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Abstract

To address the problem that existing detection methods struggle to balance accuracy and real-time
performance due to the small scale, low contrast of surface defects on touch screen components and
their easy confusion with the complex background of flexible circuits, this paper proposes a light-
weight high-fidelity detection framework PDN-YOLO based on the improved YOLOv10s architecture.
Firstly, the traditional convolution modules in the neck feature fusion network are replaced with
Partial Convolution (PConv), which reduces the computational load while preserving the deep re-
ceptive field and improves detection efficiency. Secondly, the dynamic upsampling module DySam-
ple is adopted to replace the traditional static interpolation operator. This module utilizes a spa-
tially adaptive sampling mechanism to alleviate the edge blurring problem of tiny targets during
the upsampling process. Furthermore, the Normalized Wasserstein Distance (NWD) loss function is
introduced to optimize the bounding box measurement mechanism, which mitigates the excessive
sensitivity of traditional loss functions to minor positional deviations and enhances localization ac-
curacy. Experimental results on a dataset of 1510 touch screen production line images containing 8
typical defects such as foam, adhesive film, and FPC connectors show that compared with the base-
line model YOLOv10s, the mAP@[0.5:0.95] metric of PDN-YOLO is improved by 2.1 percentage points,
reaching 87.1%. Meanwhile, the single-image detection latency is reduced from 6.9 ms to 5.9 ms, rep-
resenting an approximately 14.5% improvement in detection speed.
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Figure 1. Overall architecture of PDN-YOLO
1. PDN-YOLO 24EH
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Figure 2. Structure of PConv module
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Figure 3. Flowchart of DySample module
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Figure 4. Structure of NWD module
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Figure 5. Schematic diagram of light source setup
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Table 2. Eight typical defect categories
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Figure 6. Schematic diagram of augmented images
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Table 3. Experimental hyperparameter settings
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Table 4. Impact of PConv optimization position on algorithm performance

5% 4. PConv AL E X E AR

scaG Backbone Neck P(%) R (%) mAP@O0.5 (%) mAP@[0.5:0.95] (%) Params/M  Latency/ms

1 95.9 97.7 98.5 85.0 8.04 6.9
2 V 95.7 96.5 98.3 85.2 8.36 5.7
3 V 96.3 97.7 98.4 85.5 7.47 5.9
4 V y 96.2 97.5 98.0 84.5 6.86 52
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IAS ARG FEE 5 2803 (1 o (P18

Table 5. Impact of DySample optimization position on algorithm performance

% 5. DySample it B XM E LRI R0

536 Deployment Strategy P (%) R (%) mAP@O0.5(%) mAP@[0.5:0.95] (%) Params/M  Latency/ms

1 Original Baseline 95.9 97.7 98.5 85.0 8.04 6.9
2 Layer 14 96.1 99.0 98.5 86.5 8.93 7.0
3 Layer 11 & 14 95.3 98.3 97.9 84.7 8.95 6.5

3.5. ERAsCIE
At — 25 W 2% O AR R AE SRV TR ) ST S AOR, A SCIR IV RS AT IRAE, R UNFE 6 B

Table 6. Comparison of ablation experiment results

=z 6. JHBASCIRLE R ¥TEL

S PConv  DySample NWD LOSS mAP@0.5 (%) mAP@[0.5:0.95] (%)  Latency/ms
1 98.5 85.0 6.9
2 ~ 98.4 85.5 59
3 v 98.5 86.5 7.0
4 ~ 98.6 86.2 6.9
5 v 98.0 86.0 6.2
6 98.2 86.3 5.8
7 98.5 86.4 6.2
8 ~ ~ N 99.0 87.1 5.9
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45 R R, PConv 5 NWD 4512k 3 45 & I G ARSI (1) 52 7% B, 304 s AL B2 AR AIE (R B AR 77[201].
SEES 7 FRATIRAE T PSR A R P R 28 N, [P SR AR R S B AR BRI RE T . MR 22 4H S A
R, SEE 8 SRR SO i A, BRI EAER mAP@[0.5:0.9518 3 87.1% ks 2, A4S
DR FERREAE 5.9 ms, BILAESRIR L) 14.5%, FERTIAS BE 5 R0 i 2 b 35 Sepl R ms, A Sl Tl % 5t
55 H AR ) o B2 S E i R oK .

