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Abstract

To address the challenge of balancing training stability, efficiency and accuracy in catenary insulator
defect detection, this research proposes an improved training strategy based on YOLOv10. Through
structural simplification and two-stage frozen fine-tuning optimization of the YOLOv10n model, we
systematically investigated the impact of different training strategies on detection performance. Ex-
perimental results show that the two-stage frozen fine-tuning strategy effectively improves model de-
tection accuracy, achieving mAP50 of 0.717 on a self-built insulator defect dataset, which is 2.14 per-
centage points higher than the baseline model. Meanwhile, excessive simplification of the model struc-
ture leads to significant performance degradation, with mAP50 dropping by 20.09 percentage points
compared to the baseline. Thus, the research provides an effective training strategy for YOLOv10-
based insulator defect detection, achieving performance improvement without changing the origi-
nal model code, providing an effective solution for such application, while highly expected to offer
some fine-tuning strategy references for similar industrial defect detection based on YOLOv10 and
other YOLO versions.

Keywords

Object Detection, YOLOv10, Insulator Defect, Frozen Training, Model Simplification, Computer
Vision

Copyright © 2026 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).

http://creativecommons.org/licenses/by/4.0/

1. 5|18

PP R R i o 246 2% - DR PR R R it F R G 2 e AT (R G &, LR M R R E B % 2
KEZ ) AER M AL AN F BARKEE N TR, ARG, faRtEm . SRS m (2] [3]. T4k,
FETURFE 22 2T H BRI S5 AR H 7750 A R e s i AU R Bt ORI 7 (1] 4]

YOLO % #1501k PR FL AL 57 1 SN 1k BB AE T AS U A4 15 30 T2 R [5]. Wang 55 A [6] 42 Hi
YOLOvI10 # 7L i# i J5 NMS (Non-Maximum Suppression, JEMKAEFMHE) B 1H — B0 ITRC SRS SR i
B RRTE 7RIS S . SR, EERRE H E ARk A N TR E T s A s kR — 7T,
BRI GEE L G & DRV EAAERME7]: 5 —J7m, Tskfadsds A/ NER. BRER.
ARASIHTERF R [4] [8] [9], T BEE X ME R U ZR SRR AR AL -

ERXE Bk @, AL YOLOvIOn AZERIEEAY, DL=FiAE R ZR R AT, RS mt
FOER A MEREARA: (1) A E 77 B AERN NGRS EAE AL (2) BB YOLOVIO Fpikfit,
T EE PR A 5 (3) SR PR BOZR 25 T SRS AL AL VI S 72 - dl I 7E B iR 2 21 SRR B 48 b % Bl s,
IOAE T AN A RIS A R0hE, A T BEE AT 554240t 1 s ikde S .

2. % YOLOv10 R
2.1. HXMRERM

H FRAS I 52325 T 43 P I B ARG U 28 (40 Faster R-CNN 2 471[10]) 5 B Bl 2% (4n YOLO £41[11].SSD
[12]5F) [13]. HH YOLO HRFEEFL R EE - K B PR Tol 2 R [11][13]. YOLOVIO /&
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TEHERE A B 1) St s B v H AR IR, VM RIVBCHA, ESAE SR H R RN E— Dk T
PERE S 6]. HAZ OAIHTETRATE NMS U257, it It NMS &5 — S EVTRC SRR g o 1 fi A
TR E S T ) L, A — SO 3 T SR AR T JEAR BT I (NMS) s, A6 35 PR R, a4k
TR R TR PRI AE R PE, SO 7 FERS BERE BEdE— e A [F B, BB 78 R 6]

BT E AL B 48 21 SRR ar il A% Gt G A BR 3 AR IR FE 25 ) F R IR B 2621 FIH
W92 KA SVM. AdaBoost ML #3255 ) BIE LS & F TRAESCIUR I BEE RS I KR, 5T CNN K
KL TR, XL KT Faster R-CNN. YOLO %538 FIAGIIAEZE, B 46 2 1 R B R v gk 47
& EE 13 [14] .

