Opto-Electronic Engineering 2026 £ 1 B, ¥ 53%, £ 18

Oéﬁ‘éaﬁlﬂi Article
C

ETHENZEFITEENIIHIRY
WUR B 7] B RFE N 77 5%

xR, BRRIE, &KRY, fHEEYS ke

VEMRENT AR, WL #2% 314001;

DT T RS N TR RS Be, Wil Bl 310018;
SREBRFHA A SE R TR, Kt 300072;
SEE TR MARRAE, Wil 5724 3143005
SEREFHUM TR Z=BE, WiTL 2% 314001

WE: AWRENBEARMRELIEENT, FREZEANHSZRANEQRBTITH X, AL BHRTLL@RG S
BT ERL IR ELE TR, FRBRAZNEN TR, AR LR, AXRKET—MHEATAER S EHT
7= & 71 (adaptive multi-parallel attention, AMPA) 945 % 71 L sk Fo 40 MAZ A, B2k, #ME ZdE iz & /) 4k (star-
channel attention module, SCAM), 148 2 3% 1F (star operations) 3% 7% i@ 18 8] A9 I R A S, R R 4EEE I8 %
ER A . Hok, BT EAIBE F 015 & A9 INR-F 18] iE & /) B3k (frequency-spatial attention module, FSAM), # 4
R BAE P IR, P IRAe Z IR IE AR T A EMME & &G, B TFEIEKADSPERAMERGBRONT, FARE
89 B E N RRE, RN, RBEREY, KPR EAERE LR YOLOVIT BA G, £ BEGHE 71 LkIGHKE
£ FEAT 90.2% 49 mAP0.5, #45% YOLOVI 25 2.4%, ZHRiE TR E 7] B & @M R E B ARG F 49 7
ks BB, AT 69 NEU WA & @ k6438 5% X 3] 76.1% 6 mAP0.5, %144 YOLOVI1 &4 1.3%, ET=7THEAR
BT 89 2 AL A

KA WEAL;, ZFEHMAE,; BN

The English title and abstract appear at the end of the paper.

DOI: 10.12086/0ee.2026.250173 | CSTR:32245.14.0ee.2026.250173 | HESAS: TP391.4 | CHEIFFIRAG: A
XNIF5E, MRk, Ak, 5. 5T BIEN 2SI T SO pLE i OR B T BLEE RN ik [J]. S T2, 2026, 53(1): 250173

Liu Z H, Chen Q D, Jin Y Z et al. Adaptive multiscale parallel attention mechanism for micro-scale tool defect detection method[J].
Opto-Electron Eng, 2026, 53(1): 250173

1 5] = A, AU ERAL A BRI S AN, R 2 B

PERE S 4, P E 207 N s AR A E T H A

W DA X Rk BE AN TR B8R TE, K% SRk, J1 BB 0 S i N S RS PR AE

BAE N TR [ 2 Fas (77 919 RCAL. BTAE MR T A shbRm s, ik, BF % s i
) Az, R SeR B EI . JJERMEM ) H R B AR AR BCA R B B

FOBESREE AN . 2440, i il 556 S BN TS R i VR JE 45 B 25 ) 2% (Convolutional neural networks,

WisHER: 2025-06-18; 1&EIHEA: 2025-10-05; FMAHAH: 2025-10-09; Mgk HHA: 2026-01-25

EEUH: EMRHKPEILLSEBIH (62374074); #i L4 “RIESE” UF & B3R (2024C04028); 5% 24 T 2 6 M WF 52 3F Xl 3 H
(SQGY202400009); #ZAAVEDH (00523144); LT MMF & TR H (2024ZD03); 3% KEAA T H (CD70623008)

*BIEMEE: XT3, 1zh@zjxu.edu.cn

FRAR BT 5©2026 HE A L AR BT

250173 (Page 1 of 16)


https://doi.org/10.12086/oee.2026.250173
https://cstr.cn/32245.14.oee.2026.250173
mailto:lzh@zjxu.edu.cn

T2, 25, 6L T2, 2026, 53(1): 250173

https://doi.org/10.12086/0ee.2026.250173

CNN) RTETHENUL AT 55 T R B Lk fE, )20
HF Tk Spa kAT 55 . CNN it & B2 5 e
WOE RER SN, REfS A IERIEHS ) 2 2 MG AL
PETA SRR B R FR . RUF T ONN i H R
KB RILE [ AR S R b, (R X TR A 20 H 251
ST BB , JCHOEAE R ] BRI b, 1458
CNN FEAEXE LU PE B OCBARAE , BRI 1A ROCR AR
RIZALRE s AR, TR I HLHZ N B T
ZMEEPEREM BT By, (RS ARG RGP PE T
BRI, R HLEE A R A R R IR E R,
ERR TR RAERE S, SR, A EREES
T CUH T8 9 B s (B ) FER AR [B] 5 224K
WO R T IARAEEA R, o A TV B ORE . B
A LS 5 22 ol B — 2 8 R ) M LA BT A O
FE, SERVERRRR 2B . TR I HLIR B AS B i
R R AR BOCHF R, 78 B AR s AR A REAEAR
PRABH A0 B R AR A IR (HBA SR i
i Tb S pa i 2 5 A RE RIS TR K