3.6. FHETIL 4R

N T EEMHIGUEAR S PConv A1 DySample A6 HAE ff2 5 il /)N SR B AS I o i) 28, AR SR
RFALE B T 10X 2% v [ J2= i LR R AT T AT RS B AT o R A Pl o B P o ) PR AL, AR R4 0T 1%
DS RFAE M B 0 5 T w0 PR PR €, DRI AL P S A1 o

3.6.1. PConv R AL E

FIN PConv LB AT & IRFAESGE 6 L Q] 7 Fron . SELRMERY i TS iRy St 4%, 724k 7 KBS0
TLAY, SR RIX I I R A B S T N o G X 2 R P A 1 LA I K R SR A,
T 55 DX A5k 1) TC A0 7 52 A AR €, T SR S RS HERI R FE FPC ERE B AN oA b IXIESE T
PConv /ERBRAGI NS, HA T 18 SPITHRRFIE R £k

1.0

Baseline Features Improved PConv Features

Original Defect Image

Feature Activation Intensity (0: Low, 1: High)

0.0

Figure 7. Comparison of feature activation maps of the PConv module

7. PConv 1B EHE EIXTEL

3.6.2. DySample #IRGHMEIE

EhAS L REERIH DySample HIIUGRERCR I 8 Fizs. fEGiESIHEAE L RFER 75 5 it ik m i
By 8, SEGLL MR I RIE D SR . SR B DySample BEHUG, 2% 58 ot 1538 S SR RENL DS 41 F 22 4
X3, A FPC 5] 1 RA 3 4L A58 B S B I . LR (IR LD (B AR S, . IX % W] DySample AEWSF 2K
SRAEA IS B AR TE SURRA,  KIRHR T I 15 (1R AE g

Baseline Features

Original Defect Image Improved DySample Features

Feature Activation Intensity (0: Low, 1: High)

Figure 8. Comparison of feature activation maps of the DySample module

8. DySample #RHR4FAERGEEIXTEL
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3.7. MW SZHM S

NATIAS EER A ERE, % 7 B8 T PDN-YOLO 53457 i H bRk 50927 [7] 25 S 96 3R 55 R
[0t B4 o 52 BRF e K 1 S B0, Faster R-CNN 5 DETR %5 5 74 [ 4% (1) 51 [ iy [ AU RE RS 388 5 26.0
ms. B TZEMARIMIS R MAE I 5 R AR E R 5 REEAULAD, X RBAAE 5 mAP@[0.5:0.95]F 4%
RBEAE 77.3%. MEZ T, A3CH K PDN-YOLO 7E4EHE 8.2 M BB S AN R, K 2 BRI i
R4 5.9 ms, 78502 T LA S sem TR . AR, 887 mAP@[0.5:0.95]1X — 1% L 48 hn
FIRB] T 871% M Em MK, AL YOLOVIO0s 27+ 1 2.1 NE 4 sl £5 EFTi&, PDN-YOLO 7Efil#% bt
TNBRBARTIAT 55 R I T R BIZRE0H, SEIL 1 RS BE 5 B2 1A RO

Table 7. Performance comparison of different algorithms

F* 7. FRIEAMREXILL

B Params/M mAP@0.5 (%) mAP@][0.5:0.95] (%) Latency/ms
FasterR-cnn 44.6 86.8 66.1 26.4
DETR 41.3 99.0 75.3 26.7
RT-DETR 36.4 98.7 77.3 28.5
YOLOvV10s 8.04 98.5 85.0 6.9
PDN-YOLO 8.2 99.0 87.1 5.9

NPl 22 YA 38 50 SRS RS A A RE T IR TSR, AR IR GG IR AR HEA T 0, 7E AR R
L LT E YRS . IR RNk 8 A, BLALYE R 4G EE (ORIGIN) L ) mAP@[0.5:0.951M 87.1%.
TE 5] N\ 0T 5 (GAUSS) S5 HER R 75 (SPYIIB L T 5 1248 R 70 AR FFLE 86.9% 5 87.2%, A I i & I 35
RS miE B2 BRI (BLUR) 51R A B AMIX) 5, /NME T 85.9%5 86.4%.

