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Fig. 1 Network architecture of the RT-DETR-R18 model
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Fig. 2 Network architecture of the LightRT-DETR model
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Fig. 3 EfficientFastGLU architecture
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Fig. 5 Structural comparison between Convolutional GLU module and ConvFFN module. (a) Convolutional GLU module; (b) ConvFFN module

Cascaded group
attention

=
C'o
g%
ce
£

Split

G

E‘g t
Self-attention I

Token
interactiol

Concat & projection

Output

Input

Token
interaction

B 6 CGA Z& /)Ll

Fig. 6 CGA attention mechanism

250117 (Page 5 of 18)


https://doi.org/10.12086/oee.2026.250117

TG, % G TR, 2026, 53(2): 250117

https://doi.org/10.12086/0ee.2026.250117

3.3 ES-FPN $5E& FIEM L%

RT-DETR £i#lrh | CCFM fii Hl T PANet KL £
REFRHAERIRLG . HARROF ki i [ T A
L) & R A R R BB AR 1 3 BLRE N RE ST, H
FEAELL R =AFE RS 1) PANet HAESE RIS AHALZ
RIWFFIE . X AMERIZH, FRiE(E B T2 L is 5
= W 1 227 QO 7 (R W L] e e e 1
R, I 0 I T RE T 2 s RV Rl 1 SR B
IUHRAS AR SR S FEIE R PT il 2 PR A ABE 7R X6 S 6 2 A
fRBrFE R SIRE 1. 2) FERLA SAUZHAFERT, PANet
o T TR 1T XAF 8 o XA 4 23 ] A 4 1k 4%
YRR L, R Oh sk S T RE I SN S
WO AL, TR RS AR B AN BN RAE
3) M) 4 FIE LS AR R AR R R B A .,

FHIN TR BT . FE PCB AR ek kAT S
ey salll [ Rl By Y-l = 2 3 A Yy & SIS N e e
PR A ARE R AL o g LRI, ACSCRE —
P RGEBEEARIE & T IS 4, FLM K5 He Nl 7 Jor
No Hrp, S3. S4. SSAHIFRRET ML 3. 4.5
K Bed H AOERAER, N3, N4, N5 23R &g vy 45 4
TR B G 1Y 22 RO ARAE ] . ES-FPN ZE44 3 2 il B fiE
VR 5 H1 5k RetBlockC3 AU AE Rl S A LA 1K
3.3.1 FHEZEBEBIR

18 8 73 & 1AL (channel attention, CA) # B A1 4 F
VL (dimension matching, DM) #& £t 78 ¢ 11k 1% £ o #2
A R A CHE R . BRI, CARLE, nl&l 8 B
N, EEXEARER £, € ROV HEFTAL R, Hirh C R

JNIEIEEC, H WAy RIS RRIE B R S BRI
TR 53 ) 285 42 ey Pt AL A & S dpe R Ak A, 3k AS
WL A2 Rt G B, B P A AR R SR TRLG . JF
i 2 —4> Sigmoid ¥ I bR EL Az K B A E AR
Jea € ROV X BERYER 5 [5G Rk (K12 8 B A e, SEBE
Xof o L A 0 B i A G ASGE I PR, T SRR A
AEE O E R . TR, &) CA BYUIAURE
I El %5 A% DM #ide, DM BiHuld 1x1 B, FoRAEE
BT SRR E X REAE A 223 6] 73 B3 R A TR
NGNSk @ﬁLﬁ%ﬁL%ﬂ*ﬁ@@m
AP IE AL 5 AERE XS SRS 2, REETE
PRREIHLRRAS 70 4240 2 RUSRHMEM A SR S, JFhes:
FRREAIE RS RRSI AT 5 H A1 s o ot A R IR SR
3.3.2 HEK RetBlockC3 HARERL- &AL

FRIERL G BEHGE S BRI RS PUR], (= 2
FRIEAE A A DR R B R E 5 B . SE
Tk 2 0od 3 A BRI AR AR A 7 RUBE ) ke DT i
TRIERHERI ST, AR5 R S AT R i AR
i I ROBERRAE oA AR B o I Hal i e )24
fIE NS ANZAb 2 B fehi A Mt ay , o RREEE A R T
WEBZE & E R IR SUE R . WA RERL & f b i it
SR, A ST SR [22] I BOR g, BRER T
RetBlockC3 #idk, &l 9 s, Hrh C12 Fonk A FE
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Fig. 7 ES-FPN architecture
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Fig. 8 CA Module architecture
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Fig. 9 RetBlockC3 module architecture