T UL BRI R R, S EA T GEE . 2
] SR A AR BE A TFHE T 2R B L b U, 2%
AR T 28 XTSRRI RO F PR RE o i, Hu 58 A4
Hi1¥) SE (squeeze-and-excitation) F B i 4> 5y 5 B 45
Xof 30 TE R AR AT S AU, S IHG RRAE AA AR
Wang %15 1 ECA (efficient channel attention) 45 1 |
F—Ae BRI R4 RE™; Shen 45
Wit T GENet 2544, it b SCEASHZ R 25 [V RRAE ] ¢
Z"; Wang %42 H Non-Local 22 LI, FIH2RGE
R K R i, (AR E st dt—
o, IRATERESHLEIAN Woo S5 2 3 1o Hf el i 5 25
[6] £ 2 ) (convolutional block attention module, CBAM),
A i IR AL R B s T S 7E Faster R-CNN 15|
NG5G liE 507 1 SPAM (squeeze and position
attention mechanism) B3k, £+ 17 E 3495 5 /N Bink:
MIRES™, SR, 2T IR R A TALE] T TSR s
IR A, 5 3UE R ER HITEFFE R, 2,
Chen 542} DCAM-Net (deformable convolution and attention
mechanism network) W25 2544, 38 13 48 AT A8 I 45 Rl A
23 A e, SR G AL RE T, HIZ Tk HR)
FZSRERE T, 20T B 4E R R ORRE, BRI T X
2 F BB AE AR E R A PERE . Wu ST i B
PR Z RIERAER I, AEN SRR REERHE,
STER T R R

SR IR SCHER PR L TR 2 O TSR I 2 LRI Y
W, (R ST vk H s AR 7 H R miim h
NN B ARET, 23 BELLR PR G [a)

1) OB R LA IR B ), 30 T 2 LI FE Ak
FAE 2 ) BRI NG RS ZFEVER, Bz % 1E
FHEMARGR S 53K, SETCEAEMIRNDHRE R .

2) TREHEOER R, A NG % ) L3R T A 4%
BRBE R Z REACSORAFAERT , AL 585 1 A e 70 43R FH A
B EORT RS A, e TR I A TR

Bt LA LRI, A SO —Fh BN 2 I TR
1ML (adaptive multi-parallel attention, AMPA), %Ll
AT FETE | 2 ) R = 2REE . EA, it R
PRAEHG 90 8 [H] AR LM, 2 X D I 1 AR 1Y
FIKAETT, AR TIHRE AL S 2. R,
5 AN -5 (B PRI A R A, e S RN 23 TR ARFALE
T 3 AN () RUBE A SO BOMAL, - $2 X 52 2= BB 1 1R
AEeSy, AR ) BB RO ERE . e, R
FHRT 2 ) SSRGS 2GR AR Y 35 07 il
G, HEOR TR 2 R . ZYERHIEREERE T, 2Tt
K25 T LR I Y B A B 52 AL RE T o

2 B &
2.1 YOLO-AMPA & {h%eH

YOLO HEARIE Sy MR i B H kil 5k, HA
O SEAEURANE H BRI AT 5500k [l U [l R, 38 3k — Y o)
L4 BTN B AR FAE RS RIS, e S
K EE P RIS L4k, YOLO #AIRRELAL ik
T M4 RS IE RS B, REHE TG IPERE" . 4R
1M, 448 YOLO A5 F A HAT Tl RUBE AR AE FN A2 7%
U SCRE 2 ) LB FaRT, HAFAERERIAAE | A
DK WA AR T HL R i A 2 S A R, Sy ifF— 2
BEAITE )] HAR T B PR E I RAERE ST, AWK B 36 R
ZEIFATIE IV (AMPA) %3] YOLOvI1 Y
C3K2 e, SR ] AMPA-Bottleneck F 8 B AR AL 55 1
Bottleneck 254, PAHEFHFFAEHEISOCR I o AL R AR B
M H S5 A  ARSCHTHER) YOLOVI 1-AMPA #1284
mE s, Hod, L G i AMPA BB iR A
YOLOv11 1 C3K2 #EH A I TR

