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Abstract

To address the issues of limited computing power and high inference latency in mobile device fabric
defect detection, this paper proposes a lightweight model named MR-YOLOv10s based on YOLOv10s.
Firstly, MobileNetV4 is introduced to restructure the backbone network, and the universal inverted
residual block (UIB) and mobile multi-query attention (Mobile MQA) are utilized to eliminate com-
putational redundancies and reduce memory access costs. Secondly, a structure reparameteriza-
tion RCS-0SA module is introduced in the neck network. Through multi-branch reinforcement in
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the training stage and operator fusion in the inference stage, the accuracy loss is effectively com-
pensated without increasing latency. Additionally, the SCDown and C2fCIB units are combined to
enhance the feature purification ability. Experimental results show that MR-YOLOv10s has 4.18 M
parameters and 12.5 GFLOPs of computational power, reducing nearly 50% compared to the base-
line model. Compared with Faster R-CNN, the inference speed is approximately 8 times faster (only
3.1 ms per single instance), achieving a significant reduction in both speed and energy efficiency,
and adapted to the deployment requirements of mobile devices.

Keywords
YOLOv10s, MobileNetV4, RCS-0OSA, Lightweight

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|8

iZNAE A EREF I E Lz —, 5=l E R g s sw S Do, B, ZWsia
Tl E MAEGE N T AE BB, BRetb R . SR, SEPRA = st W AMUAAE BE KR, A ER T
FER 28 v F2 3) FOR R 50 4 S5 50 ) B RS2 BR sl 37 55 . X S8R By 1 6 08 2 BR T it 2E iS5 ARM
BERGREBR AR B SR T), X ENERAEELEIR . A AE o R R LU T RO R R SR . BRI, R R —
FRIGE LT R s I R I R G, X T SR a5 1R AR 1 ) Bk Fa A AT L .

FESE ) B Rkl Bk BB EUR A B B AR, @it N T3k IR, Ak B 3L A Hi B (Gray-
Level Co-occurrence Matrix, GLCM)Z% 4t 112£ 7775 1]. Gabor 28 5 &5 S B ARAE 79 Mr[2] A S J T 7 B 1H- A5 46
PR AT ik, SREMSWIR . (H2, RGN EX H 7 Ik R E R, SRR
PRI /NS5 B PR VR IR FEE AN tey M DAAE B2 23% 22 A8 1) A 77 B 5 rh SIS I b B2 1) B 3R - B 2012 4F AlexNet
MFR, BREES SRR AR, JERET AL SREROR[3]. BT, B TR ST B Antar il
ST 53 N B (Two-stage) AL B (One-stage) P k2. WU BeAS I DL Faster R-CNN A4C#, @il 1
A BRI X S AT 4 2%, ERARORG FE B s (B YE Tl P L M DAY A S 75 3R (4] SR BEAS I LA SSD AT YOLO
RYNVNARIEK[S], BB AE— T A& R R 58 i B bR 7 85 8 A, 7218 SRS R0 1R ol Asr U Sis 2 300 H
BRI N FH AT 5

76 HARKE AL S5 fdERE A, Redmon 25 AR HI YOLOVI KA IR AZ S — N B E BRI 2%, KIEIR T
TR 6], JEEE YOLOV3 51 N2 REETIN 55k 72 E W2, B9 10 230 il Res JRURE AR Ak, PR3 3 fg
1[7]. Ultralytics FIFAJF % ) YOLOVS K H] CSPDarknet 5% 7> B & 454, CAEYT L T S k6
ZRIF[8]e Tk SR T YOLOVS JUla i ks I Sk 5 o Fp e Rl SRS, 7 22 FhROHE 1) IR T
S5 SEIL T IS T ARG FE S TR I