MaSA H5- 3 B 5[] b A9 R 080 (B v
IR #EATRE, IF5 KT ) B R B R
PR M T MaSA(X). X Rl R e 21 A
A, BRRE T AEREIILE RGeS, G
IR TSR

4i
)/i — log(l — 2_(2+ num_heads )) s (5)
Attny = Softmax(QuK},) © D", (6)
Attny, = Softmax(QwKy,)© DY, (7
MaSA (X) = Attny(Attny V)", (8)

{p: DY =y, DY =yl Hobn s m O BER
RG]y AR T i HEESRRS], =0, 1, -,
num_heads—1, 17T RT-DETR-R18 45 8 ANEE 13k, Fr
VI num_heads 1 85 Qu. Kud3 il 7K -7 0] 1 A 1 Fl
H; Qw. Kw/irillohIE BT [ AcifFis; v R EAERE
DY DYy 5k 2Ky ) R L T A R DR R

4 SWEERIH

4.1 BIRENR

ARSI T AR BEALAR A TP S 36 % KA1 1Y

FREECE 4R, B E P A 693 5K E ik a1 6 Fh
PCB BREAZEAY, B AL. B, Rl Jeil . 24
R, HEKIE AR R 2777 pixelx2138 pixel, 47K
R 3~6 MFE . DIZREE . BUEAE ALK AR 4 L
7120 HARBHRGEE B 1 R,

A1 HBEELE

Table 1 Dataset information

Defect type Number of images Number of defects
Missing hole 115 449
Mouse bite 115 411
Open circuit 116 453
Short circuit 116 433
Spurious copper 116 473
Spur 115 443

42 TWIMNESSHRE

LY & M EF R85 GPU S RTX 3090, WA7H
24 GB, CPU 4 Intel Xeon Platinum 8362, PNEHN 45 GB,
B AE R g8 S B B 58 Ubuntu 18.04, Cuda 11.1,
Python 3.8, PyTorch 1.9.0, % AREIYIZRME K/
B B A 640x640, batch size WE 4 4, epoch & & K
200, SR BENAE LI AF AdamW, FIhR2E 2] %
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900001, Ief BEEA 1.0, oA aw CEE 5 I R 40 ol
Z B0y BBl 0.0001 A1 0.9, B (04 A] 1 6 T
hsv_h iX'# 4 0.015, hsv_s &N 0.7, hsv viZE N 0.4,
JUAA] A8 S 48 5 J5 17, translatei® B4 0.1, fliplr %84
0.5, scale I HE 4 0.5,

4.3 TN 1ERR
R T AT AR PCB AR 11 3k i A6 00 258 SR Ay 462 00 55k
W, R BRI (precision, P). A K (recall, R) .
SRR BE M (mAP) A A S YR RE Y F AR bR . ik
PRI S He (Params) . 7155 5 (GFLOPs), A% il 3 J&
(FPS) S5 S8 I iy i AL HE B RR A4 5
TP

= s 9
TP+FN ©)

TP
P=——, (10)

TP+FP

AP = 1PRdR 11
= [ P(®RYR, (1)

C
AP = —= 12
m - (12)

Hodbe TPOREIEG], RIELRLIE RS0 A IE AR A K
FN 2R, RIS BRI E S SR AS ) IE AR A R
FPIERIED], BRI O TEREAS B SRR A R

4.4 RO

4.4.1 [EIHAET R4S H

T B 3 W4 Sk R A R, AR SCTE RT-
DETR WyJ&ah I, 8 T AR R T RAE XL
Xif SR IR AR RS b AYSEIR 2 e 2 FTR .

7% 2 A0, EfficientFastGLU-18 7 H #5346 T 4%
AR ERE . 5T E ML, EfficientFastGLU-
18 AALFEAE T A E 4, GFLOPs M 57.0 5 % 46.2,

BRCEWIN 19.8 M/ F] 154 M, iS55 1808 19
HERERE, TRE 57.2 fis, oA RIZBARISEHL T i
KiKs B, H mAP50 355 96.9%., X Fh 41 () PERE 2
FHRTHAGH Mt f G R E R R TR
K, Convolutional GLU #455 T RFEHEERE 1, 1THEAR ]
LRSS R LA NI TE SR TN B 2 (RIS T R AP, AH
Wz F, HABAEILN EfficientViT Hl RepViT S IR7EFE &
TR, (EAGIPRTRE 75 2 90.0% i 88.4%,
A A I B S SRR AR T R IE B ELAE 1 . Fasternet
Fl MobileNet_v4 HSRFE FPS RIS, 435lik%)] 64.9 Fi
64.0 f/s, {H mAP50 FHXTAAL, 43510 94.4% F1 91.5%, 3=
B EA TR RBAEE AR EESEIBO THIAFAEAN 2 o EfficientFormer
V2 BRI T8 19 mAPS0, {H FPS B W AIG, Fe it
TAERFE SR BCICR FORGE FEFA Bki . 3 25t b
T EfficientFastGLU-18 7£ H b A6 AT 55 v S B0 2 800%
TR B ) R R
4.4.2 SIAR T BREEES T