2.2 AMPA E{AHEZ
AT A AMPA J&— ] R i A iR 5

250173 (Page 2 of 16)


https://doi.org/10.12086/oee.2026.250173

T2, 25, 6L T2, 2026, 53(1): 250173

https://doi.org/10.12086/0ee.2026.250173

TR0 D00 245 (1) 38 FHRRAE S st e, LT T R R st
B8 1 AL AR BRBA ARSI A B SR B, AR AT A 3
SEOFRER, LR GEIE S ) XE LG
M ZHFE OB Z R0 . SeBl g 22tk . LA
YOLOv11 Afil, AMPA W AFFIEEEHUM 4 (Backbone)
) C3K2 #EHrf (& 1 BirR), 8 ad shA AR AE
CUNEROR BE B R G5BT | AR SCEE) S T4 (R B
(N Se 1), S T EL 3 1 il N e A 1)
AMPA A% 42 H4 i P54~ T) BE B A T B 1
L T VE R SRR (SCAM) 5 471 ek 25 18] P ] 3 7 g
B (FSAM)., P& R HIEATALBRALE] , MR 48 B2 32540
BRUFARFE : SCAM RAEEIELENE , 38 i B2 Hpft o Ak i
] AR LR MR A, PR GORU B Sl ) Gl e 1 (A
ik Rl S5 PR D 5 S PR T ) ; FSAM WU 3& 505k 5 2 1) 4
JE, AP A B AR e (FFT) $2 B4 iU B (i
O RARANTY) IR G s MR ARRAE, O R S B
o N IYBREEE AL, XFP AT RE I B BEOR B 2k
FHAE A PE—SCAM 5 FSAM FHHE B 45 HAK (7T

REE/N), BME B S T R TE e Gk S5 P AR o6
FPRAIE), Ry sl & B9 Al

HAKHL, 4@ AFER X e RV AMPA J#17
e 2 T T TR ML, € RO R s 4% ) I 7 1R
M, € RXV 0 JEE] AT 25 3] S8 a SR ShASHHE I 1l
GRGE, SEHEARERARONEGS , DL AT H
X (D)~(3) Fn:

FIZMSC(X)®X? (1)
FZ = Mfs(X)®X’ (2)
F=Q’®F1+(1—C¥)®F2, (3)

K @ FoRBICEMFE, WEFEENE M, Wiy R
Has4ERE (M Cx1x1 5] CxHxW) Sk AFER X 2617
BIOLE M, AL T H TS AR R 5 AR S R
o M )3 G L T AR (N IxHx W B Cx
HxW) 5 Xz eI, LA R G A AR oR 25 (7] 1 [H]
GEEN XL, &4, HAEISHash BT
B SIRA L], SEEUSREIE R IS R IAL . H

.............................

. N N
5 ., A ’
[ HEB " "
v HE C3k=false 1! C3k=true |1
[ R 1l
i i ; i
i Split T
AMPA- {
Bottleneck ']

| | in "
' 1 : x 1!
h . ] AMPA- T
. @ainy v Bottleneck | !
! ! Concat ::

:; '

'

'

(%)
=
=
(e}
=
k=
: H
N

i
!
!
i
!
Conv
[N

‘4 A Detect
i |
1! il 1
|
S -
! =
v b o L |
t il e
1 I\ :
TR
I
| e
)
1 1
=
1
|
|
)
)
)

Conv

SN
'
I /
| | -\ ,
' 1
. [ Conv ]—*[ Maxpool [ Maxpool —>[ Maxpool ]—*[ Concat ]—*{ 1 1
! " /,
! - ~

0 o o 0
w w w w
S S S S
> > > >
< < < <
2 2 = 2

! /’ 1
, - Concat C3k2 ) : Detect L ‘l :
!
! ¥ =3 ! l [on ]
| Conv . . Upsample Conv Vo $ DA |
' L T ' . 1| shortcutttrue |
1 | !
' L (e r—lﬁ ( ) ( | L !
1 ~ —>
: . Concat C3K2 LConcatJ | C3K2 J : : Detect 69 :
! ]
| Conv ol I ;| conv ||
1 1 1
| . : . . shortcut=false 1
! I Upsample Conv ' . I 1
! n v ‘ 1
! " ' L AR |
\ SPPF o . ANV
| o v i
L [ poSsoooo-oo- lioooooooooocl
C2PSA T .‘ Concat I‘- : Detect ! : Conv :
[
' o Lcomas J=_on J={ 5w ]
Backbone H Neck Head Conv2d BN SiLU '