TR AY, S0 32 B 75 S5 M AL 5 U 2R SRS ARAL P 2K [15]: S5 DA B AR BT R L A 55 T Bk 2>
S8 E . AR SE A DR A I GRS O e i ot 2 ST 2R B . BCE GG . TS5y
ERFE B RE[16]. Horh, VREGVIGENE BT % o) g, @ BhE)RESE. TONATZS4L,
AT SR 1k H A S I W S AR H FR[16].

2.2. YOLOV10 =B GRS 454

YOLOV10 7£ H ARl AE 55 s B BB AU [6]: H—, ALY, HEWS £E I [A) SRRk 7Y b 55t v BR s
82, FFE VR N SO0t TR U I EER, RS 78 70 2 Tl B A st I A oKk s HL =, A I A
MoS, I W22k SRR BTG, RHERR L PT LAS 2] AR T, 72 [ RBERL P R H .

SR, YOLOVI10 7/ ARSI 5 R A% 75 SHd M7 A7 A2 W R AR 17] [18]: 56, /N HFsfEE GRS
B HAR, BRAXELGI TS AR EE S, S HBUREIIR, ik, ERERT, THHNREZ 235
RRRLREE S A R A H AR, B35 3R T RGN RSB RAEAHIE 72 56 IREAT A TSI XS EEHh TR AT R I

FIR A EAE R LI T YOLOVIO HZALRE) S &MYk, Reml i ks B 2R iR 2 1 Sk g
P SETt 2 E]. PRI, BEXE ER A EIT RS, RAWTTUIRTE YOLOVIO MR AR L RE 1 5< 8 U5 17«

23, WiFES U

f2ra: YOLOV10-nanoE /515

=LEYIHRTERRIRIT
SCIO—: BARIST ‘ St R A LI =: VRS
BAHRE TOBRPSASEIFAIEIR FIRER I
y10_baseline y10_clean yolov10_freeze_exp
— s e BitR: HEbR RS Bir: “REEABESR
‘ Blitm: HASZMEREEAE ‘ WS fraves
K\\\\\\\\\\\\‘ FHTHGAE *’/////////////)
IOIFIR

Figure 1. Flowchart of the “three-step” parallel model improving experiments
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YOLOV10 1] backbone (‘BT M)l & 2 M EHE . C2f BiR(AIEEEHE C2fCIB A2{4)Ff1 PSA
(Partial Self-Attention, #B7r HF = JNBREE[6]. BT B AR Z T R K /MR A (n, s, m, 1, x)1T 5, AHF
FE AT S5 A A & A S i B AR s SRS IR {8 FH 1) YOLOV10n (nano/i 4% &) 157 Ay Jik
filh, BEUE “BRERXS T - G - VREEOR” I RSO R, @ ] | BRI “HRZRNT 55 vs A5

Vi HERRIA SRR &Y B S ORGSR T SN B ARSI IR IR I AL R, BAR T A

2.3.1. BE&ER

JR AR FE LR S0 (y10 baseline): 0 E J5 YOLOv10n S5 1F IRk iRy, (i BRIANIZ S5, B SGD
(Stochastic Gradient Descent, BANUESE T #)E4L %5 Cosine Annealing (42 5% % k)% >J F i & . AMP (Auto
Mixed Precision, HZNEAHEE) ISR, SKRBMAFBE, 5EBINZRE 200 4> epoch (L 191~200 F&KH
I, AMP 18 BAFRALEEEAF)

AR TR R LU E, B AEVPA AR Y SR AR R RE, ARG TR AR 4 S 1 SRR R B 3 5 T I ik
FIL, FTEME YOLOvIOn “BISENA” HyEsethfe BIR.

