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Abstract: To address the issues of low detection accuracy and misclassification of similar components in existing micro-motor armature
surface defect detection methods, this study proposes an improved YOLOv11n-based approach for detecting surface defects in micro-
motor armatures by integrating deep learning techniques. First, by adopting the concepts of efficient partial convolution and residual
connections, we designed a partial multi-scale feature aggregation module named C3K2-multi scale partial feature aggregation ( C3K2-
MSPFA). This significantly enhances the detection capability for objects at different scales, thereby improving the model’ s detection
accuracy. Second, we introduce omni-dimensional dynamic convolution ( ODConv) and adaptive downsampling ( ADown) to design a
lightweight omni-dimensional adaptive downsampling (OD-ADown) module, reducing the parameter count and computational load of the
C3K2-MSPFA module. Finally, to address the weak generalization and slow convergence issues of complete-IoU loss ( CloU) in
detection tasks, we employ distance-ToU ( DIoU) loss to enhance model accuracy and accelerate bounding box regression speed.
Experiments were conducted on a self-built dataset, and the results showed that the improved model achieved an average accuracy of
94.2% , a recall rate of 90. 9% , an accuracy rate of 95.9% , 2. 15x10° parameters, and a model size of 4.5 MB. Compared with the
original YOLOv11n network model, the accuracy, recall, and average precision have been improved by 1.3%, 4.6%, and 2.7%,

respectively. Compared with the original model, the number of parameters and model size were reduced by 16.67% and 15.09%,
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respectively. It can meet the deployment requirements of mobile and embedded devices, and provide certain effective technical support

for the development of surface defect detection of armatures in micro and special electric machines.
Keywords ; armature ; defect detection; YOLOv11n; C3K2-MSPFA; OD-ADown; DloU loss function
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Fig. 1 Structure diagram of the improved YOLOv11n network



- 170 - LSRR R e o

539 &

2.1 C3K2-MSPFA ##1R

PN SEAT 55 v, RS 6] RS 26 B T 18 R
HATRAE AR DRI ROBEAR BB RIFRCR . XA
] RUBERFAE [T %) | R SCf5 B 252k DL R A st B 5 /N H
FRAE AE M DL B AY [A) 8, A BF 58 2 % CVPR2020-
GhostNet'?' 5 CVPR2024-FasterNet ! JEUAH | 2 4 7 —Fh
BT mRER BB E r %, itk il C3K2-MSPFA
FRH | Be e JFURIRL ) C3K2 BB, 345 HiAr 44 4 C3K2-
MSPFA , iZBEHREER I 2 7R,

K=3, s=1| K=3, s=1 1
hxWxC
M 1
| Split i
1
E Conv hxWxCJ2 |
| K=5 |
l |
I |
! |
| |
) |
| 1
| hxWxC [ Conv !
! Concat th =1 N, i
! |
! |
E [T JPartia Convi
| P Al

Bl 2 C3K2-MSPFA #ith
Fig.2 C3K2-MSPFA module

C3K2-MSPFA il i X AN [/ RF S B AT 8 3%
PERFAF A5 PR E, 15 H SRR B 7 76 T 006 iy A 38 38 1) —
o (MR ) T8 BHERAE , X FhEs 0 B ML, 72
PRUEZ2 REAR B A SO BRI A 85 A% T R /9 31
WA, BRScil i 8 1E 2 #) (Split) BB &
TR 3B 4R B 4R 43 R W ER 43 4k, 3 S350 43 O
AT Hb 28 AN ) RUBE 1) 48 U EA T AL B8 T A5 3 1 22 R
R T El]lié/\ﬁil%( concatenation , Concat ) JZ TR
B IR TR T T R RCR I G, it — 2D
SREFERE AR ) B AR B I A T —A 1x1 IERUZE
TXF Rl G Ja B 22 ROBEFRRAE 47 19538 1 15 B 3¢ B 5 R4t
I i — AR AR B AR SR R A S A AL 3
SERIATZICR AN, X R0 8% 22 LA A e 1 A BE T
VR AR () B, 3 38 ) il 6 SRR i A 5 A R IE AT
BARTE TR IR RE S, Rk k.