B 1 YOLOV11-AMPA Z# A
Fig. 1 YOLOv11-AMPA architecture diagram
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Fig. 6 Illustration of defect samples. (a)Tool dataset; (b) NEU dataset
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M . AXAE Backbone $FAIE 2 BURE He i 5] A AMPA 45 14
(AMPA-Backbone, # Backbone 1) C3K2 #ibk £ 5 Ay
C3K2-AMPA), {XAE Neck 2 X FRAE fil & Fp AL A B
5] A AMPA %4514 (AMPA-Neck, # Neck H1#y C3K2
Bl C3K2-AMPA), LUK R 7E 2w [R5 A
ZLER) (AMPA-ALL),

4 1 A Al, K¢ AMPA Jin#E Backbone J5, mAPO.5
IR R, 83T 90.2%, % Baseline H4Ill 2.4%,
[A°4 Backbone H.#% 5 AJRAR EME, 5 NE)Z LB F]
1o 2 SR RIS T 55, BLRr A 2 7 ML
AE 0 2 S R R IE B . A3, i T Backbone 7E ¥
PRI K, SR A SEC (N 94 M
BANZE 10.9 M) FIHHE (GFLOPS M 21.7 84 % 23.1) i
T, TR R R AR R (FPS M 76 5% 69). #H
HZF, # AMPA i T Neck (AMPA-Neck) H', #iil]
KEEAURTE T 0.6%, FW] Neck 32 7 & N FRAiE

HRAER, XFRRAEAS B (48 BR AR X A R, HEIA
AMPA 7= A (AR A /N (S BOR T 5 B 1 R 40
FPS a2 1E 71 £47)o 247F Backbone 45 Neck [R5 A
AMPA (AMPA-ALL) i, #:0KS BE 3N 1.9%, 4 F11
Wi 2 0a), AR SRR 5 A B R 11.8 M
F124.0 GFLOPS, ¥ [#% 65 FPS. 4 Backbone T\ 4%
MR H TR i S, Neck P HIA RIARE A9 1 25 468
Yo, # SR “O0RT 8 MR AT fym) R, AP
Backbone #4309 20 X6 5 v R AE © A 78404955, Neck
T[] 2 A B T vk P A B OR R T . BRI, RPfE
Backbone 5 Neck [A]H}{# ] AMPA, #%{KM:GEH# T2
T HAE Neck fii 115 H7E Backbone ffi 2 [|], i LA B
EIMBNE = 1K, [RIBAZEAT R B 2 BRI 5 4
JHTH]
3.4.2 SCAM 5 FSAM 475 ERAT R KL R W0

h TR R R R T (SCAM) Ak~ [\
T (FSAM) 7ERH & 28 th i BT 2, AR SE g
FEREDUFP 2 5 R W . i S50 FH SCAM, FL H FSAM
(1% 7(a)); ii. JEI H FSAM, F 07 FH SCAM ([ 7(b));
iii. [F2H0AT FSAM I SCAM JGAHAN (4] 7(c)); iv. [FlE

1 Fr#2 AMPA M EAY 2R % P REz B 693 %
Table 1 The effects of the proposed AMPA structure at different positions in the neural network
Model mAP0.5/% Parameters/M GFLOPS FPS
Baseline 87.8 9.4 21.7 76
AMPA-Backbone 90.2 (+2.4) 10.9 23.1 69
AMPA-Neck 88.4 (+0.6) 10.3 22.6 71
AMPA-ALL 89.7 (+1.9) 11.8 24.0 65
a b

B 7 FSAM 5 SCAM R R A& X, (a) £ A SCAM, H & A FSAM(R A #4T); (b) 222 A FSAM, # & B SCAM (i 5
#7): (c) SCAM 5 FSAM # 47 #47 )6 A ieAaA: (d) SCAM 5 FSAM H# 47847, 3IATHIRE a STk akd .
Fig. 7 Different combination forms of FSAM and SCAM. (a) SCAM followed by FSAM (sequential execution); (b) FSAM followed by SCAM (sequential
execution); (c) Parallel execution of SCAM and FSAM with direct summation; (d) Parallel execution with learnable weight a for weighted fusion.
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$AT FSAM Fl SCAM, FFBIA =DA% S8 o, fi
SCAM (Wit la, X FSAM (Wi Hall (1-a),
JEIACRRE (151 7(d)).

