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Abstract

Metal sheets are vital to core industries like aerospace, automotive, and bridge construction,
where their quality directly determines the safety and lifespan of final products. During
production, fac-tors like material impurities and equipment wear often cause surface defects such
as stains, scratches, and cracks, which can lead to structural failure and corrosion. As
manufacturing stand-ards rise, detecting these defects has become essential for maintaining
quality and optimizing production processes. To address this, this paper introduces a detection
method called PPMA-YOLO. We first replaced the standard YOLOv8 backbone with a lightweight
PP-LCNet struc-ture to make the model faster and more efficient, using the H-Swish activation
function and adding an SE attention module with large-kernel convolutions to balance precision
and speed. In the neck section, we improved the Multi-Contextual Attention (MCALayer) and
combined it with multi-scale feature fusion and small residual blocks to create the MAFR module.
This module, embedded in the detection head, helps the model capture refined features while
avoiding common training issues like gradient explosion. Finally, we updated the SloU loss
function with an adaptive weight and a shape-matching cost, allowing the model to better locate
defects of various sizes and shapes. Tests on the NEU-DET dataset show that our method is highly
effective; with a model size of only 4.8 MB, it achieved an 83.87% mAP@0.5. Compared to existing
methods, PPMA-YOLO is both more accu-rate and faster, making it an ideal solution for real-time
defect detection in industrial settings.
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Figure 1. PPMA-YOLOVS8 Architecture Diagram
] 1. PPMA-YOLOV8 £4#4[E
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Figure 2. PPLCNeT Architecture Diagram
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Figure 3. MAFR Architecture Diagram
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Figure 4. ASA-SloU Architecture Diagram
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BAER S Windows 10
GPU nvidia GeForce GTX 4060 8G
CPU PR = AREEE 7-13560HX DU
W 1E 32GB DDR4 3600MHz

Python 3.8.19
Torch 2.3.0

CUDA 13.0

CuDNN 8.8.1

ENZ 2 i FEMEeL yolov8n. yaml B 4L HL & SCF . A SCEFR) YOLOVS S B WIEK 2 FiR:

Table 2. Training Parameters
® 2. %sH

SLIG S ZHH
EREL 100
&R/ 8
WG 2] % 0.01
BUE 0.0005
LN} 640>640
A2 SGD (Stochastic Gradient Descen)
4.2. SEIOHEEE
L BRM AR, S4B R B . RmiAsE Y 75 2 5 & A% NG 8 B e 1 B8 1 BAAGZ

Ry PUEA SRS ALK

ATFH NEU-DET <BJ@ohasiinte. HRETAAINREL, 08 71
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Tl A P2 I R LS P R B 2R . B AR IR AU 5 1800 KA EIME, Y50 ES 1 /N FIAN A BB 2
W1, 43 )& 2440 (Crazing) « 3% 4% (Inclusion) . B 5 (Patches). i (Pitted Surface) . #.4L %1k fZ (Rooled-in Scale)
AIKIJE (Scratches) . #RFEFE WA 5 BT

ZHARERA LU U RER A, A WA BT PR . SR ARSI AR R
B, HARESZAE, HFEMM. GRS 2R B E s REAARR, K2
REERFERECAE T3 H T R R . B RO T &BR A EEE RN S5, MUX S, %
St R . TEASZRENE: FIEBBEERR. KN, TRMALE FAEES, BREA R &Rzt
8T AN PITASBARERE IR G S0 G, A SO EIR S 8: 1. 1 MELBIRERIRI - ISR EE . WIEEE
AL o

b)s=Z¥(Inclusion) c)BEER(Patches)

d)==#(Pitted Surface) e)E H.E1LE(Rooled-in Scale) fZHE(Scratches)
Figure 5. Dataset defect categories

5. BuRERIEILE
4.3. SEHIEMEAR

TR IR R P BE L AR SCAE ARSI AR R RS 2 P(Precision) . A [ # R(Recall) BL
MAPso(I0U=0.5 [R] 3 {H 1 J50kE ) B R AR i FAN Fa bn s EA R Sl A M FE B DL 28 . AR AR AR
(Model Size). F iz % & (Flops, Floating Point Operations per Second)