A SCAE EfficientFastGLU-18 1 M HH5 | A T 343
LR, BB Peonv HP A —AN B S F00E I 18 18 46 U
KW ro rid/haS8UGEERL, EWRHERIAGET, r
HREFIATURITE, FABRIKOR, XA SO0 =i
T RAGKAE., 258 E 3R, @45 N T =
0.250 245 5RORM Fe A7 5 . SCIEUE R, AH
F 7=0.125, r=0.250 {f mAP50 &7 T 1.2%, 8 HEY
W 1.5%; FHLEE 7=0.500, 7=0.250 {435 HH 7] F) A8 I A
B, R E R 5.7%, HEEEER R 7.1%, X—
BEREAAEIS VA T 15 B OR R S5iHRsce, Wrest
B HIE RS A R OGRS B, Rl RE R TR
T

M F1E EfficientFastGLU-18 15| AT PConv, Frli
AR BECRIE BRI FRR R s, I H S AR AR ESE

k2 ET G SR ETIL

Table 2 Comparison of improvement strategies for backbone networks

Base model Backbone network improvement mAP50/% GFLOPs FPS Params/M
RT-DETR Resnet18 (baseline) 96.2 57.0 56.4 19.8
RT-DETR EfficientFormer_v2 95.7 29.5 44.7 11.8
RT-DETR EfficientViT 90.0 27.2 321 10.7
RT-DETR RepViT 88.4 36.4 455 4.4
RT-DETR Fasternet 94.4 28.5 64.9 10.8
RT-DETR MobileNet_v4 91.5 39.5 64.0 113
RT-DETR EfficientFastGLU-18 96.9 46.2 57.2 15.4
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% 3 EfficientFastGLU-18 5k i 1~ A #4918 38 45 W B -F r 22 Rtk

Table 3 The results comparison of EfficientFastGLU-18 with different channel reduction factors r

Reduction ratio r mAP50/% GFLOPs FPS
0.125 95.7 45.5 58.8
0.250 96.9 46.2 57.2
0.500 96.9 49.0 534

e MR A A SIS

PESGRAZE 2T 8, A SCW I R T 1 30k, 49
WESE B 4anlE 10 5% 11 frzs,  EfficientFastGLU-18 45
FOFERRIE IR RE T . B B 3 S R 2 ) e MR T T Y
R W ELR . B, TERMIERIAGE I T, x4
FIAAUR BRI I, Sl 2 3 $E T T Rk i e i
& 11(b) 7R A J2 B AH R AR AR 0.4~0.5 Z 18], 1EH
EfficientFastGLU-18 455 U 75 i3 8 2 (il R AiE 43 A7 5 S i s
A —E 25, BAAEBEAHEHE; K 11c) 2R
EfficientFastGLU-18 # 7E 45 12 i RRAE 1 fiE 1 44 i3 Tt

URAERL JUHAES 4 BARTH 2 %, [HEE, @i 10(b).
11(a) @75, EfficientFastGLU-18 #AI7E mAP50 P fE
Febr DRFEE M TR AAAL . Hok, KPR AR S )
B, 40l 10(a) oK, EfficientFastGLU-18 A& &Y ity it 4
M i TR, KREdsh, NgGdRITEGaL,
EfficientFastGLU-18 M AU S IR, 5 A7 70 i JF i 2
PR R BNISOA e SR %%, (H LRI A AR 2%
%o [y, fEiRfb2= 2] a7 iE , 4] 10(b) 7 PConv
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Fig. 10 Comparison of loss values and mAP images before and after incorporating PConv. (a) Comparison image of loss value changes;

(b) Comparison image of mAP50 changes
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= A AR s (c) RT-DETR-R18 5 EfficientFastGLU-18 &9 4% 424 ft & 3t L
Fig. 11 Performance and feature analysis before and after introducing PConv. (a) Comparison bar chart of mAP50 changes; (b) Feature space similarity
between RT-DETR-R18 and EfficientFastGLU-18; (c) Feature spectral energy comparison between RT-DETR-R18 and EfficientFastGLU-18