2.3.2. GHEHIER

SER) “W Ak 5286 (y10 clean): iR YOLOvV1On Z5#4(H & XL “yolovlOn_clean.yaml” Bt & 3
f, BlE—N %N “yolovlOn_clean” A fLEEAY), FFB% PSA. C2fCIB (B Z4FEfIA). SCDown %
YOLOVI0 HIRFRRAE (R 45 4) [6], UA£EE Conv. C2f. SPPF Z5J3LAb#e) i B M bn i RF 1L 4 7 £ W 2%
(FPN/PAN) [6] [11]. IXUEEHAE IR AR AR o £ Sl o bR SCBRKIRE J1(PSA)-S 5 R FFE Rl & (C2£CIB),
T AR AT/ N B ARFIE 257 S B FEEHI[6] [11]. FERixsefbibh BAR MK 7R 4L, (] R
i S5 ABE 2R o A KL FEARFIE AR SR AE R ) B BOHAE TSR B A AT 55 (O PR e T B

SR TS, AHEF BN K IL, R REPUR PR B IR Y R B, Rkt < B s
5, BEMRES R ERRrsEm, 22X DU AR e A M S B R, M@ R EfR e e
KU GRS SR R 458, FRIS LA 2 T R FA RS IIAT 2% & 5 552 25 T YOLOV10 MHREH 4544

2.3.3. FENBER

P B B2 45 30 9236 (yolov 10_freeze exp)?& T+ Ultralytics ) YOLOv10n AV E s, BIFEAHELT
H € AL AMEMUE JT Nano WOARKERLEE1), SR FH BT B 2R SR 05 -

e Stage-1 (rB—): %45 backbone R 10 JZ(ZTSLI LM E), B 1. 2 21 Conv FEREFFIESE
Huds, #i 3 A C2fCIB (3 5+ 8 R)ERFHLSRBUEEL, 1 3 4> SCDown (4. 7. 10 J2) FRFHZ, #7241
PSA (6. 9 E)REFERE B, HETRE WNZRMEHRE, 585 m ERE 55, Bk
JARFER R IR AL, I MRS, it A A AE S, B R “gh k27 rdils,
RIS 40d B T 3 3 800 i B E IR

o Stage-2 (JEZ): MAGFTH S, @it IAGN B ST, KIE] checkpoint J& H 3l resume
(BN YIFE, BIUIZR 2B s, [mI @ E ISR, B i m s b W S O K IT 4R 1E iR 2% .

Ak, TEARA SIS FEF, Auto Optimizer (LAL#5)EH AdamW B AAILLEALAL ) SGD, %MLALZE XY
/N BRI 5 AN S TR s B R I B . AT R B EAUEIHRI A B E XML ZIHTIR R,
TGRSR AL, AR/ S AR e ISR ROR . BE AL B IR VH A5 5 S i mAPS0 Fbx .

3. SLIGIES%4R o
3.1. SLREESHIREER
BIRLE: B BN A% TG IR, AR I8 B UL 2 8 B/ vl vl ot F 3
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WA BUSAINL BRETFHLE) B AT R M Bl b 24 2 7 B8, bR JFIREE4E CPLID [19] K& FLIE M A T8k
PRFEARN | FL )AL T R FAAR DCEE AR [20]-[22]. HHE AR a5 A FDGIE L A AR SR N IIREAR,
WROREIE R AL R0 24, JE7 6842 sk 1 MG shBAZRHIEL & 444 1/ 15 ¥ (normal) #5451 (broken). A
& (pollution, JERTRA G 1) =FRAS, 51 HIAR W U 1R A BRI 2 25— 5. BTG B3 %4 TPG
#J5, {4 Labellmg T HAEHIFREA R YOLO (TXTRE 2RIFRESCEE, 1% 8:1:1 ELBIBENLRI 2 Ml
(5473 K) FRUFEE(684 TK)FIMAREE (685 TK), M & L2 S Ut AU IE Ak 4 Th B S % .