C..(P,)=
[Cia(Py) s Ciis(Cos(P,) ) €y (Csys (s (P) ) ) ]

(1)

M,, :Clxl(cat[Pi,m7Ci><i(Pim)J) (2)

K. P, TR REFER SR E A C,, Bt
BUWERGT g 33 I BTHRAE; Cy s RARBBERATH 5%
5 MG RURIE; C,,, FRBBRERST R 7x7 G RHEAE;
M, FR 2% ROERER A5
2.2 BENESHETREER

FETRIE 24 ) FRAE 4R BGE R v, ADown ™ R SR FE R B
T e i SRt Ak i 4 4 A PR RSE DA ek 0 )i 22 4 R
BT, 7RI AL B I, %A H R M b 4 A PR
FATERAR . — e T IR AL B A, 5 — B T4
I I3 i SO LR S RCF I B SR, W T
ZHGRIF RS T IHRROR . A SC51 A ADown AL
FEGEI T RAFEE AN, IR PR I ADown AR H i) 3%
i BV i 4 4k s 545 L ODCony ™) | i —Fhit 4
LR OD-ADown I RAEAFEHR , LS H0 B Jig 54 465 0 5k S A
Bl XFHAnE 3 FR

Bl 3 ADown 5 OD-ADown T RAEXT L
Fig. 3 Comparison of ADown and OD-ADown downsampling

ODConv FAZOAIHTE T H A AL E Al 78 4 4
JE ST X 4 A e AR S B RS B A
B i A I8 DAL I . ODConv 2R 47 HEM , 38
i 2R T MR PR R A X 4 DNHERE B [ 3 AT
B, S5ERHSEFAE,ODCony 26 T HIFE X
ZHEE G XK BRI RE N T 7T M i
Jof i AFRIEAE 25 (] 38 38 25N (] )23 18 04 28 Ak, DA HL 45 T
SRR HRFAESLILAE 7, JUHAE FH T I R i Tolk &b
I APEME B . ODConv Z5H U] 4 FT/R

5 i 4 JR oF- 3 A6 JZ ((global average pooling,
GAP) Xy AJRRIE HE AT 25 [R]85 R 48, A5 BLAE R e, 19
FRAE ) &, B 5 38 2t 223 #2 )2 (fully connected, FC) Fll
ReLU ( rectified linear unit) J8 1% RRZ50RS) 1 A9 o8 2 A e ) HC
HFCJRLL 1/16 B JR 48 HORE S AE 8052 2 AR 4k 25 8], AT
AR BB BT B B M ReLU pRECTE 2ot
PR PAT AR Ze PR AR H8e | e T B AR AIE 1) £ v A% 67 (L e iz
kPR BRRE R IR RE T, S SR M T T 4 AN TR AT
T 3 3, B A3 ST P A 42 )2 R AT pR B



FETFUE YOLOV In AR H AL Ha AT Bl G 0 B 3k <171 -

I

§§‘

a !

|

an |
Or o

|

|

|
|
|’»
0
'
|
|

-
| @
I e
|
|
I e
|

|

[Sigmoid|  [Sigmoid| [ Sigmoid|
[
[ e ] [Fc ] [rc | [ Fc]

[l 4 ODConv L4514

Fig.4 ODConv convolution structure

IR T A ODCony BB Y 4 SETERE AL, X P2
Y T2 T P RIAIL ] RE 8 AN [ Rp Ak 2 1] 47 3¢ Hi X g5k i
B S PR RN bR SCOOCHRF B il i 2 4 B I RRIE 2E
R E TR RAE BE S Az AR

4Tt ADown FREER ISR 5 PERE , AR SO0 H A5 1 E
13 TP AL . 58, 1 ODConv B AR5 A 1Y A5
WEEPMES , X — B & BRIz 2800
PT AR Gl SGH 5 R, ODConv 1 8 25457 Bh
TGEIRIZ M2 BB B Bl A AL R TR R S
FALRARIR BT, FUR, 7E R 43 S BUZ thig R T B 0
BRST LAy K26 i) sz Y 3 - f8 4 Jm BF
SE B S B AR E R RE ) .
2.3 MEKEIHMNL

