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Infrared insulator anomaly detection via the PySobel-FR framework
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2. School of Electrical & Information Engineering, Changsha University of Science & Technology, Changsha 410014, China;
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Abstract : In response to the reliance on manual inspection in infrared imagery of transmission line insulators and the
scarcity of sufficient anomalous data samples,an unsupervised anomaly detection framework ( PySobel-FR) integrating
the PySobel image enhancement algorithm and feature reconstruction mechanism is proposed. The PySobel algorithm
combines Gaussian filtering, downsampling ,upsampling ,and Sobel operations to enhance edge perception while suppress-
ing noise. The framework adopts a dual-path reconstruction structure,where the teacher model serves solely as a knowl-
edge transfer guide without directly participating in anomaly judgment. In the encoder,a deformable downsampling mod-
ule is introduced to better capture complex edge features of insulators. During the decoding process of the student model,
an efficient up-convolution module replaces traditional convolutional attention and upsampling layers , leveraging residual
connections to improve feature focus and detail recovery. Experiments on a self-constructed infrared insulator dataset
demonstrate the effectiveness of the proposed improvements,achieving an anomaly detection accuracy of 90.43 %.
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Fig. 1 PySobel-FR algorithm framework
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anomaly detection model

FEIEA G g8 Z 00, BRI EIS N x N A~
ANEEFHE N, G N T RAELE ),
H R RAEERAE AT AR T T R T . AT AR TR
FFU(DCNV2) ) K5 4% 55 4 FHURZ BF 4 T 00
BR300 o 38 i 7% S R AT 2 2 AU R AL AL R
PERGIFE . WKL 4 PR, AT A8 T 4 R J8% a2 1 5
Rt HIL , T ARG A $E R AT R P RRAE , X 5 48 %% 1
ASHEIN] 30 25 FRAE B R HLAA — 8o, AU

y(p,) = Y w(p,) x(p, +p, +Ap,) * Am,

(1)
A, w(n) Ay (n) A SRR ], p, 23
HER DAL, p, REPUWLHIREE SN . (LR 4k
FERE BT 30 SRR Al b, 30 TR A% Ap, (off-
set) , (EAHETY REAS MG Ay ATHE A5 B, 1 3 1
PEPETIRLL (7 B A T BT 3 TR AT 2
AAHE Am (mask ), 75 (i £ B B9 A B N
op L R
W 4 P, B SRR N 2 Byl AR T 4 R
AT TR, SRIBURF AL -4 /NIRRT, S5 2R AT ok
ZEr o WRIG AR 3 B FIAE K 1 ] 72
AR 3 x3 WHE R, I3 AT IE e fx
LR IEN AL 25 R 5 5% 25 AR, I 28 ReLU & B
i, LSRR ARG 3 o RS UIL S A A , 32
THERL X T 5 REASRFAE A8 1 1 5 R IARE T

2B R B

(IR R
e w i Memory M
“

K4 RSN RAERHCRIC I AR [ A bk
Fig. 4 Deformable downsampling module and

memory matrix module

3.2.2 ZHR EBAITICHE AR

i G BRI E A SRS T A . 5 EAE
BB, UG R IEAE 2T AR A 5 2 A R R I 2% 6 A
R AR S 5 e F AN i 5
I RE | T R R 2 o) H AR ), LA A B R R
T, AR FRAFREHAL B, SR TR P4 (55 30



302 O RS AN

%556 &

TR, A ROR LR LR HEATIRAL, B AR S
BRI DU B4 bR AE AL B A R
U 1T A S A TAE 2 2 1 F SRk, T m
i 3 x 3 F PR S R AE B ; BT S S
SEH RS, Bl AEIEIRVENLE], 4l 1 x 1 B8
S R L T S

A 4 B , A2 MR 2 3 ot B 5 iy A
Ef i Z 55042 BB M, SeBh 25042 30k R
P e T Z A4 ik Sk W, 354 RelU 0%
DI AR M Fe ik R 1. BEEIE—1ki W i
1SRRI, 55 B ARESAE 265 Z . Hoopioiz s
MEk RSER N x C g5k, 4EBE C 5 gn i B )
7 3, AEILHTE m, T — KW E R UE
B S Z R B2 BTt AR I 45 R R
Tl W, A EdE, e .

= wM = ZWI.mL. (2)

K N HESEL EE TEGRSBRUY A
N S

FhERWEIE TR IILE] TR Z 5 M B
SV m, AL, AT AR 3 3 B AR W, 0
(/N WO

w, = exp(d(z,n%))/’EliJexp(d(z,ny)) (3)

d(z,m;) =zm// ||z ||m, | (4)

i ReLU sREFCRAAL B IAE W, 38 =
HEACE R B, 2F— 20 (115 5 8 X IAS RE 4 AR 4F
W, ITEAK

A

w, = max(w; —A,0) *w,/(l w, =Al +¢)