BB PR THEALE A FEE DL R ST, SRR T ARG — . RGBT HER). B
MUY« AT B S SR TIAL BB 1 5 BB R Mosaic PH% BENLIERE (15°) 722 /5T HLBE T 22 (£30%)
TSI BT R A A S SR TR, DA R AR AR, R A T R IS N, SRR Y2 fh R
BN 1 5 SR W AE B T J0 AHLISs: U SRS B AR A 72 [2] [3] [23]H 812 K H -

SLIOIAIE: 4 R 8t Microsoft Windows 10 ProWorkstation (64-bit, Version 22H2, Build 19045.6216),
TR 2 SJHESR PyTorch 2.0.1, E§h5r7E T A Labellmg 1.8.6, JF &K ¥ 1405 Python 3.10. TensorFlow 2.16+
OpenCV 4.9.0. NumPy 1.26.4. Ultralytics 8.3.179. Matplotlib 3.10.5 &% FHA# %, fE1ERC B v NVIDIA
GeForce RTX 3080 GPU, Fi% CUDA 12.6 & cuDNN 8.9, Jlifg sS4 — i BN R TN 640 x 640, FH
A [ 5030 184 54 SR s DUORAE XS B 2P 1

3.2. rigdR

S H N AMUBEFL[1] [5] [4] [14] [18] [23]) YOLO ‘B J5[6]HIH R HE R, EH mAP@O.5.
mAP@0.5:0.95. 5% (Precision). A% (Recall) % F1-Score 73 3U/F N EE - fabr, HiabrE LR
6] [23]:
® mAP@0.5 (mAP50): 2 IoU (Intersection over Union, 323 LU/5 S E)BIME N 0.5 B BI85 41E ,

& H AR AT 55 B A% Ok BE VR FE A
® mAP@0.5:0.95 (mAP50-95): IoU BIEM 0.5 £ 0.95 (P4 0.05))°F 12 mAP {& (Mean Average Precision,

BB FIRE L, RISFIARG IR P304, 5 A i S S 7R A AN [) 8 3 SR T PR RS B2 3 B0
® Precision (P): ¥ %/ B R, TN IR AR AS o J0 IR TR B, S s RS ) &5 SR AR vEAff 178
Recall (R): 7 [815/85 423, B IE N IR RS e 35000 A TEAG PR EAG, B eoxss TE A5 RE AR 1) 78 T RE D
® F1-Score: F1 774, Rl Precision fl Recall fJR A%, M TG M m R rs v 5@ &,

ﬁ&iﬁ?’ﬂFlszPXR .
P+R

3.3. LGRS

A THVEAL AR I 2RSS TR RE R B, A SO =Fh 7 RRAFELL . SRR AR S R0R) T T 245
XTELSRES . BT A SIS R A E S EOE E . SN DR 640 x 640, LK/ S, YIZRFEIR 200, fifiH
SGD AL A% (A L5 R BR AN EC & cosine 24 > R FE TR, 58 H AMP B &R 2k LA A AT -

3.3.1. NETBFET

20 3 B =R (KRS B 28 (Precision) 1 28 5 7 0] % (Recall) i 2k, . (a) ARG NGRS
B (yolov10_freeze exp)ISEIRLE SR, (b) 4LUAMEEIELRIM(y10_baseline) ISLER L5 H; (o) 4LM4E
R TR (y10_clean) 5236 45 5 .

I TN G R A A B Sl 2, T DA BIAS [F] SR R ISR AR IE . 456 I ZRdi ok ith 22
I3 BT SRS SRR R
o FAFLRERI(y10_baseline): VIl 25 26 2 M AU SIUREE, 50 RV G T-Ha0E , F R EUE MWIUG 3.15
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B2 1.78, WFEEE mAP@O.5 BB T 2 Al 0.695;

o ZEHIFEIALIERL(y10_clean): WTSIH FE R RMAAAAE B BAE RN, LIS UF AR AR LU BE A2 THIR B2 A IR,
& mAP@O.5 4EFFAE 0.555 /K7, WEKT IR, RUIMIL M HI5S T HAHEREGE

® R (yolov10_freeze_exp): KM Bl Rons, YISkt 42 2 900 B BORFAE, 38— P B
REE T MERT 10 ESE0NZ, 1E 100 FIR G R 2 S Ak s 2, i o B I Ge 15 2053t — 25
P, BRIRAIEEE mAP@O.5 183 0.717, B EM T I,