DL POl A SR s 2R 7 | RIIAF Y AMPA-
Backbone S5 3EAl A TIHAISCR:, IRA TN EIEE
TI A 7 AL RE 5]

B 2 ATAL, AN[EZ G 7 ek B b B
Z0l. HRATER G, i) mARHORMERRER T, (EPIFNEE
FE &SI, & fE— e fE R L sk
BOMECHT# PARIE, B PR R Z A AR
BRI R, BEALREIRTE 0.9% 5 0.7% M2 Tt .
M IFAT45H (iii, iv) 1, SCAM FI FSAM [w] i b 341 [7] —
BN, FETRLG, BORFRBEEORER T PIRR R
PRI e . JLHGE TS (iv) it il 2% 2 S0 7
TE AN, D 2% BE AR Sl S A RRIE A i AR B AT
43 T 3 R RIS s (R R T AR BB, BT HR
SR ARG B (B8 2.4%) . Rk, 53 Gv) B9

AlA R R i A =
3.4.3 AMPA TE Bottleneck AR RIf BIRIHEBERT H

Fr $E/) AMPA 25 ¥ Bk T W] DA% A 7E Backbone Fl
Neck ZHEAERIAN, 0] Lhiix ATERRZE 245 (1) Bottleneck
SER AN [ AR R AR TR B ok, F2y .
1) Bottleneck (%] 8(a)) #rif Bottleneck Z5 14 (JG AMPA);
2) AMPA-Bottleneck-Standard (|%] 8(b)) ¥ AMPA & T4
MZ G . 5% & iE 2§ ; 3) AMPA-Bottleneck-PRE
(1] 8(c)) ¥ AMPA & TH 2. 4) AMPA-Bottleneck-
POST (/4] 8(d)) ' AMPA # T3R2iEHZ ) ; 5) AMPA-
Bottleneck-PARALLEL ([¥] 8(e)) ¥ AMPA #5535 FI5F-
AT

¥ 3 W[, 7F Bottleneck AR AS[EI{7 B A AMPA
e 25 B #2520 Bottleneck #524F Al & 77 $2 B 2 8] 9
“HEHL R ZLHEE” , FE mAPO.S A AT
RO, M4 AMPA-Bottleneck-PRE %5 5%, HE 2 114
TE Bottleneck Z 1, SeXm ARHESETTHEZIIINAL, X

% 2 AMPA i1 5 $ AT A 69 %) vh

Table 2 The impact of AMPA parallelism versus serialization on the model

Model mAP0.5/% FPS
Baseline 87.8 76
a 88.7 (+0.9) 71
b 88.5 (+0.7) 71
c 89.5 (+1.7) 72
d 90.2 (+2.4) 69
c d e
X X X

AMPM
F(x) F(x) F(x)
Bottleneck AMPM-Bottleneck AMPM-Bottleneck AMPM-Bottleneck AMPM-Bottleneck

-PRE -POST

-PARALLEL

B 8 AMPA # 3k /£ Bottleneck 11z & & s ik it. (a) 4=/ Bottleneck £#) (L AMPA); (b) AMPA & FTARZ B, REEHEZ
AT; (c) AMPA & T £/ 77 (AMPA-Bottleneck-PRE); (d) AMPA & T % £ 542 & (AMPA-Bottleneck-POST); (e) AMPA 5
BARIAT AT & 48w (AMPA-Bottleneck-PARALLEL)

Fig. 8 Integration design of the AMPA module at different positions within the bottleneck. (a) Standard Bottleneck without AMPA; (b) AMPA placed after
convolution and before residual connection; (c) AMPA placed before convolution (AMPA-Bottleneck-PRE); (d) AMPA placed after residual connection
(AMPA-Bottleneck-POST); (e) AMPA parallel to convolution with element-wise summation (AMPA-Bottleneck-PARALLEL)
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% 3 AMPA /& Bottleneck ¥ 1< B4z & 497 58 3F bk

Table 3 Performance comparison of AMPA at different positions in the Bottleneck

Model mAPO.5/% FPS

Baseline 87.8 76
AMPA-Bottleneck-PRE 89.9 (+2.1) 72
AMPA-Bottleneck-POST 89.3 (+1.5) 71
AMPA-Bottleneck-PARALLEL 87.2 (-0.6) 68
AMPA-Bottleneck-Standard 90.2 (+2.4) 69

FEAT Bl T 5 2236 BUSE A sk ot 3R 45 T 9 0R A0 G MR
B, MIMSEEL A PERERR T . #RYE AMPA-Bottleneck-
POST 45 5, 7 Bottleneck fix J& A X iy 4 4% 4F 9F 47 1
AL BAR A A B sR Ak, H ) B
YEASRTE “R i B0k MRRE LAy, RT3
IRAETHRERE (N 1.5%) AU PRE Jr 4. MR4E AMPA-
Bottleneck-PARALLEL 458, 7EJf-A745M, “HBR4
7 HCAMPA 43307 45 A A ST A FEAR R A RRIE, B
JE RS AT, BT AMPA 53 BURRELE R — {42 1
TR S, SR ETAMEAR, BT
R (k> 0.6%), DL LSCIRZE B, B AMPA fibl s
GREEMEG, BERMEE IR AT IRERZE
FHEANTE, TEFRIEERR AR IA [ kU], PR3k
S He i 1) mAPO.S #2 T+ (BN 2.4%). ERKUL, AMPA
B AR LR S5 B TR UME” I B, AR
FIWUHI RS TR ETE BB AN T, DT A B 5 2 ks
BESET
3.4.4 AMPA 5EFHER S EERET