DA S A3 AR i (FPS) A R A 99 265 14 e () 48 A

PEAG R e 5 B A VRIE R, Wk 3 Bk

Table 3. Detection metrics confusion matrix

& 3. WIMEFRRBER

HSE L SIEEES
1EH Sl
1E TP (HEIEfFD FN (1)
J% 15 FP (R IEH] TN (FB)D

4.4, SLIREER 55T
4.4.1. NEU-DET XtEEiRIE

N T AR A U P 2% (R B A PR R, FRATTHE PPMA-YOLO 5 i &%) NEU-DET $ie4E T 47 %t bt
SENG . SEHRINEE 4. K5 iR
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Table 4. Comparison of lightweight experiment results for various algorithms

FT A BEREFREBUTHERITLE

Model Parameters/M FLOPs/G FPS/s
Faster-RCNN 137.09 190 13

SSD 26.285 62.7 22.6
YOLOv3 103.669 282.2 46.1
YOLOvV5 2.504 7.1 48.8
YOLOvV6 4.24 4.3 72.46
YOLOv7 37.620 106.5 27.9
YOLOvVS 3.007 8.1 45.5

PPMA-YOLO(QOurs) 2.367 6.44 111.11

Table 5. Comparison of detection experiment results for various algorithms

® 5. BSREZRNTRLERIEL

Model mAPs50/% Precision / % Cr In Pa Ps Rs Sc
Faster-RCNN 75.47 42.28 36.0 84.0 95.0 86.0 64.0 88.0
SSD 69.2 57.8 36.8 79.2 85.4 69.5 61.9 82.2
YOLOv3 64.9 63.7 414 78.7 86.5 51.0 50.1 81.7
YOLOvV5 73.7 65.4 455 82.3 90.8 77.0 63.1 83.7
YOLOV6 72.7 73.0 40.6 84.3 89.4 80.5 63 90.2
YOLOv7 75.3 66.1 45,1 81.5 92.0 75.1 62.9 89.1
YOLOV8 75.57 71.27 46.8 79.5 88.7 74.5 64.2 90.1
PPMA-YOLO(Ours) 83.87 80.4 65.8 79.1 89.8 87.4 67.7 925

MFE 4 G A BAT DLE Y, AEES BRGSO TR SR, B S BN T HAN 2 s g,
17 U8 YOLOV6 7 2.14, 1B FPS T iR E vk, M A RIEie 7+, B SH N T35 .
MR 5 SEEGZE R AT LA, TEFSE mAPS0 J7 T, ASCHEH PPMA-YOLO R, i£3] 7T 84.5%,
FEREEILF T 80.4. HE YOLOVT, B (Precision) FISESFE A (mAPS0) M AR = . A8
BT ARSCRAY, R BE Faster-RCNN Al AR 44 BERmy,  ELRT ISR A 22, M DA 2 0T 4 J@ 3R Tl
S B RS 1) 75 >R o 117 YOLO 28471 B8 ARAG IAGE 58 3 58 1S A 558 1 XU B AT T4 71, (H A SC PPMA-YOLO
BEEET YOLOVS R LA |- ek, K P ik 31 80.4, FPS iA F) 111.11, i 1 k5 & A B, 20 T YOLO
FERtARE AL

4.4.2. jERHEEIE
N T BGAUEREA SRR RO, AR B IZ A0 A VS SO () 5 VR ATV RS G, BT I A
ELERINE 6, HARREMERWNET.

Table 6. Ablation results of detection accuracy

& 6. MARBEHBER

Num YOLOv8n PPLC-NET MAFR SIoU MAPs0/% MAPgs/% P% R%
1 J 75.57 42.27 71.27 66.05
2 v v 73.79 49.56 73.54 72.78
3 v N 79.36 44,75 80.73 67.91
4 v J 77.80 44.28 68.07 73.80
5 v N v J 83.87 50.33 80.60 76.98