RO VAT bR T R RS e M | I8 5 5 e A
K EE SYNREE % B AR A I e A% 42+ BAT D e AR
FH o o 30 FUHE 5 2 bR A DA G DA 7 £ O i 2 1
3, TE A SR [ ARG DN e i 52 % T 0 Pk A ——2F 7 R B
BEAFAEN AR Sl R 7 5 e 55 () i ™ i ) 24 B Sl ik A
DR AR VE . 3T Ik, AR BF 58 42 R L DIoU™ B3 AR
YOLOvIIn HEA 1 CloU ™ 516 e AL, AP AL 71 FHAE 1]
VAR, (A TE R, AL 58 CloU AT ARAH UM,
YRSINHE 5 AR HE Y 1 98 L — B0, HOR AR 2 5 3K
AR PR R) T-32 91 1L (intersection over union, ToU) 4512

J3elie CloU 45126 BRTE H AR A AT 55 rhAF7E R 2
FRRE I AS I 5 Wi S50 J32 1 1) Jeg B P, BIF 5 3 4 4 T
DloU 2Kk PRk, % PRELATE ToU JEfli 2 B8l AT —AV4%F
XoF 320 S H o i B A A 0T S e 4 e/ M TR H —
AR HE 55 L SEAE Hh o i 22 [ B D PR R 8, A3 3800 1
RIS SO FE R, DIoU 3 A8 R Xt CloU f)—T0 8
BEARA , FAE R 2 AR BE Y[R B, S 2 5 T 1 [ 2L
R HAEMEPE S Fis,

TERIE S > i B b 2 X Sl B A AR s 5 T8 00 A
AR &AL, DIoU 4515% BRI B0ME 35 BRAR 45

L _

K5 DIoU & i3

Fig.5 Schematic diagram of DIoU calculations

Wi XA AR EHES ) bR s
3 A 24T A T AR el
SefE S, HACEREkR T

AU (3)

K p FRREIAE Fp AR TERE O I R BE S e N
P /N BRI 1) 25 1) F E A 5 b R 0% 23 BilARER
TR FARME A P i %A R B o il XI5
B JEE 55 LA F O O A B XU BB 5L, A H AR AE 58 3%
HAFAEAS B I T o0 a5 )R A 249 L 7T 25 2 T
e G E

Ly =1-1U+

3 SRIEHIESIEMN ISR

3.1 HiEETIE

BAGERIE T HARMER AR AL, 7E ) K& b
1 PR AR B35 58 UL AR R BCR E J5 , H TR 22 0T i
REIUERTT 2880 =5 B 1% Bk DORT 1 Fr R AT 0 1, o IX 43
RSN R, BES o B T AR 752 A DA R o 2
HERA 1 | B 2 3R A5 P AR BRI TRTAR 1 846 5K AR I 1R
7 1 440 pixelx1 080 pixel [ JPG &30, it ik 25
FRASORY | 1 52 A5 TER IR, I B 1% H A B0 o 121 15 3 698
R WMT . SERNE( poor spot welding ) 95 5 Wr
£ ( breaking) 68 5K , 72k (float line ) 258 K , ML ( throwing
line) 92 3K, 4] f4 28 ( hook lines ) 98 3K, & o] #3
i ( commutator injury) 87 5K, &l 6 i A AR BRBAFEA

P TIR R 12 AL RE 1 I 58 Il 2R B s i 2 AR
AWFFER SR AR B PR B HEAT 1 R G i Bidl 4 s Ab
B BEaR T B A AR R UL (AR R S R ST )
S U AR (AP el b i B 55 ) o 2t
FINY SRS AR BAEAR SR 3 490 5K, B
J& {8 Labellmg TEX A FG b agskE B ardEiT A
TAEWARTE, b5 AR B — RAF AR ERT YOLO 4% 5,
PR B AL I 25 5 PPl A RE 22 v f e B IR AR 4 T
20 1 L BIBEALRI 4 3 A B F T4, 5 5 o I 2R AR