F T VA R R R PERE, ASCIE S BURE
JURPERE B AL AT L, f446 SE. CBAM 1 H
B JIHLE] (self-attention), B AIT7E I 26 2244 v i £ B
5 AMPA-Bottleneck-Standard {3/ B —3%

7S 4 AL, AR R I 72 (R 50 BT X A5

TR R AR M Z R, FEFENETSER
FIREBXTREAE 1Y G T 4E B A 7 AN TR] . SE AUSG T # iE
i, BARSHOTE B/ IMBEETHRS B (5N 0.4%);
H 43 77 (self-attention) 7 42 Jm) 71 il PN G 37 R AIE AR 56
#, Mt LRESHREEE N LT X, HHEEZNIT
B, AT NN 11%) 53806 K . EmET
R AE H ;. CBAM (W] B A 34130 30 N 25 [a] R 7 TRIE R T
FHIL B — AR 0 SE, TERRIZS {58 1A A iR,
W 1.3% 1TEEEEE T, AMPA-Bottleneck-Standard A~{Y
XTI IE ST A, A TS EEE T, WA
PEFFELEAN IR R Gl . 25) . A by EoeME, &
LA T mAPO.S $2 T (5N 2.4%) . Hlitk, AR
Bl 2] WS R O R AT R,
SRR ISR S R AR ERERY 2251 s R, B
U H IR . A R REE LS, e
SEPL G O PERESE T . AMPA A E5] AJ5, Bottleneck
ZERE REAS AT SO AR OCERRAE , $RTHBEAAE T) H AR T
BREERNAT 55 Th B R IFZ AL RE T o

3.5 AEHIMEESIEXTEE

T B A SO R A R, A SCR A
YOLO % %H 1 YOLOv8"?, YOLOV9'"', YOLOv10""
T YOLOVI 1! VR %ok He AR AY | 336 I oA 260 4 {25 g A

4 AMPA 547z & 7 L]t A xt tb

Table 4 Performance comparison of AMPA with other attention mechanisms

Model mAP0.5/% Parameters/M GFLOPS FPS

Baseline 87.8 9.4 21.7 76

SEY 88.2 (+0.4) 9.5 21.8 72
Self-Attention”” 88.9 (+1.1) 12.3 24.2 63
cBAM" 89.1 (+1.3) 10.1 22.1 70
AMPA-Bottleneck-Standard 90.2 (+2.4) 10.9 23.1 69
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), FRAEBEBGH 2 #SA Bottleneck #bk , R, A
W BT i AMPA B 53 2 LS DL B DU AR B0
Jr 7k A R
3.5.1 TEXEEE I RBARAE EHEA TR S

AR SCHE T R B AMPA B 43 il A YOLOVS
YOLOV9, YOLOv10, YOLOvII B4t 5iL4s
D EAEHGE % ] BAR AR Eb AT T8 L, S TR R0
iR AMPA B AR, A SO YOLOVI1-AMPA
TET) AR T AR 25 SR AT TRk, IR T #4
FIEXFEE (] 9(a): YOLOVLL; [£] 9(b): YOLOvVI1-AMPA).,
&9 Js 7 HAEN % T BA R FRRI g R, 4558

AL T WIHE . BRpEFE . EEE AR, JrExt
e AMPA BT BALR I RE 7 ) R0 o

%5 R T B YOLO B3 5 R YOLO %41
B R T B E LS s g, WE T
mAP0.5, FPS. GFLOPS K& ¥ IUAMHEFx

A E 10 fde s, EEXRUNRE G bR, ok
J& BIAHILE mAPO.5 FlITE£5-5 1Y mAP0.5-0.95 #5845 L34
T BERT, TARUET AMPA B8 A 850HE:
TE mAPO.5 f8 ¥5 I-, YOLOvS8-AMPA M 88.1% #& 7 &
90.8% (+2.7%), YOLOv9-AMPA M 87.8% #2F+% 90.3%
(+2.5%), YOLOVI0-AMPA M\ 86.4% #2712 88.5% (+2.1%),

oo
defect 0.85
&y

defect 0.78 |
pe=

Fefect 0.774
Y |

Arys

foefect 0.69 Jdefect 0.78
l! P

A
c

A a
LALARAY

B9 71 AHEE LGTANL R, () YOLOVIT; (b) YOLOVI1-AMPA
Fig. 9 Visualization results on the cutting tool dataset. (a) YOLOv11; (b) YOLOv11-AMPA