Table 7. Ablation results of model lightweighting
7. BRAREWERER

Num | YOLOv8n | PPLC-NET | MAFR | SIOU Model size/MB Flops/G Params/M FPS
1 v 5.38 8.1 3.007 455
2 J J 4.63 6.21 2.285 132.73
3 v J 5.55 7.54 2.774 93.26
4 v v 5.48 7.32 2.691 155.06
5 v J v v 4.8 6.44 2.367 111.11
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TSI EE R UG, SE30 1 NFELRAETY, A IIDRS B FNE B A K. 5256 2 K PPLC-NET AR
BT, FEHTREWET, KRR EIR T 1.78%, 15 Fps A B me Tt . 5246 3 K4 511 MAFR
FEHREN N B 2050, B 752 = A MRS B2, mAPS0% s T35 26458 3.79, [FII Fps A FTie T, (HAHE: T 5L5: 2,
Fps BAK . S48 4 UGt 1oU R 3E RN FR BN 4 2 s 8, IR 28 i 3t 4 A% B e i O USCSIGE R, ke 7
Fias, SEU6 4 1 Fps Beimn. SE06 5 R BEHOL RIS N B SE AR, MR TR 45 YOLOVSN, {EH FEE Al
W FEAA RS KSEEJT1E, P(Precision). R(Recall). mAP50%%: #4217 9.33%. 10.93%. 8.3%.
[E IR K /N . 7 A BGE 5 B (Flops) 70 33 /b T 0.58/MB. 1.66/G. FPS #7517 65.61. X LUpudk {155
B8 SER SR AR AL, 8 T30, RIS R, SE 3 2 T4 8 2 T B e A ) 222 5K

4.43. GRTLS T

N TR B AT AR AL A3 AT AR SRR YOLOVSN JE AR A 6 NEU-DET 35 45 T ¥ 42 J8 2 1 Bk i R 1iF
IR DGVEREE, {8 Grad-CAM 7 BAAE i J1El, 4l 6. Grad-CAM(Gradient-weighted class activation
mapping) JE I TF 5 B ARSI AN T RS B 2 AR B B0 B, kA4S BRI B b AN (channel)
(R EMEARE, ARJE X AR BT IR AN, A 5K A% 2 S 7% PRAG h xoF 9 4% e 5 e B TR X 45
IR, DA s 28 0w A5 B AN B

I 6, FTLAEMAEH, RS EFERAR . RILR, WRSERME(Cr). Bk (Ps).
MEZ T, A3 PPMA-YOLO KA B NvE B SR A, AHALT IR LT BA TR AR A I G . BEX I
b DU, TR [F)RE R H R B, (HAR R T AR ST A, 4 W B o SR o7 5 0 €0 B R L SR
ORI I G 3 B A ST SO R B0 7E S B A DG P R vy, TR A B R AE B R Ay T EE A
Rt

Figure 6. Heatmap comparison

& 6. mAEStE
B 7 N SR S ASORE RUAG I S SRS b LR O REA BRI A B, 5181 6 AT IR R . S %S
PUTT DUACEIL, ARG I 435 2R (1 A AR T A SO R AGH I 45 SR 1) LA P o RIS e ot (Ps) — 2 ARG 45
FHIF HE AR 0.86, (HIEILIE 6 # s BT BT BUA LA SORE RS Sk B AL P Sy 2 T g o ] L AR SRR
T RS 5 A X < R T SR BRIDURFALEAZ A, o BRI o LA M0 SRS A4
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Figure 7. Comparison of results between the original model and the improved model
Bl 7. RHEE S SR NS R 3T

5. 45RIE

ARHEH T —Fi 3T YOLOvSn # ) Bt & B R ISR, %8 PPMA-YOLO. @i

% MobileNet B4R, FRATRA R EMR M2 E55) PPLC-NET i3 FM2%, AT 75T Mca #l
% RPEEFHERLG 1 MAFR A58, 50020508 & @ sk Ah 2R 2 2%, ROBEARACR S5 PG S 9 (Y R e . 3R
Tt 7REALEAS ToU, SE SOy H G N TR AN 0 2k R 28, RIS TR0 52 A iR, MBS pe RS v A I, [
AT LSRR S, SR I B . G DA b RGO A SR ST 1Y T < R T R R A ) P A PR A ek
DYSEIE

SAKITE . PPMA-YOLO HERYLE < J 2 ok B A M U AT 1 R 28 ke, ANOG 2 17 ol AR 7 rpots

R BRI 75K, RS Shum il B R A T AT MR T 5. ARV TS R AR D LA R A 52
I PERE, FRTETE 2 I Dl Soh AT B AT
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