SR, 1 B Gy R 7R 7 HE 2 B B ATY A0 38 3 B KA #0171 (Non-Maximum Suppression, NMS)J& b E 347,
FACAVERR B & I TUNME . 755 152 IR i N sRak A8 shim 132 &, NMS ARV K OR S B Al AR 5 5 # 4T
T, W5 SO R SRS, AL R, YOLOvVI10s J8id 5] N XUE AR2E 7 FL e, R
BT X% NMS FORH, S2Bl T BOE = A5G 2 (End-to-End) A,  7EBES F R & H w0 FL R B IR
[9]. {HXF T FH R L0 SRR Th#E 5, JRAE YOLOV10s [ T MBI FAE— e i U4, HAEdE
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R RS, 5 S B0 ST N BRI IR AR e B8 70 R B . o 78 248 15 3 2135 i Rcker D32
BRI, SIS SRR Bl AR L AT RE SRR, O AT FT A A

2. MR-YOLOv10s &5

RSP A IR AR () e B AR SR Ak, A SO AN T THI AT e

(1) B FMEEREIE

5| N\ MobileNetV4 ZExt R A48 M 45 31T FE ). MobileNetV4 J& Google &%} # sl & 4= F & (£
& CPU. DSP [ NPU)BLiH ol — R B B TR . et RS REAE Tl i i F /1 (Hardware-
Aware) [ LR RER, M8 7% O 7T RE(]5% Z P (Universal Inverted Bottleneck, UIB), LA ffiH
BT X6 3 ik 2 AR Ak 1 7 B i 22 2R 7 /I FL#] (Mobile Multi-Query Attention, Mobile MQA)YE & itk
UIB HEHUTH g2 B i EbE vt e X, 8IS ERFE 4R B 4R 2 2 a) ROVE T B IR FE T 4 B 4
R, SEIL TR AEA SR AR K H & N ULEC . Mobile MQA IR RIS WAA VT R EL R, B3R
TREANINE RS AR, X% thoE RS S EE M BE [ G B R 25 . MobileNetV4 1L 51 N T I#HZ
X 2% S 44) 48 2% (Neural Architecture Search, NAS) RIS, iAW AR I R S FTE, BEEES
HRF I B &

i%#% MobileNetV4 HA% G R RIFE T H e M IRJZ @ 8 E RS 23 BUR AL 3 i H R IUAR, 18Rk s
ST A B E e B ) SO TE o IX BTN O R 4 TR S HOAE, T OCER 1 2 i
A FEFH A TR T WAEVT IR A (Memory Access Cost, MAC), X222 2 uify T RF 1% £ 75 I TR 46
DI R b 0 e A A ) R R A ) TR R

(2) FEHFHER A M2 L

BB X 28 A2 B AL R R AR SR AE RE ) 23 055 HO 2 52, AR SCHE SR Y 2 (Neck) 51 N 1 B T4 1) =
ZHMNER G BYCR G S5 13 T B R & [ SE I 5 (Real-time Convolutional Stem with One-Shot Ag-
gregation, RCS-OSA)REL . FLHE AR 7L T I I 454 H 2 44k (Reparameterization)F A, 7E I ZRH B g
TR Z 3@, SRR W . BRI FASSE S I G RE ) AEHERRRY B U i A 2 AR
W20 3G I NI ER, SCIAEA = AR BN EER IS ZE R AT 52 RS B2 G4 Tt . 165 RCS-OSA B4
C2f 1t &R B IR B A (One-Shot Aggregation, OSA)WL GE % 2 & 4R IEAE 2 2L 1d T ) TUR T
SRR, AR B TR E AT S BN B EAE SCRFIE R 8 S S AR, T FE R A HE SR 4 e K
5 5] RA EE A5

AR R A2 B ) MobileNetVa - 1M 4% 5 & RHEHY 52 88 /1 H) RCS-OSA SR BEAT P [R5
B AWTFERE T —MET YOLOv10s B i sl ik, HHar 48 MR-YOLOv10s. %A Jf
AEE HiB KRB — 4L (S HUAR I, T2 B0 TR 3 bm SE A 20 R SRR FE 5 5 D FE I e (P48 A
I IS E R R R, BAEME —RERE R BORM R B0 A, R 3T & S
Wi )32 PR AR i o 7 22