172 - LSRR R e o

39 &

(a) Wik
(a) Breaking

(b) R R
(b) Poor spot welding

(c) Bl 8845

(¢) Commutator injury

(d) #%k

(d) Throwing lines

(e) &k
(e) Float line

K6 mMXBREGHEAS

Fig. 6  Armature defect samples

(h A%k
(f) Hook lines

(2 443 3K ) BRUFSE (698 ik ) FIMKAE (349 5K )
3.2 RERERESNESHILE

AR CSLEGFREE S — L E N Ubuntul8. 04. 6 LTS $#:4F
ARG, Bl 62.5GB M7 iz 1T WA, DL Sm R RE 1y
NVIDIA GeForce RTX 3080GPU, 7 #4) 7y i 2 > i Al
A, pytorch HE Z8 Jit A< & 2.2.2 + cul2l, python KR A A
3.10. 14, SEEGad AR e B kAR YN 2Rl 15 S 550 IR
PEIR , RRUGEACAL B AL B RN R 32,

F T ARACYIZRRARE , W1 bh 2% > Bk e 0,01, JF
NHIT0.000 5 FOAY R R I, LAk L Dy T, R

ZMPBENLE T B (SGD) ik, Wb,y 1 ik — 2042 Tt
BERL 1 32 A6 RE 3 AN RIS B2 TR I ZRad R AR AL T
Mosaic FUHEIGTRFIA
3.3 tEBEEMMERR

A SCRH E AR v i F 0 P REPEAN S8 b, BIA [9]
K (recall, R) , F ¥4 £ 4 {H ( mean average precision,
mAP) %7 S 8 i (parameter ) | 77 a5 BT B i (giga
floating-point operations per second, GFLOPs ) | PRk
/I (module size) , X AS SO IEF T A S0FA . # ToU
BREH 0.5~0.95 Z[0], KK 0. 05, 8L 10 A E{EL, X 43
A EN ) 10 A2 BE X (E A TF- 1, 133 mAP@O. 5
0.95, XJACIHFLEIHME R 0.5 5 2 G B E 47134, 1%
| mAP@0. 5, A (4) ~ (6) PR,

T,

P=_— (4)
TP +Fp
T,
R=T i (5)
P + n
> AP,
mAP = —"——— (6)

n
A Fy R B Y E AR AR F, SRS R R T A £
BEAKL T, 375 IERR P00 1) IEAR AR, AP J2 X 4>
TR, 0 mAP 2 A6 BT A 250 it 5, B %3
O 2SN BB ARIR ISR AT TN,

4 RS

4.1 ARHGIEH# C3K2-MSPFA XHE R A 2200

R T R AR C3IK2 Bk itk Uy 5, 43l
C3K2-MSPFA #HX} 3 AN [A] 9 45 45 44 38 43 19 C3K2 A&
Pl A4, 26 1 0 4 AR BT ERIR R, 0l e e
T R4% ( Backbone ) #5431 C3K2 #RH Sk M 2% ( Head )
T4 C3K2 ARk | 32 1 I 45 35 43 F Sk 55 X 45 358 4 1
C3K2 #EH DL 2 5 4R YOLOvIIn W28 K00 45 B fn 3k 1
iR

#&1 C3K2-MSPFA AR BEHRA RERIILL
Table 1 Comparison of the results of the C3K2-MSPFA replacement program at different locations

R 5 W 45 4544 SER/(x10°)  BOEIR//MB HER R/ % B/ % mAP@O0. 5/%
@® YOLOvl1n 2.58 5.3 94.6 86.3 91.5
@ Backbone 2.61 5.3 92.4 88.5 93.0
® Head 2.58 5.4 95.2 85.7 91.0
@ Backbone+Head 2.63 5.4 96. 6 88.8 93.4

