1% A K
/N BB NI B 24 53 3 B % MobileNetV2 5
R 31.2% .26.5% H13.1% .

B 15 R=0.4 Bf QAT 378
Fig. 15 QAT process at R=0.4
TE R=0.4 I REASCRT I QAT Ik Ml R)a
1k ( Post-Training Quantization, PTQ) "™ J7 1% i
Frxfbe, &R 7 B,
M 7 Al AHEE T PTQ J7 i, AR SCHT 4

Vanil e R A = L L
VGG19_PQ'"7"  ResNet50 _ PQ'"") | MobileNetV2 _
PQU'S FIAS S T4 5% MobileNetV2_PQ. 3645

A 8 N,
x8 ANFESEGHE MESEIHEMEM
RESSHEXLE

Tab.8 Comparison of the proposed method with
traditional methods, machine learning methods,

and other deep learning methods

—r WA Bk 2% iR ﬁffﬁ
/%  /h/MB - iE/M i/M Bf[E]/s

= HefiY 24.0 / / / /

RF" 84.0 1.29 / / /

1D-CNN[!] 80.6  2.73 / / /
VGG19_PQHT] 97.4 1500 14.00 0.62  1.75
ResNet50_PQ! ') 940 1620 13.68 1.69  4.45
MobileNetV2_PQ!'®]  94.4 287 0.83 024 0.76
% MobileNetV2_PQ  95.2 273 059 020 0.66

3% 8 AI ML, AHER TR S Jr ik FbLas % > Oy
B A SC AT % MobileNetV2 _PQ #5578 K 1 45
5, ik 95.2% SRR/ BN, Ol 2.73 MB, M
BT AR JE 2 2 B RY A SC Pl R AR A (1) A5 AU K
FEAGR T VGG19_PQ #EAY {H S8 it 4 i
AR/, 439 0.59 M AiT0.20 M; HiR 5 1 000 7K
LR B FH A8 HE 3 ] Je 2D AR 0.66 s, PR AR SC
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