2.1. BEARUHHE

2.1.1. UIB Bt 5 B EN LRI E

MobileNetV4 FIFEAZCAE Ti8IE UIB #I 1—ANBA m RGN E 2R . UIB 1o #E
e R B AR & (0 GPU IIFAT1HERE /1S CPU IS AL BERE /)) ERRINZE =
HAR I EE L5 TS RIE IR B 6 A7 (Depthwise Convolution, DW)Jf AL &, #2457 B 1) Extra DW RE%
BRI IEAZ T, 1 (A6 B Y Middle DW U0 =T JR 5 2 [A] (R HE Sk dit . e ahtgtn &) 1 s
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Figure 1. UIB structure
& 1. UIB 254

FELUIER AR S5 b, UIB F 75 REJ& PEARBLAE X SCRARAE R 8 R e b ol ik i) NAS S,
TR R S a1 728 ConvNext 4544, FIHTHTE 1 AL IR LB AR IR AV R T 2 A A2 2L 42 Ry A
P AR REENRZ M T, B B Y)Y AT 2% B HE R ZE R, A R BRI
JEIR N SE B IE [R5 LR . XA EET RS SIS T, S E T A RS R HER B T St
MRARICAREE,  DUOR B X BRIE I E R E B AR S S, ISR R S 1 T 5 5 5 HE R RE Ak
Gi—.

2.1.2. Mobile MQA #L#

Mobile MQA 8 i % H JEXFR K A 1) (Query) 5 ##{E (Key Value)$& s /72, X B 1t B S k4T
fiifl o FEALFRAAVIGRIANE S I, MQA SV ALAE CRFF AT I IR B8 /7 )[R, S0 B VB P 4 52 AT He 4
R PEARGEAT o5 FH[10] o X PP B T 7E RN BE B I 2R B 77 o) P AR BT, SRR 7E — 5 1 B ORIE R RS 2
[FIF, AT RS LE RS B G BRI N AEAT 55 N, 0SRORTF R IF I 4 RS2 B2, TR TERSBR NMS X5 ik
BTG, RIANRHES 58 B RUFHIRAEE ST, AR T REUR 2N S SRR R A o

Mobile MQA R T Zkikm i3t =, HRIEAXN:

(X ) (sr(xyw*)
Ja,
Mobile _ MQA (X) = Concat attention,, -, attention, ) W°

KA, X AR IKRE, jOIATERIIRINR S, &k 84 B CMSLIBGE WY, i IEE
SIEE R —4H Key Ml Value, S¥r1HE MHA (BAKEA LA K 1 AHLE, MQA KIEW/> T S%& .
[N SIS (A A A AR (SR(X)), KIEFER T AR TR R 4.

2.1.3. RCS-OSA BYHEHEAME

M 4 5] N[ RCS-OSA #EHLI B HTE T R A il 7 o 1) A A7 385 1) R 11 ] AR SRR C2f AR
BB AR EE , (HAE M5 2 2 S BORE M MRHE B FURE N A7, 3900 7 %% 8l (4 D€ . RCS-
OSA il OSA g, K2 ZHR A, i — ke .

AR S AE T F 25449 T 2801k (Reparameterization) B BUF R . BRI ZE I Zhad Ferbr, @i 1 x

attention = sofimax (SR (X) w” )

(M
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1 5 3 x 3 BHPIFATEEE, H5m 7 RHEE S REMHERRTE, B8 S BB R B/ N R FE (5 5 AT $R L
FEHERRIT B, X887 S0l It 5 il & (Fused Kernel) 45 2R AT B SR, AEATHFEBISMT S B
TRIATHE T, A RS 7B ISR A SRR R

2.2. ERIWEEH

22.1. BEWE TR

BT Mg 2 B B 21 W) Bh B KR AR Y OC B 45 K, MR-YOLOv10s R H 1 % Btk 1)
MobileNetV4ConvSmall {E AR EN T T[12]. 1Z%F T WP IR T AESRIRHE TR I B (Stage), 4
FIXTRCNEE 0 2 4 2. XM SO E TS @ TIEM N ERE, NE SRR G RE T 1E
WHZEH 5T .