ARG 1 AR , 7 0 T 190 205 1 Sk 3 IR0 245 v )
C3K2 W5 AR B AX S UL B B P50 D THT A ~F- 450 4 2

P AH AL PR 0 42 T 0. 4% 12, 4%, St
[, WA SR R T 4. 2% H1 1. 4% , 43 540 4



12 3

FETFUE YOLOV In AR H AL Ha AT Bl G 0 B 3k 2173 -

T0.3%F 3.1%, X —VERE#& A 3 215 25 T C3K2-
MSPFA fHOR G I 1x1 BRUZRIT, %2 E B4k
FAS A RUBE A RRAEAR 8, I B 3% 25 3 #9204 D 0 g AR
TE 5 2 AR REE AT RLA, BEOR B T2 M40 15
B, BT HESR RS SCRAE , T 54 T T RIS £
JUERHER)FRIREE T, HIL, BT @R &5 58X C3K2
BEHGHEA T AR LAY , 12 0 fef A5 70 A B8 I 2 R AIE 58 3%
PR R, BERS A 2l & 2 RE 1R SCfF B, X R s
PRBEAL] 0 R8T 28 B RRAE R AERE T, )5 22kl
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Table 2 Comparison of the results of OD-ADown replacement program at different locations

PN e TR o) 2 45 1) SRR/ (x10°) HERR /N MB HEWR/ % B EI/ % mAP@0. 5/%
O] YOLOvlln 2.58 5.3 94.6 86.3 91.5
©) ADown 2.18 4.8 95.2 88.9 92.2
® Backbone 2.24 4.6 95.8 87.4 92.5
@ Head 2.45 5.0 95.8 87.3 91.8
® Backbone+Head 2.10 4.4 96. 1 88.0 92.0

FRAE e 2 A B, B0 32 19 45 R S 35 0o 285 v ) 458
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BORFRICT 0.48%x10°, 55 4H ADown PZSRIRIAH LY >R

FHIR IS QR Wik T 1k AR ARG BE A (EFEAR T 0. 2%,
HIRMEFI RN T 0.9% , S B AR AR/ NEAR T
0.08x10°.0.4 MB,
4.3 AEHRIEEHR C3K2-MSPFA+0D-ADown BIEE
FIFEAG P C3K2-MSPFA #5852 B0 AR ALK
ANBEINAE R, 7R 1 IR @AY 3Rl 5] A OD-ADown
R IE 3t T R4 SKER R4 LR 3 FEk AR M
LALRIEATINIE , IR R B AL S B0 AL AL R /N 7T fig
e, SRR 3 iR,

%3 C3K2-MSPFA+OD-ADown 7 [Efi B E# 77 Rxf Lk
Table 3 Comparison of the results of C3K2-MSPFA+OD-ADown replacement programs at different locations

R G ) £ 254 SRt/ (x10°) IR /N MB HER 2/ % B2/ % mAP@0.5/%
@ YOLOv1ln 2.58 5.3 94.6 86.3 91.5
@ Backbone 2.39 6.8 95. 4 88.7 92.6
® Head 2.28 6.7 95.2 87.6 92.9
@ Backbone+Head 2.15 4.5 96. 8 88. 1 93.7

R4 3 KB DM E R, R H OD-ADown 5 A1 7 iy
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IR L, R AR 3 I @1 R T 2K B 3
EHEETF T 0. 3% , i fi A5 70 2 B ik F A 0 R/ AR T
0.48x10° F10.9 MB, ZFKUE T 7F C3K2-MSPFA 4
PR 51 AMGEES 9521k OD-ADown T REERIHL LA

REAR S 500 R A R /NPT AT 1, A 80 > T 51 A
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Table 4 Comparison of the results of

different loss functions

A, gk gk 5 FroR, i S92 00 X 4 M TR Y
M BE 4 E AT, UGS YOLOvI 1n B RIPE R PE RE L
WE(RERY A ) BRI B C D MK YR M B B B C3K2-
MSPFA 44k OD-ADown R REEAER FI5] A DIoU
2 BRAIORT X 26 1 AT E A B it AT Ay HG o a0 =X 5T Ak
HRAMGATERE, KRR, 5EGE LML,
3 Pl Ty Ik Y RE A — R B L R v A R A S X ORG BE

