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Insulator defect detection based on improved YOLOv11n

LEI Dewei', LIN Guojun"*, MA Run'**, CHEN Mingju'*

(1. School of Automation and Information Engineering, Sichuan University of Science and Engineering,
Yibin 644000, China;
2. Intelligent Perception and Control Key Laboratory of Sichuan Province, Yibin 644000, China)

Abstract: To address the problem of insufficient detection accuracy in power system inspection due to the
small size, weak characteristics, and susceptibility to complex background interference of insulator defects,
an improved YOLOv11n object detection model is proposed. The model integrates three key optimization
strategies into its backbone and neck networks to comprehensively enhance defect detection performance.
The C3kZ2 DFF module is introduced, which achieves efficient dynamic feature fusion through an adaptive
channel attention mechanism and cross-scale feature dynamic weighted fusion strategy. The C3k2 LS
module is designed to augment global context information perception via a large-kernel attention pathway.

The ConverseUp upsampling operator is developed and incorporated to replace conventional upsampling
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methods; based on a learnable deconvolution mechanism, it actively reconstructs high-resolution detail
information during feature map scaling transformations, thereby mitigating information loss. Experimental
results on a real-world insulator defect dataset demonstrate that the improved model significantly
outperforms the original YOLOv11n baseline in critical defect categories, with the broken class Average
Precision(AP) improving by 3.2%, the flashover contamination class AP by 1.1%, the overall mean
Average Precision(mAP) by 1.5%, and Precision by 5.7% , while Recall remains stable. The model
also maintains high detection accuracy for “insulator” targets, validating that the proposed improvements
enhance defect recognition capability without compromising fundamental detection performance. This
enhancement strategy effectively strengthens the model’s ability to identify insulator defects, providing
more reliable technical support for automated power line inspection.
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(d) Dark brown scorched marks (e) Extensive dirt coverage  (f) Blurry samples of suspected defects
I SR A PN
Fig. 5 Example of insulator defect images
PRI A s He A N IR 2N 0 T IX RS __Tp
Recall = TPrFN (8)

H bR, AH bR 7 IR 42 5 38 43 BE B Bk 4 i) AR A
A HEIN T HERE
4.2 XERBESXLRSH

A S2Hf 89 CPU 24 Intel i5 134001, & F
R 24G A7 /9 4090D, #: 4E & 48 Windowsl1,
CUDA MRAN 12. 8. YIZRIRECH 200 1%, it 1t K/
g 64,44k #% %E F Adam , 9] B 2% 2] 8 0. 01, [
A RSE A 640 X640,
4.3 EfEIER

AR S5 A8 RS B 0% 3 R S B0KS JE 4 ME
FARIS R G AR HEAT VAN . R 2IRIA R 2
TR TR I B 28 1) o A b

x2 REBEER
Tab.2 Confusion matrix
Predicted 0 Predicted 1
Actual 0 TN FP
Actual 1 FN TP

e ff 23 R AR S A TE A A A T SEBR

R IEREAR ) A, T LR R A
PrecisionzL , (7)
TP + FP

A : TP(True Positive) 7 1F 8 $ i 1E A A<
¥r&, FP(False Positive) 38 7R £ 15 T K 1E #E A<
B A B

A [l AR A Y S I A LS TE AR AR TR gk
DA Y b ]

A, FN(False Negative) % 7K 5 15 7l U fy 71 #¢
ARBIERE AR

S BRS BE CAP) T 1Al B A 288 51 00 A I
fiE , M X585 BE 29 (E (mAP) W J2& fF 45 28 31 () AP
IOV, i e AR S AR i R I g g, =X (9) T

1
mAP =" AP (9)

4.4 HELZLIE

J T i T AR SGHEREHT YOLOvIIn
HL TR (1 5% 0, 7 48 2% - e B 50 B 1 R A s
B ZE RN 3PR . Hodh /" RoR Rk
RUXTRAANKZ TR B LALE N
J 4 YOLOvIIn #5885 5 2 40 52 46 ] C3K2_DFF
P 4 S 0 1 C3K2 Bk 28 341 7E £ T M 4% h
[B])Z25] A C3K2 LSHIH ;55 4 4 % ] ConverseUp
LR T 5 5.6 . 74N 3R UG P PT AL
55 8 2L [m] R 3 b i ik