(5)
Horpr,max(, ) @i ReLU pREL, & H— MR/ IESL
T, R (EE R E S [1/N,3/N] Z ),

TEVN it B v, IC A P A P g AL e B /D £
ICACHICS SRE B, AR 45 N A ST B AL i AL
J BA RV RRAE I AL, AT S AR IE A2 30K
HIFHIRE ST o BEA MK B, 1E H AR AS g % D i 2]
FEOUEARIL 101 BTG , S5 90 8 o o T A 5 T S A A
T 50 25 SR MELAVL FL A e g 3, 3
FCRAR2E B BT, S R RIS A RO
3.2.3 #AELHME I

B JR A5 2% R BT 3R — 2B AR, )

SRR — 8 1 TR, P A e i
JEE R A PR 5 E A PR AE AR R Z B B YRR Ak 22
S AR R R R . BRI, B A s
E AR e R O AE S5, 0 0] D HOMAE R G, 52
R G, F e D R A e AR L &
I

A= d((D(G(ECD))) —p)/d) (6)
Horp, @ () 9 Sigmoid pREL, w M1 8 705 A HLREAS
SH B S E AR EE o

152 & AN 5% pR BB A 0 AL 8 REASE R 45
e BREGEAE FHI A BN 1 FT7 . SIRR R A
KA

Loss,., = A,Loss, + ALoss, + Ay, Loss,, +
A gen L0580 + A gy LOSS g, (7)
4 KEEHHF

PRS0 R IR T A S T B B
1 BB AT 25 53 50 55 K B G AL B 07 75 4 T
EbAs, 5 | AWEAE{5 W b (PSNR ) | 25 44 AH AL P 48 X
(SSIM) GhZ {4 E (EPL) FALBRAE RS (PT) S 4545
CEA VAR R R AL FEE T RN HEAR AL AR 1Y
FHIE

FETC WA S R D T, 245 45 MR A iy 2B
ARG, 8 FRAD!  SimSID' ! &5 I Ji7
BRI T L. ARG SR A AUC-ROC il 24
b/ S S R (=0 AN R P A 3 & i WY 4 == UL LU 7
HEPEREE AL
4.1 SRR E

TERALI R # b, 2R ] Adam {4k 88 4T 2
IR, i R/ (Bateh Size) 3525E 4 16, A H 5 i
FEOE R 1 x 107, X T2 A B0 5 0] il 2R A e
HAE2E S R E N 1 x 107 76 A @ 5dnsE -,
YIZRIEAR 300 %8, FFAES 50 5T 150 58537 K=
A RBEAREFEN 1/5, R 7 SR AR,
BSR4 S B AT HE , A SE T T FRAD A
SQUID ™ vy 8 2 H i -, JHL v 4% 30 454 2 R 14 AL
FREB DI EN: A, = 0.01,A, = 10,A,, =
0.001,A,, = 0.005,A,, =0.005,
4.2 B ¥R

B 24 2121 KRB R 4 - JEoR 4 880 sk A
A HTIME R LLAMER A, o IR B Ay 675
5K, A R T DR S AR Oy 205 5K AR



Wt 5 40 4h No.2 2026 25 84 LT PySobel-FR [Y4T 4N 2 T 5 ol 303

T ISR N GRAE h AAL f 470 SKIEH FEAR,
T AR U] Hy 205 5K IEF FEAS 5 205 3 58 R AR 3
LS. FTA B4l RGB k&=, UG 4 Hr % hy
512 x512 {42,
4.3 BT

Ry U UE T 4 G G5 AR A 2% 7RG T B B
HIPERE , A< SO 5 I s R JIG i B A Y 3 i 3 7R 1>
FHHT T RGER SR, W S Frs, SE86
Iy PR 512 x 512 4G T INEMG IR BB R
MG 1, PySobel | = i 1k % . CLAHE-DP & 5 17 4
VAR MR R GO W R SR T O i I A

En e N EE R ET &R Scene
Eetnte By Rt

PSNR {i 245 14 28 , i 15 K¢ Mt 4L P, PySobel | CLA-
HE F1 CLAHE-DP 7E 25 f {548 [ WAL 5, SSIM 1
It 90 % ,AG RGBT HRE B IRl B AT . Py-
Sobel 7£ 1 %% VT JiC 1 5% I LA 92 % %%i 4, Canny
(89 % ) 1 LoG (85 % ) B H 5 , LW HAEN L 42
BOREFE G R34, 3 B G Se 4 2 1 IR SRR AR B,
5 FRAD {Uffi F§ Gamma FlI fr{H 22 43 A [A] , PySobel
R FH e W 4 7 SR Sobel 51450 1 2%, W i
WG T R T A RO R P T IR, AR A A
[F] 25T, KRG B2 He 88. 56 % £ 7+ % 89. 61 % , 5
TE T BRI 38 1A 550

Canny A5 4 Scharr Sobel  Eif4& 7 PySobel

K5 EGAL PR RBOR AT LA

Fig.5 Comparison chart of image processing algorithm performance

k1 HARAEHEEEZ AL
Tab. 1 Comprehensive comparison of image

processing algorithms
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Tab. 2 The role of image preprocessing algorithms in unsupervised anomaly detection models,

evaluation metric, AUCROC( % )
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Tab. 3 Tmpact of optimization strategies on model
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