Table 8. Robustness evaluation

8. BT

Test Environment P (%) R (%) mAP@0.5 (%) mAP@][0.5:0.95] (%)
ORIGIN 96.0 98.9 99.0 87.1
BLUR 99.2 98.9 99.1 85.9
GAUSS 99.0 98.3 99.2 86.9
SP 99.4 99.2 99.2 87.2
MIX 98.5 98.9 99.0 86.4

BeAh, fE BB s, BRI R A ETE 98.5% VL b, BEAARIE BT FIRFAE . X 1 4
Yo I A RA T SRR IR ST IR 2R e P B AR X 2% BAIG 1 R I 1 S SCER IR, D fs
SRIERAE ST TR . RN, X AR S BRI GRILEI R R 51 AL 3G, TR e A e fb e X I
AR, BROEIE 7255 BRI ELEGE[21]. RIREE R, ARSCFTHRITVEEBRAH & THEA
(7] W 755 A1 IR SR IURE 77, R % 20 A2 10 AL AR 37 5% o 2 30 L 85 o 1K) 2 P R 42k

3.8. {EREZN S SERE TG % o4
JNYIE PDN-YOLO 57 (I 255 5E PE S RAIE 2 ST RE T, ASCER I T AR AN I R 0 A PRI 450 0K bR
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Rtk 55

BN S 2 YEREEEPAE AN 9 P, WSUR BB AR BT LG Y, B IIL FAE [ Ak 5
TP RBRAE NI T AR, IR NSRRI TR E . BN RR I 1=
GRS, X R SEEAE R AL A (] Tt AT 1A RUIs 5, R R R A Uik 5 I R A
Pho BEAh, WZLERS VR B2 rT A5, B AORERA . [ 3 DL R PS80 L P (ELAE VI 2R 0k 52 v
AL G BHEAAE T r, TeWI S BIVE I 5, 2 — AR W] 7RO 0 R ) B AR RE S5 R R 2 AL RE

train/box_om train/cls_om train/dfl_om train/box_oo train/cls_oo
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i ~e— TEsults 4
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Figure 9. Curves of loss function and evaluation metrics

9. KRB AN IR AREN LK E

3.9. B IHERPAK 14 BERS AL TG

229 JEIR T AR )\ 28l 7R (Bl B K AR AR I 45 SR . PDN-YOLO )54 mAP@0.5 5 mAP@[0.5:0.95]
I AIEE] 99.0%1 87.1%, HAGREESEH I mAP@O.5 BIERIFAE 97.5% LA b, IEWIRAAE R 2% Tk 5 F
B0 RHESERRE T, BeA R SR . I BARSTIRAE, Xof b =y FLES BRIs b i “ e f”
“hR2edt” BT 97.1%5 92.1%% 5 mAP@[0.5:0.95115r . AHLLZ T, “HREFELT” K& 2FE Wk 5
HRMRIEMIES, M “FPC JEHER" SHBEWNIEIE T . T 1X P G2 5t 8] A B2 1) 2L
SKREEFA, HRERFEAR 5> B % 81.0% 5 81.1%.

Table 9. Detection results of eight typical defect categories
9. J\ A HBERIEI ML R

Class P (%) R (%) mAP@0.5 (%) mAP@[0.5:0.95] (%)
all 96.0 99.0 99.0 87.1
B BRI 97.4 99.6 99.5 86.1
LR 96.1 98.6 99.5 85.5
ek 94.7 100 99.5 97.1
ALY R AR 96.7 98.9 99.0 88.0
FR2E4R 93.5 96.9 98.5 92.1
JLAs A 97.2 99.3 98.7 86.2
A 96.2 98.3 97.5 81.0
FPC &4 3% 96.0 100 99.5 81.1
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K10 JRom R AE S PRk TS 55 R IR 2R . R <68 SO B AR IR KM R SO X B S5 T
I, PDN-YOLO 1 Refe iy 3 Sl 22 RSP (138 FAE R o JCHAEARBRRFAE A 25 1K) “REBLAR” A “ 8
BRI I, BT T 0.89 5 0.88 FITHINEAGE; X FHRAEEZ 1 “IME” , BEEE 0.96.
FIRE RS E EIEARWIA . UESE PDN-YOLO H 2B is R IE N e ) 58 Wk, 75 & Sebr A il
IR L7 K o