S A LR B, Bl 5] A C3K2_DFF £k
B, A5 A6 A A8 L TN TS 2 B AR 9 AP K mAP ¥
/IR T R AEORE 0 R A BT 32 T, B0 W2 R B e
$38 8 A A 0 ) TR o /0N R G T 5 A s
B 5 s Bt S| A C3K2 LS A He i), 45 8 %of 4 2
TR B AR AP B A 2 TE (H B N5 26 AP /iR
R mAP R, 2 IZAHXT T S 5 R
B HA — M X s B bR A T B 5
e A B 5 fif Bk R FH ConverseUp bR FESEF B,
AL B 48 L N TS 25 B AR B AP 2 i #2 T 0. 3%



555 A, A BT EE YOLOVT In 09 48 2 1 G b K6 ) 695
£3 ETHHEYOLOVIInM A FHMERNERMEBER
Tab.3 Experimental results of insulator defect detection ablation based on improved YOLOv11n
215 st APC% mAP/%  Precision/% Recall/%
C3K2 DFF C3K2 LS ConverseUp it DSRES “n 2%+
1 X X X 0. 605 0.634 0.863 0.700 0.802 0.653
2 N X X 0.586 0.628 0.865 0.693 0.832 0.644
3 X N/ X 0.597 0. 629 0. 866 0.697 0.814 0.651
4 X X N 0. 608 0.642 0. 860 0. 704 0.820 0. 660
5 NG NG X 0.608 0.624 0. 865 0.699 0.816 0.647
6 NG X NG 0.595 0.619 0. 869 0.694 0.815 0.654
7 X NG NG 0.634 0.627 0.863 0.708 0.844 0.646
8 N N N 0. 637 0. 645 0.863 0.715 0. 859 0. 656

T MO Fos e LA

F10.8% ,mAP#ETF0. 4% , H FIRIET 1. 8%, i3
B IZ A5 B T A A8 5N H AR RRAE 9 1R RE I
AE T, B2 THBRBE B AR A A AR

TEP A & 525 ,C3K2 DFF 5 C3K2 LS
BP0 G T, A7 X R 40 25 H bR 9 AP R B &R
U6 B A KT, mAP 558 e fdt T i wg A [l T
TR B A R AR B R O A AT R B AN
C3K2 _DFF 5 ConverseUp 4 & Ji , 15 8 X (A V5
KHRM AP T K, mAP WA T 5 44 #51 #
T HAEFAE R LS R IR AF 7R 4 vh
%% ;7 C3K2_LS 5 ConverseUp 2 & 5 , B #1 %}
W2 AR AP $2 T+ 2.9% , mAP 427+ 0. 8%,
Rt e T 4. 2%, B —F R R ik 5
SRR IR JE T 1 T A s A AR T TR AR

(a) YOLOVI Inf#i Y
(a) YOLOvI11n model

XoF T 453 B 4 A A 0 B

M a #F R ] C3K2 DFF, C3K2 LS 5
ConverseUp = F Bt i B P BT, B B % & F5 A5 L3
U 3R B0 2 AP T 3. 2% (N5 28 AP
BI11% , mAPTF 1. 5% AEH R TF5. 7%,
AR AR AR RRUE | 3 B 3B 7E R AE Y
i RS LORFEM IR T kb n] , 4 e
T TR 48 -t b 1 A U A i 5 32 AR RE ) o

Sy T HE LW b % I 4 Y OLOv 1 In Fl g i
PR AE A SCROHE B 1 A B0, 8 B — 2 4 % 1 i
B Tl A 79 A S T A B AR L T A G 0, 45 S
Bl 6 BT7R o AT LA B, J5 G A5E 70 A7 AF — S Y A6 I
R K Y R] B, B HE S R AR R A A T T A
HEH .