BARZER AT, 50 A1 SR RRESCR I B, #EAGE 2 24 FEJE, FHEEIE RIS RE
A TR G 5R, 3X —H 5> Ju B gk I 2 REAS Bt 7 OrbE . o ss 2 JZ(P3)fanth Rk 7y HE %
1/8 [ARFAE R, H T e R B 1 AR e (10 2 (B e 2 5% B2, BT DA 1 A A B i 4 /N AR (1) G B2« J2 41 3 (P4)
fith 1716 REEMFAER], HT-FE SURE ST REMKEE. EHR 4 PHVENE T Kz R A&k
TR LEE R 1/32 REZRRERE.

FEH TP 2% 0% R o, W B T RHMIE(E & R i 58 5 2 I Pud 7 |] 4 7 5514k (Spatial Pyramid
Pooling-Fast, SPPE)EHRFIH 5 x 5 BRI FBESIBAEAE, EAMIMSEIETHE T KBS EF, el
MAHFIE 52 2 U5 SV R . Bl S 155 6 /2 PSA RBEHGE I 6HA 2 ik BT B8 70 B IE & s, 55
ORI e 5 4 JR) ) UART 73T R RIIR B2, A ORoE N 90350 190 5% I 1100 AR A0 5L 8 J2 B8 1 S 12k

2.2.2. FIEBMILE

FER N 2% B 2 RIERHEXN 7R & 516 BRAE R Tife, AW H RCS-OSA B E ) | FPN-
PAN IERATT R,

EE BN RERAES AT, REEEEAE R, 205 ETMEEEH 3 MZ 2 ki) H
(AARFAEREAT S P . AEM R, RCS-OSA BEHUIAR A48 C2f 25, VR NG M BIm £ 1.
AR FH B S ARG G G R R R AT R G B, 72 ROR A RHIEAE 5 BRI, K kD>
T ZHAER S N AR R SE R R, BRI T AR S S Dk

fEH NI BB R RFEERAEH, MR-YOLOvV10s SRE | 2 A 3G i e ng . 25 13 2R PR R 2 1tk
G R T O ) R 4 o SRR JE RIS O (2 2 & T e S BIRZ M R, 28 16 /Z18id 7 SCDown 15
P AT 2R KA, R S A B 1 5 1 4 7 (B A BOR SR B, R A RS 5 . FEE ARSI SR AT
P JE M By, AL A C2CIB Hot, FH & R BBk 2 M 20 2 KRG 5 i m e e i T3
aff, iR 7RO S8 O RUEE BB ) e S B

2.2.3. Bk

MR-YOLOV10s [P 25 S5/ TESE 19 JE R TR = AN REE 5> 3 (P3, P4, PSR ALK .. X =0
AR E A AN )23 8] 2 R A A, BN 640 x 640 SRR, KISk 23 HIFE 80 x 80, 40
x 40 F1 20 x 20 =ANGERE EREAT HERTUN . X PR TR AR T SBVENT AR 3 B A TH B ) 20 s 3 B
AR R