(a) (b) ©
Figure 2. Comparison of precision-confidence curve for 3 models
2. =B RIBIERAER (precision)- & {5 & (confidence) B4k
Recal |-Confidence Curve Recal |-Conf idence Curve 10— Recall-Confidence Curve

o6
Confidence

(b)

0
Confidence

(a)

Figure 3. Comparison of recall-confidence curve for 3 models
3. =TiERIpY Z [8] 2R (recall)- B {5 & (confidence) Lk
3.3.2. BRAEESEAARIERES

oo
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4. ZMIERRYR B
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3), X R ANRIE LT TR XS b, BT SRR I PERE, AT RAAS

o [FAFLLRMEAL. FERidNi(broken). [A%%(pollution). IE ¥ 464% T (normal) =5 b 43 2R 2 43 i)
4 63% 37%AHM 96%. IR T E R A AR (broken) 5 [N 44 (pollution) JE A [], (HIRHIZFREHE,
FHE SR T3 P BRI LE AL DR b BT B 1) — e AR BT 5

o ZEMFALIERL. KAVRIGTEE BT, U IR 4821 (normal) 28 I 12 F i e 24 ) (1 25 i AR
X R AR B AR A T w5y, R S5 R BRAIS TR AL FURE AR (1 X 43 i

O IREMAERL: KRNI KUE R T, Bl (broken) 5 [N 2% (pollution) 48 2% 1 IH I HERGZ . R 5
FEEERIG S, FRIENRVE R BRAC, TR 2 R0 ]G 0 S S 7R o 4 bar FEE R e R A1k 1) X 43 BB T

nd -

02
background - 0% - 0w background -
. - 00
H

@ ®) ©
Figure 5. Comparison of normalized confusion matrix for 3 models

5. MR RS — R IBREM
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polluti
backgrou
b
pollution
k
pollution |

background -

3.3.3. P-R #1455 F1-Score B4R

“ '
: P-Rfhzk, RIDIHE [FIZ(Recall) M. K2 (Precision) 9\ Fl 22 il 1 H 28
Figure 6. Comparison of P-R (precision-recall) curve

6. ¥EMHE - BEIEP-R)HZITLL

Fi-Gonfidence Curve

08 \'/'/ o i ) \\\\ o
\
0 , \
A GEERNGN
. <\
® ®

Figure 7. Comparison of F1-confidence curve (BoxF1_curve)

7. F1 53 81(F1-score)- & & E (confidence) £k 33 Eb.
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Kl 6 =R RS % —H B 2R (P-R)M 2R 18] 7 5 F1 43 #th 2 i (a) (b) (o)W RO R IR
3.3.1), X EREAT 2 b T

% —A R (P-R) M, RES TR B EA [F) B 15 12 RE T 8 REORFF = 1 i 28 F A (AUC =
0.742), T LAY AUC = 0.698) M fEI L AL(AUC = 0.621); XTI F1 4> %(F1-Confidence) Hi £k % 1,
VR GRS R AE e B FE A 0.273 AEEUAS i F1 23 (F1-Score =0.706), XfRikEHfiZ 0.748. 7 [
0.668, WA 1% 5 I RERETERE e U3 5 980/ RS 2 [R) S B B8 A -4

3.3.4. BEFEEDI LS
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Figure 8. Visualization analysis of dataset annotation

8. BURSARETIL

8 NEAR SR E AL R, Horh(a)H ARR%E 710 Bl (Labels), (b)4H R4 AH K El(Labels Correlo-
gram). P9ZH UG R 7R I EOE £ H FRHE ) RT3 A RF AR B

Y FEE G EIE RN AR R I <32 x32) G4 K28, 45 HFR(32 x 32~96 x 96) (5 L §e
A, KEARE96 x 96) 7 LAl o X Fh o AR s fERE 1 VR S5 0 SR 1O e 35, BT /N H AsAS i i £
MIBETE, RERARAL T /N BARKS I B8, A UFIE AR A 1) H bR ROBERRAE, AT A5 B 47 AR