(b) Mt YOLOV 1 1nf& )
(b) Improved YOLOv1 1n model

P 6 TR AR T A T 4 SR L

Fig.6 Comparison of detection results of the two algorithms

4.5 RESH
SRR BT AR A 2 I R ARG 35 22 e

AR SCHE T IR 9 VA — A TR R e (8T 7) 4T
LT o TR R R A AT AR SR TN 28 5, 514
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T E I, X LT R RN EW 2L ], AR
XF 1 R0 R P W45 R 22 43 A o

XoF L ek HE TS I — A TR R B T L ek
HE AR AE LR 15 1 IR (Broken) St [ 1E 80 K R
(6290) A2 1y [a] I, K 35 5% 158 41 Ry 45 0K 19 B 3]
M 30%6 fb 3 % & 235, Bt B ConverseUp #5 He X
Tl A0 300 2 A 5 1 R A R A IR T A AR R
T4 5 IN 4575 Y& (Flashover-pollution ) 1 1E i % i
60% T2 612, H B 3275 Je pl 2 H) o 5 i

FE B MK 40 % [ 28 39 % , B2k Y C3K2 LS A& He 11

Confusion matrix normalized

4 Jay - J F R AR Rl 1 T X Rk 59 ¥ U R AR 19 B
JEEE A L 7 AR T AT R A AN AT R R Y
U AT OR s 48 %% F (Insulator) 1E # 2% 51 /) 1E 8 %
M 84YG P& TF 3 8506 , B MR T SR KL R th 31. 0%
% 2 30.0% , 8 T “See Large, Focus Small”
R s 5 300 ) Hi A AL 0 R RO A RO . AR
T ok AR R A R AR R A AN AR T R B A [
R R RAG T T A 0O A, G TE R AR B Y
2 ) RN DR 4 S g 1 R AE AR O T el i
W .

Confusion matrix normalized

0.8 0.8
Broken
Broken 6 .
0.6 0.6
2 Flashover-pollution - o E Flashover-pollution - 05
kst 2
3 04 3 04
- -5
A Insulator - 0.25 03 Insulator - 03
0.2 -0.2
Background - 0.15 0.1 Background 0.1
: ‘ -0.0 . d -0.0
5 £ & T g & &
T B 3 g e 2 5
@ 3 2 & [+ 3 z ®
= S 4 =5 = X
0 3 0 ]
g /M % Jas
2 =
= =
(a) YOLOV1 Infbi7! (b) BRI YOLOV Inféi R
(a) YOLOVI11n model (b) Improved YOLOv11n model
K7 RBFEFEX L
Fig.7 Confusion matrix comparison
4.6 FtibxLiw YOLOv6, YOLOv8, YOLOv9t, YOLOvVIO,

TR 4 DM VT AL AR PR RE R SO RS
YOLOvV5,YOLOvS %5 H At A% A JE 47 %F e o X L
IR F AT R . FHEIR T YOLOVS,

YOLOv11n B A 3¢ 7 (Ours ) 75 48 2% F ik
B8 G AT 55 L 1) P R X L
TE B (10 FE R YOL OV 1n X 4 4% 1 Bl [

F4 JHEIHEHER
Tab.4 Results of the comparative experiment
A Precision/ % Recall/ % AP/ mAP/%
Zi! N5 % 2% ¥

YOLOvV5 0.784 0.629 0.590 0.564 0. 860 0.671
YOLOvV6 0.801 0. 596 0.548 0.538 0.859 0.648
YOLOvS 0.818 0.635 0.598 0.598 0. 859 0.685
YOLOvIt 0.828 0.639 0.635 0.625 0. 865 0.708
YOLOv10 0. 800 0.632 0. 597 0.592 0. 857 0.682
YOLOvIln 0.802 0.653 0. 605 0.634 0.863 0.700
Ours 0. 859 0. 656 0. 637 0. 645 0.863 0.715