Figure 10. Detection results
& 10. #MEER

3.10. AFBIRSEZAMEREE

N T PR IR R AE 5 I (R S S AU R AR RE . ARSI NAE R R R R AL AT
JECSE B % ) 4% PCB 2 TR AR AT M o 1280 B2 B S I S (0 SR R I S R AT 4k, B 5 I AL
U RS SRS ARG, X RR P S AR B R B LR J0 4 T T s k.

ERMAL R L 10 fron. HXAERMSGEE ST, PDN-YOLO A/ H sl &, 4
2 mAP@0.5 ik 98.6%, FEHIR 5 A [0 HIEE] 97.7%M 96.5%. AL, FE 11 HSzpriil e &, i
FHAE R AR R S m A SO G TN, BERURIRREXT IR FL DA S5 AR Gl N b S B v B4 P RO RS 58
P o IX— B ATUREGE 78 /0 UE B, A SCHE AR BUTE ) V2 () B 1 G 3 AR S5 SR AT 45 L & S 1

Table 10. Defect detection results on the VOC_PCB dataset
%2 10. VOC_PCB #iEEEERIEH ML R

Class Images Instances Box (P) R mAP@0.5 mAP@][0.5:0.95]
all 267 534 0.977 0.965 0.986 0.728
missing_hole 267 88 0.960 0.989 0.993 0.725
mouse_bite 267 93 0.979 984 0.994 0.765
open_circuit 267 104 0.989 0.962 0.994 0.741
short 267 74 1 0.941 0.985 0.747
spur 267 97 0.948 0.948 0.964 0.700
spurious_copper 267 78 0.987 0.969 0.991 0.687
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Figure 11. Detection results on the VOC_PCB dataset
& 11. VOC_PCB #iB&ERNER

4. &g

A ST X fids o AL AR R TR R ROBE S/ . % bG BEAR L 5 5 2 1 Pl B SOURA S R M i, $R T —
FhIET 2t YOLOVI0s ZEK) FIERFE RN 5% PDN-YOLO. 156, I EH PConv X 20 HE4FAERL &
W26 AT iR AL FE A . 12 R PR B ) 2 T AR M, TEAR B IR 2 B2 B AT S, SEIL T R TAl
R THE B S A AE VG e SO A AR ok, RS FoRFER DySample B ACHRA LT (EH
o FHLHIG] T WSO KA 23 [ R A TR I I X I, o T R 4TS SO 1 TR I8, et g Ji
TN ORISR . B, E T 51 NI —1k Wasserstein £ 55 NWD 55 B . 38K B8 5l 7
MERROAES I m M 0 A, MR T A G038 7 LU O /ML B 22 SR P P 1 ) 8, 3k — 2D 5 17 I 2%
XSS B AR ERLRE T o

FE A% Bf VAR 45 B A SEIRPRAE3GIE T PDN-YOLO ZEFJFIA 2. SHIURILLRA YOLOV1O0s
FHEE, St J5 M FVETE mAP@[0.5:0.951F8 4% 2T T 2.1 ANE 20, B3] 87.1%; L EIIEE B 6.9 ms
AEFIZE 5.9 ms. SHBAF IO B IR 2% S AN e #e 25 4R A L, PDN-YOLO TER RS FE 5 Al i 2
(VA T U (R P, A s B 58 R A AS AT 55 R AR B — e 1 LA A 770 2RI, SZFR T304
TEE RIS IIEIN, AR SR SRR S R TS AT G N . AR SRATE TR Rl e 2 B 7 5 5K
BUEFABEAR R, ERYEEHENSHE SITHEERENTRT, S PHER) i FEER IR Tk
NGB B TR B S S BRI

E&WH
WA RFAAH DI 2RI H (S202510385014).
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