AR SL AT AR EE T YOLOVI0s [ v10Detect, AlISkBSOX =ANor S i, Gl il 72k 5
[ U5 5 450 A AR 5 SR o A o 4% 445 g B o X1 T X 44 MobileNetV4 [HJRJZEE A, DLATE SIS R TG
iz H RCS-OSA F{RE SCDown, SZHL T —E 5T Xf £ 3 i B A8 BE A0 AL (1 PHER A R o X PP 2R R AL
A EBRUR OB 7 R A AR BT A, IR IE I TE NMS A1 i B it PR HE R, 2 T B
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LR E S B ol T8 Xk i B SIiF MR 28 1 e K
MR-YOLOV10s FJZEEAREERIUNE] 2 FioR o

v
c2fciB I PSA 1k oo

1x1 Conv

FFN

Concat
.
1x1 Conv
'
RCSOSA One to many Head
4
s B

= -

f —> One to many Head

RCSOSA One to one Head
* —>» One to many Head
PSA » Concat ———  »  C2fCIB

» One to one Head

Backbone Neck Head

Figure 2. MR-YOLOV10s
2. MR-YOLOv10s

3. IRERS S
3.1. SLIFfEE

Fi ST S — 56 3% HAR @ MRS N s il SR E 5T, 45E RS0 Windowsl11, f#H
Python 3.9.19. torch-2.0.1. cull8 fAEEIREE S~ > HESE . A {4 e B 5 1 56 D EE 2, AR SO FH P 1 L AR i &
ZHE 1 R,

Table 1. Hardware configuration and parameters

=1 EHEERSH

TR LR 2

CPU Intel i7-14700 k

GPU 4070
GPU &7 12G

PR R RE T, TR MR AT SR E, oS80 TGS RAGER R, H
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TR AL KR BB E Y 200 > epoch, iER/INA 16, HIER 21504 0.01.

AT FUR IR B 2 T & TR Ak SE 3R A R o 28R SR A LA LA 48 T I SE R Tlk
A, BE T ZMEIRCEEE R T AMEG, 2 E A Skl SURAUR I AT BE g, B
BOR AR AN . AR TR O Y 8 KB IE, 205 Bdla g sy 78 45 AT 70 FH A S0 B 46

3.2. JHRLSEIE

AT BRSO 5 AR T E RE R SRS DT, AR FT BT TR A AR e A s e, BA
JR 45 YOLOV10s NFELLARIY, 7558 4 — BRI T, B2 5] N\ MobileNetV4 £ T5 RCS-OSA &k,
T RS 25 RAank 2 fios.

Table 2. Ablation experiment
2. HASEIE

Backbone Neck mAP@0.5 SHEM GFLOPs
] J546 0.79 8.09 24.8
MobileNetV4 ] 0.602 3.95 11.2
MobileNetV4 RCS-OSA 0.618 4.18 125

AT i S 56 235 SR wT LR I«

(1) Z4H T8 A% 1 ) MobileNetV4ConvSmall Jii, 1 -T-iZA5H 5 51 K ME S fa] 1 5 AR A% 3t
BT SHCERN CSP 45k, BIRSLEL 7S ERIRE . SHEH 8.08 M BUKE 3.95 M, i tLHiA
51.1%; GFLOPs R[%7T 54.8%. (B8 THREMZW, BAKRERIERE A TR, mAP FRKE] T
0.602;

(2) £ Neck 5| A\ RCS-OSA HEHE i C2f, EMIEIG N 0.23 M ZHEIIRTHE T, FIHEHESH
HEAR BLIFEAE FE RN 22 0618 1.8% 34 2 iE BH 17 38 i 3 o 300 19015 S IR B ke T B T2k
RIS SRR, TER Bl R 20 o R 4R 3 7R FE 5 3803 10 e P 487 s

(3) MR-YOLOV10s #AR AR T 3428 YOLOV10s, SEE A% | 48.3%, GFLOPs [£1R%) 49.6%,
HEEIETE T4 35%, fERIEEEIMFER, (R 7SRNG, B sl /2 W
WEaE R

R RO T R SR A ] 3 AL 4 B, da b s BT R, A5 R ISk P X 4 4 A
L mAP (9 E T EE b B 5 T8 A MobileNetV4 2%, [&] ' (0 d 28 58 it g, X e
IR ST N A 28