%5 A%t YOLO Hix5/R45 YOLO A3\ kg Finss Rk

Table 5 This paper compares the experimental results of the improved YOLO algorithm with those of the original YOLO series algorithms

Model mMAPOQ.5/% mAP0.5-0.95/% Parameters/M GFLOPS FPS
YoLovg" 88.1 48.8 11.1 28.8 72
YOLOV8-AMPA 90.8 (+2.7) 49.9 (+1.1) 12.8 30.3 64
YOLOV9'"™ 87.8 47.6 7.3 27.6 70
YOLOV9-AMPA 90.3 (+2.5) 48.9 (+1.3) 9.1 29.1 63
YoLOv10"™ 86.4 47.9 8.0 24.8 83
YOLOV10-AMPA 88.5 (+2.1) 48.9 (+1.0) 9.6 268 75
yoLov11"” 87.8 48.7 9.4 21.7 76
YOLOV11-AMPA 90.2 (+2.4) 50.0 (+1.3) 10.9 23.1 69
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YOLOV9
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YOLOv10
YOLOv10-AMPM
YOLOv11
YOLOv11-AMPM

mAPO.5/%

20

0

Models

B 10 RREAE 77 B3 3EE Loty A st b &M R
Fig. 10 Accuracy comparison bar chart of different models on the
tool dataset
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e o FE 12071, i 5 A AL 7E mAPO.5
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Fig. 11 Visualization results on the NEU dataset. (a) YOLOv11; (b) YOLOv11-AMPA
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Table 6 Comparison of experimental results between the improved YOLO algorithm and the original YOLO series algorithms
Model mAP0.5/% mAP0.5-0.95/% Parameters/M GFLOPS FPS
yoLovg"! 76.9 434 11.1 28.8 70
YOLOV8-AMPA 78.4 (+1.5) 44.2 (+0.8) 12.8 303 61
YoLovo™! 76.7 42.4 7.3 27.6 66
YOLOV9-AMPA 78.1 (+1.4) 43.1 (+0.7) 9.1 29.1 59
YoLOv10"” 71.5 40.4 8.0 24.8 79
YOLOV10-AMPA 72.8 (+1.3) 41.1 (+0.7) 9.6 26.8 71
yoLov11"” 74.8 425 9.4 21.7 71
YOLOV11-AMPA 76.1 (+1.3) 43.5 (+1.0) 10.9 23.1 65
F :|: ~
80 YOLOVS 4 25 p
70 | YOLOV8-AMPM
YOLOV9
60 F YOLOV9-AMPM e ok 3 4 'y
YOLOV10 ZIKB‘C%TXTJ-}%%EE‘JU M%JT{%’E: J] ,ﬁ\%%ﬁbﬂ/]\@%f‘a
K 50 == YOLOV10-AMPM Al N - . e e
2 YOLOV11 K s A7 A IR, B T —Fp SN 2 IR T
g 40y YOLOV11-AMPM ) ) ) n
30l ML (adaptive multi-parallel attention, AMPA) #He . 7
20t Ao, ¥ B I8 I8 1 & J7 (star -channel attention module,
01 SCAM) 55 #ii 35k -25 [6] Py [F] ¥ & JI (frequency-spatial
0

Models

B 12 REER A NEU #3485 a4 & 2t ik &0 B

Fig. 12 Comparison of accuracy of different models on the NEU dataset

bar chart

attention module, FSAM) J:17# 17, Z5& 0T a4
B, SR L R S-S RREE Y F S DRl G

B UE 5 R A R, A SO AMPA BEH A Bl A R
YOLO & ¥ % (YOLOV8 & YOLOv11), 78 A &#ny
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Abstract

Objective Precision cutting tools, as the core components for the construction of national key equipment, have attracted growing attention
to their quality. Micro-scale defects on the tool surface, such as cracks and bumps, expand rapidly under high-intensity machining
environments. The defects at the damaged parts will be continuously amplified, which affects the performance and safety of end products,
also severely restricts the efficiency of product processing and manufacturing. The defects on the surface of cutting tools exhibit much
smaller morphological and texture features, and this greatly increases the difficulty of automated detection. Therefore, the development of
efficient and accurate micro-scale defect detection technology for tool surfaces has become a key factor in intelligent manufacturing.
Although a large number of research methods related to different attention mechanisms have been proposed in the published literature.
However, when these methods are directly applied to detect tiny appearance defects on the tool surface, the following two key problems
will arise: 1) the problem of difficulty in identifying micro-scale defects. When existing attention mechanisms deal with the morphological
diversity of tiny defects on the surface of precision cutting tools, they lack effective coupling and expression of channel features, resulting
in the inability to accurately identify key information. 2) The problem of defect texture diversity. When facing the diverse texture features
of complex defects on the surface of precision cutting tools, traditional methods fail to make full use of frequency domain information to
capture subtle changes in defects, which affects the accuracy of detection.