i 20 = MEARTL  HEfFR/% BREI%R/% mAP@O.5/% oMl Hoh | C3K2-MSPFA e 1k ot 5 oy 28 45
0) CloU 9.8 88. 1 93.7 ° N
S Bl B RS YAy =] 6 T
® EloU 018 . 015 SR AT K /IN B 3ET T 0. 05%10° F10. 1 MB, {H
® Inner-MDPIoU  95. 8 90.2 9.5 SEYPREEERTE T 1.9%, X EH T 7R AR 3R By
@ ShapeloU 96. 4 85.4 92.6 Bk H 3G 43 A FRUR % 22 3% 42, RIVKE B A RRAIE 5 4b
© DloU .9 2.9 4.2 P (A REAE AR I %) e a2 T v e 0 A A5CIR B DR AR 1 BT
4.5 HEIAE SIAHRI 2 KRBT B, DU $2 =5 A5 20 B A I G B )
IR A AR B BB M, AR T AE W IR R,
x5 HMAEER
Table 5 Result of ablation experiment
FHE C3K2-MSPFA  OD-ADown DloU SR/ (x10%)  BERIKUNMB HEFRR/ % BREE/ % mAP@O0. 5/%
A x x x 2.58 5.3 94.6 86.3 91.5
B Vv X x 2.63 5.4 9. 6 88.8 93.4
C X vV X 2.10 4.4 9. 1 88.0 92.0
D X X vV 2.58 5.3 94. 6 86.3 91.7
E Vv Vv x 2.15 4.5 9. 8 88. 1 93.7
F Vv x Vv 2.63 5.4 9.3 87.2 91.7
G x vV vV 2.10 4.4 93.6 88.6 92.2
H vV VvV vV 2.15 4.5 95.9 90.9 94.2

FERAL B YFERN 5] AL OD-ADown T RAFAR
g 2R BB AP [ C3K2-MSPFA f& B S 81 2
B FIRIRI RN N IR) 8, SR A AH L B E )2
K FIR R/ N SR T 0. 43 10° 1 0. 8 MB, [ i
SEEPE EEREIRTE T 2. 2%, FEICHERHE b 85 D R0 465 1) 45
KRB R DloU 112k pR K, M 2R H, 5025 &
B, >R DIoU $2% sRETE A B AAT A1 45 403 50 AR5
RURFURAS 46000 A AT T ARG I 14 2 AORS
BCEIA T % B e B T R R T T B R I B R0
R R MR H 5HOR A AR LR R st
S V18 PO 45 B AU AE PR3 B 3 3 ] SRR S R B 1M

x6

SHETET 1.3% 4. 6% F 2. 7%, [R5 760 280 5 Al
RSN BIREAR T 0. 43x10° F10. 8 MB, Ikt 7 %
BRI T U F AL PR AX R TR R B 1 R 0 8 T, I D W
FEF B A A A B TR SR AR AL T A R BR
Y,
4.6 AEEEMEREST LIRS

SR IRAIEAR S X Bl R L L A SR 5 R D 1 A K
P78 B HE Y AR A BRI A SCA S Faster R-
CNN, YOLOv5s, YOLOv8n, YOLOv1On, YOLOvlln,
YOLOv12n ,YOLOv13n SR 78 47 T ML RE X Eb , SC 56 45
Hhngk 6 iR,

T EIREEL Y 1 BERT EE

Table 6 Performance comparison of model

HEiA SR/ (x10°) AT E R /GFLOPs IR /N/MB HEH %/ % 1%/ % mAP@ 0. 5/%
Faster R-CNN 186. 4 427.6 114.3 94.8 87.2 88.7
YOLOv5s 7.03 15.8 14.5 90.2 84.5 90.2
YOLOv8n 3.00 8.1 6.3 9.5 86. 1 9.5
YOLOv10n 2.70 6.7 5.6 9.5 86. 1 92.8
YOLOv11n 2.58 6.3 5.3 9.6 86.3 91.5
YOLOv12n 2.51 6.2 5.2 9.5 85.1 89.7
YOLOv13n 2.45 5.8 5.0 96.7 84.6 91.6
E'S 2.15 6.6 4.5 95.9 90.9 94.2
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Fig. 7 Comparison of model detection result
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