3.3.5. ZAEMEEREX L o
DU ep 2 WS CSV U IR G — 1 4 Ja il S 25 B PERE Bl T LU R, 4% 1 R =l 45

SIS 22 S VEREVELIXT LU S5 L, 2 2 4% “IRt mAPS0” St % SR S (48 VO BRI AZ O FE
SEA R ATR =R GRS G PR e X LR, i T 3 LA R 4 g

o JFARBEAIRIIFE: JHIE YOLOvIOn S5H7E 164 U0k B AEMERE, mAP@O.5 fH N 0.702,
mAP@0.5:0.95 7 0.528, FUUIEARRIINE, EAIENNT S E A, NSLIPE it 1 al S22,

o SRR BE WA IR R S M FE AR BE S EIRSCE RS e, H T EE AR A SR R,
AL () mAP@0.5 1N 0.561, BiFELR NI 0.141 (X R 520 20.09%), A0S B B 5 25 T HiAth
PIFP T S8, U482 T BRI AL 45 T %225 T YOLOVIO0 HIHFRREE K, X — S MR IB ML R BV T
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17 PSA 5 C2fCIB i, PSA ML L & 8 VR LA SR A 2R o J=) AR A A SR RE 0, JLak
T/ ARk I6] [11]; C26CIB #ibiRil 1 B ZRHERL &, A B T 2 RESRERHE 6] [11]. #ER
Ja, BRI 55/ B AR RIRHESR BUAE V) B35 058, RN SRR LI, Bz R E T
YOLOV10 HIRFABEHY(C2CIB. PSA 5 RN b T SC S AR EERFAE, Ik 7 4k 2 7™ B 451 S R R AE
HEST.

® IRETARIE IR 1ZORIRAE 190 Fo XS R tETERE, mAP@O.5 IAF] 0.717, BIELBIRRTT
0.015 (FHXTHRTHZ) 2.14%); Rl ERAS B ks T 6 0.748 5 H 11 0.668, F1 3%k 0.706, iF P
BR8N 5 S AE A VR 01 IEAE AR/ Yo U7 THT B A S T T, REAT R THIE 2R S0 246 251 Bk 4
AL S HIVERE, 458 AdamW IRALES, X5/ HAR S B R ERAZ TRNES BA ERiEi
P, TSI AR I ZRId R B A R E R R o« (HAEARIE SR, S ZRIBE mAP@O.5 L3RI
BtE, HH mAP@0.5:0.95 BHE T F£28(0.527 vs. 0.528), HRANHEFILEAE ToU BIE R 1 REAEAE R
7.

Table 1. Comparison of performance data for different training strategies

T 1. NENNZREE T EMEREREX L

ST R B4 mAP50 B mAP50-95 AmAP50 AmAP50-90
JRAFE 2 (y10_baseline) 0.702 0.528 0.000 0.000
#E KT . (y10_clean) 0.561 0.408 -0.141 -0.121
MR (yolov10_freeze exp) 0.717 0.527 +0.015 -0.001

T AMEFRRHIN TR 2 5

Table 2. Precise epoch number of “best mAP50” and more evaluation indicators

2. “\IEmAPS0” BiHIRSE ZIEIREIE

S gy % BRI UL THES FEEES A Z) F1 7341
" (Best Epoch) (Precision) (Recall) (Precision/Recall) (F1-Score)

JRAERELR(y10_baseline) 164 0.743 0.638 1.165 0.687
ZE ) fE 4k (y10_clean) 180 0.604 0.537 1.125 0.569
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Figure 9. Visualizing feature maps and heat map overlay of the backbone endpoint (selected SPPF layer)
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Figure 10. Visualizing feature maps and heat map overlay of the head endpoint (the last C2f layer)
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Figure 11. Visualization of analytical data for all experiment processes
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Figure 12. Sample detection results of the “frozen fine-tuning” improved model on the test set
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