AR KL & o LN ]
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0 1 - B B v T M YOLO B AL . A SC 4
05 8 (Ours) 76 BT A AN 48 b5 - B HUS T 5 R
S5 RSB R K ) 0.859 . 11 # K 0. 656 . mAP
J9 0. 715, A FE R AE 59 YOLOVIt ££ mAP | 32 7+
TOTA A M FERRAE NS B a1,
ARSI AP K 0. 645, B F T YOLOvVOt 1y
0.625 F1 YOLOVS 4 0. 598, 1% J5 ¥k X 4 % 1 %
AT 440 B0 Bk I LA B 5 1 TR BB ), A FE
PN 77 S50 L TR RE PR R
4.7 BEEEWIE

Ry i — 25 Bk 4 A i YOLOv1In £
U YE 4 2% 1 B B o I B0 4 T B AT &5 R ik
¥ 7 CPMID U 4 #1 IDID % 48 48 i 47 510 31F
SRR 5 s o BdE 4 Complex Power-

grid Multi-scenario Insulator Dataset (CPMID)
i Wang %594 8@ JF JF I8 & A5 T GitHub ¥ &,
Sef 5 7 712 5K @ PR bR R 58 72 596 4
ORI P E k- SR IN i E Y ERINNE S TSRS
g, JF RGP 20 T B &
P48 RE AL S 21 5T 90 Mo B ARS8 SE B ks
Mk A% . IDID (Insulator Defect Image Dataset)
J& Kaggle - &5 2~ IF H 7 46 2 - G B K 00 55 % 119
FIGEE 46 24 5 1 600 7k Jo A MLAL 4 =5 43 B
FRIEMG W o 1E R A S T AR B S TN 2
SFE IR T RAE S B AR . %
B B FAT N i B DX EE /N R
S Z2ME SRR R BT IZ L T B e
- R A A I BRI 5K P B T A

RS AREHBERMLERTLE

Tab.5 Comparison of detection results from different datasets

Datasets Models Precision/ % Recall/ % mAP/%
Ours YOLOvI11n(Original) 0. 802 0.653 0. 700
o YOLOv11n(Improved) 0.859 0.656 0.715
YOLOv11n(Original) 0.773 0. 664 0.718

CPMID

YOLOvI1In(Improved) 0. 826 0. 669 0.734
IDID YOLOv11n(Original) 0. 898 0. 889 0.950
YOLOvIIn(Improved) 0.929 0.934 0.970

H1 2 580 RT N , 76 5 A ST 8 FH B8 4R 4y
fiEAHBL A CPMID 35 45 1, SO 1870 4 57 35 8
JESCELT 1. 6% BY/NIREE T o A TR A A RS 2 5t
Fb 4 1 19 IDID 048 5 b g fir 4 7, ol 0k 458 A
4 43 [m] 2 5 5 K6 B 18 81 T KRR T b 8
BIREET T 4. 5% PRSI T 2. 0% T,
& UH AR SC SR W X T R S [) B0 4R Y A 2%
TR A A R AF iz ARRE T .

XA 42 BT AT REB L TN TS AF IS
B [ 5 T KRR AE B BT S0 B A ) R, AR SCHR
BT — B Tk i YOLOv1In 1Y %48 2 F B A
R 5k o Bk k38 ad 5] A C3K2_DFF )

Z F X #:

BFRAE A B, ARG TR E AL G R
9 OC B A5 B BEIn B fE T & ik A
C3K2_LS KEERE B, ¥ 8 T 4 Rk B
I TR T G 5T R R X 488 s 2R Conver-
seUp Al 2% 2] B R T B el fi b oRFE,
PRI T TR R R BIG %5 SO .
T4 2% F BB BCHE A L S u 25 SRR ok
KR mAP 3 FF 1.5%, % 45 26 AP 48 J+
3.2% , IN V5 28 AP 2 7+ 1. 1%, K 1 % $2 Tt
5.7% A F IR YOLOv11n B A 54 A4 46
PERE , Xl YOLO F 91 A5 ARG B2 1) 0 45 900 %6 ¢
TE 3 Fh AN ) 1Y 48 2% - i B B 98 48 b i ) it 25
B FR W, B YOLOv]In #5 BUK B 6 T R #R
YOLOvIIn# &Y, iZ A A e 05 75 £k B L K 25 5%
525 50T RS 1 TR 48 2% F I 55 B
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