Methods To address these issues, a precision tool defect detection model is proposed based on adaptive multi-parallel attention (AMPA).
The core architecture of AMPA consists of two functionally complementary sub-modules: the star channel attention module (SCAM) and
the frequency-spatial collaborative attention module (FSAM). Adopting a parallel processing mechanism, the two modules mine defect
features from different dimensions: SCAM focuses on the channel dimension, strengthens the nonlinear coupling between channels through
star operations, and captures the key channel responses of micro-scale defects; FSAM integrates the frequency and spatial dimensions,
extracts full-frequency domain information using fast Fourier transform (FFT), and fuses spatial structural features to address defect
localization under complex textured backgrounds. This parallel design can maximize the preservation of the uniqueness of the two types of
features-SCAM and FSAM have low feature mutual information (low redundancy), and the total information entropy is higher than that of
serial structures (preventing subsequent modules from overwriting preceding features), laying a foundation for efficient feature fusion.
From the aspects of actual processing lists as follows. Initially, a star-channel attention module (SCAM) is constructed, utilizing star
pperations to enhance nonlinear coupling between channels, thereby improving the representation ability of key channel features. Secondly,
a frequency-spatial attention module (FSAM) is designed to combine frequency domain and spatial information, effectively capturing low-
frequency, mid-frequency and high-frequency features as well as spatial structural information in images. Finally, the fusion weights of
these two modules are dynamically adjusted through learnable parameters to achieve adaptive feature fusion, enhancing the detection
performance.

Results and Discussions The dual improvements of the proposed methods demonstrate that while incurring a controlled computational
cost, the AMPA module not only enhances detection accuracy under a single threshold, but also strengthens the model’s comprehensive
detection capability across multiple scenarios and evaluation criteria, fully embodying its application value in multi-category industrial
defect detection. Experimental results demonstrate that integrating the proposed method into mainstream YOLOv11 model can achieve a
mAPO.5 of 90.2% on a self-constructed precision tool defect dataset, achieving an improvement of 2.4% compared with the traditional
YOLOvI11. This result validates the model's effectiveness in detecting micro-scale target defects on tool surfaces. Additionally, on the
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publicly available NEU steel surface defect dataset, the proposed method can reach a mAP0.5 of 76.1%, surpassing traditional YOLOv11
by 1.3%, demonstrating the model's robust generalization capability. In summary, by fusing channel, frequency-domain and spatial
features, the AMPA module not only improves detection accuracy under a single threshold, but also boosts robustness across different [oU
criteria, effectively optimizing the detection performance for multi-category steel surface defects and verifying the effectiveness and
practicality of the proposed method.

Conclusions Aiming at the problems of existing attention mechanisms in the detection of micro-defects on the surface of precision
cutting tools, an adaptive multi-parallel attention (AMPA) module is proposed in this paper. First, the star-channel attention module
(SCAM) and the frequency-spatial attention module (FSAM) are executed in parallel, combined with learnable dynamic weights, to realize
the adaptive fusion of channel-dimensional features and frequency-spatial features. To verify the effectiveness of the proposed method, the
AMPA module is embedded into mainstream YOLO series models (from YOLOv8 to YOLOv11) respectively, and evaluated on a self-
built precision cutting tool dataset, achieving a maximum improvement of 2.7% in detection accuracy. For testing the generalization ability
of the algorithm, further experiments are conducted on the NEU steel surface defect dataset, with a maximum accuracy improvement of
1.5% obtained. Experimental results show that the AMPA module not only significantly optimizes the detection performance of small-
target defects on precision cutting tools, but also effectively enhances the recognition performance of multi-category complex defects on
steel surfaces, demonstrating its wide applicability in enhancing feature representation and improving model performance across different
industrial scenarios. Although the proposed method shows effectiveness in the detection of micro-scale single-category tool defects, it still
has limitations in complex industrial scenarios: its adaptability to multi-category micro-scale defects needs to be enhanced, its robustness
against interferences such as extreme illumination and blurring should be improved, and the real-time performance under lightweight
deployment still has room for optimization. Future research will further improve the method by introducing lightweight module designs and
other strategies.
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