3.3. ERE L

A FEE TS MR-YOLOv10s 5% 8811 Faster R-CNN #E47 0T bS8, BaiF LA Tk 32 Fh 0 18
SEIG B LE I BT E ARG RS B AT SEAA AR BT 2 R, AR 8 BRI AEAS I RCR B 225, X begh S
% 3 fioRe

Table 3. Controlled experiment

%% 3. XJEbsoig

P 2% 1L 2 mAP@0.5 ZHE/M GFLOPs Ao U []/ms
Faster R-CNN 0.629 41.6 912 25
MR-YOLOv10s 0.618 4.18 125 3.1
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Figure 4. The results of MR-YOLOvV10s
B 4. MR-YOLOV10s HyZE5R

WIS P BAE H, MR-YOLOV10s fEFEALRKE |54 MW Bt 5% Faster R-CNN AH 4 (R U KS FE
M, EREAIER SRR R T B SRR . TERIIRE B 58 R B 1,
4R Faster R-CNN ] mAP@0.5 Fabr LA U RS S HH 2 1.2%, (HE TR ZE LA AL 41.6 M IS 5E LK 91.2
GFLOPs [1ig 5 ffi{E MR- #HEEZ T, MR-YOLOV10s IS Em{0 N 4.18 M, ZINETE I+ —,
1M ELH A5 R ORIRZE K 12.5 GFLOPs. IXFh S UKF 1) 2 P Z W45 Faster R-CNN 24 25U i =i 14 B8 IR 55
A RABIZIT, (H/& MR-YOLOv10s W G858 &b b0 2B 75 55 ) SZBR (08 sh & ui sl FRERE I %% b, K
e AR T A2 8 A
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FEAS I S B D7 T, AR SEE 3R T U N i 3% o Faster R-CNN K UG B R U [ FE 4Ky 25 ms, 7E
T AT AL ST SRAEFAEE T, A% S i s A0 B AR 5 B3R o T AN 5 240k 5 1) MR-YOLOV10s
A 3.1 ms BIAT SE i — Vs B (O HERE RE , AT LR TE 120 8 £ o ARAR ARSI I 1) AN DURA P 147
BRSO P a3 T R GUWBREG, SEONRS S s IR AL 7RIS 0UA, A BT SR B A i DA
IBAT T RIS DIFE R L, SEA T RS s SR A (1 e 1]

4. g

AR ST T4 TR 28 3ty S % 21 18RS T 4 X AR B A BV E AR B T 3K, 7E YOLOv10s HESE i
o EFEN SR E T MR-YOLOvV10s 84 . @ idt 5 AN 268 & A RE M 1] MobileNetV4 X 45 8
FEF, FHTREEFZEPL S Mobile MQA HLHIRI B TUARTHE, SRS HERIEL YOLOVIOs T
2] 48.3%; FHXRE FEHIRHETS R B, fES I RCS-OSA B 454 SCDown B, F|FH 4544
FEBHAFARLEHEEE N B SIS FE I AR B kb o SEIR 45 R, 7RIS B 5 2 g XU BE SIS Faster R-
CNN EAFEFH AT T, MR-YOLOV10s I Z B AU JF 4 1 1/10 24, T TF8 KiERE % 12.5 GFLOPs;
AR, BTN ()Y 75 3.1 ms, 4G 8¢ Faster R-CNN 3271 72 8 1. %M A% T RERLS
KR, A2 IR S PR B R AL 7 — M ik, AIRDIRE I AR FE AE B A I T 28

AR SC BRI AR T P4 R AR PR TR, (R R E Y ARM B85 B NPU _E40AT
EAMINRERAL . RAKIRZIET TensorRT BY OpenVINO (ML EAL I 7R, Kt — BT E A4
Feshin ERIs TR 1. FIRHE T8y MobileNetV4 ST ¥ R R, BRI 5] N RCS-OSA #HEbRsz
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