250117 (Page 9 of 18)


https://doi.org/10.12086/oee.2026.250117

AR

iR, 4. JeH T HE, 2026, 53(2): 250117

https://doi.org/10.12086/0ee.2026.250117
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O3B R R AR BUR FRAFAE , o5 — A B IR LR 5 B
SRRAEERERE J7, MIMTE GFLOPs M 57.0 [ 462, &
BOEM 19.8 MIB/D ] 15.4 M RIET, 545 T 8w i
PR (57.2 f/s) Rl (96.9%) HPEHASBEAME . 45 1,
EfficientFastGLU-18 j&—F BRI A . SLIGA 2L B &%
SR, ERTHTERCRNER, WA TR
R REANZ AL RE
4.4.3 FHABERSIPLEFXT

AT ABIER LA H, CGA Attention 7F H Fr i
DTS5 v R 35 2 A AR LA . S R
TIWLHIFH L, CGA SEEE T e RIS B, mAPS0
KE 97.7% . X —TEREAAH] BAL T I ERI R Baseline
i) 96.2%, tiB#% T Deformable Attention HYJ 95.2%, LA
K Mpig b B ALH . TR R R A E I, CGA

i) GFLOPs 2} 57.0, 5 Baseline il Deformable Attention
SEIERA 2, UWHZALHRIDE RIS TR IT 5
BRI T, CGA S EORE R 197 M, JR5H
B R R A RS . WHERES R E, CGA ik
T 57.8 f/s, BIRALT Baseline [ 56.4 f/s F1 Deformable
Attention [1) 55.0 /s, [A]H} 42T Performer ) 58.7 /s Fil
Linformer Y 60.3 f/s. #7048 A BIL Al 16 4 25k 1
R EL, (BHKS EE SRR T CGA, F#5/& Focused
Linear Attention £l HiLo Attention, 7&K A 1 [F]
B, ARG B TR R . ZEAMTE, CGA
Attention il 5| ABIHTHY L F X[ RALE], ZEAEG N
FIEAHMEHE T, ARERT TRIERILGES 5 B
e RS BE o
4.4.4 FIHARESHERZHI AR

5578 5 MEEETT LA i, ES-FPN 78 HAn kel T:
S I R LR G YERE . TER RS BE 7 i, ES-
FPN SZBL T 97.4% 1) mAPS0, 3 {1 T SEMERRAE Al &

R4 EE A AR A KA
Table 4 Comparison of attention mechanism improvements

Base model Attention mAP50/% GFLOPs FPS Params/M
RT-DETR MHA attention (baseline) 96.2 57.0 56.4 19.8
RT-DETR Focused linear attention 94.9 56.7 56.7 19.2
RT-DETR Performer attention 95.7 56.7 58.7 19.3
RT-DETR Linformer attention 95.6 55.7 60.3 19.3
RT-DETR HilLo attention 94.8 57.1 534 19.8
RT-DETR Deformable attention transformer 95.2 57.2 55.0 19.8
RT-DETR CGA attention 97.7 57.0 57.8 19.7

TR IHUEE A SC sk semg
&k 5 AF IR0 4G B R A AT e
Table 5 Comparison of feature neck improvement strategies

Base model Neck network improvement mAP50/% GFLOPs FPS Params/M
RT-DETR PANet (baseline) 96.2 57.0 56.4 19.8
RT-DETR BIFPN 95.5 64.3 41.4 20.3
RT-DETR HSFPN 96.4 533 50.5 18.1
RT-DETR SDFM 95.8 61.9 44.4 213
RT-DETR PSFM 95.2 71.2 37.7 22.4
RT-DETR ES-FPN 97.4 47.9 57.0 174
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R JTI, ES-FPN WA 22 - 47.9 GFLOPs, £
B A b7 b AR, W1 AT BIFPN (1 64.3 Al
PSEM 1Y 71.2, iX W] ES-FPN BEMS 755437 5 A6 I A F
MIEIE, ARG TREIFE . o, KB 174
M, HFTA TR/, D3 R R Ak
B T G # . ES-FPN i i 51 A i 73 & I HLH
AR AR AR 2R (R B HRE ST, TN 2Rk
BRERTONRCR . I, XEERRRAE 5 1 DG SR A,
B SR TR 40 BBk B 0 R BB . BC A B AR
RetBlockC3 #H fil MaSA 4 & J1 L, ES-FPN A%
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FBERAE RS 5 T v S5 S P . Fefsisedl &) i,
M5 B4# ] EfficientFastGLU-18 5 ES-FPN, 7EAG A%
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AESCIRPERER A EE T, R B0 ) o Py B ) 8 25 25 o
RUE TR AL R G TR, T 45 vl A B x4
PRREIPERE MR THSCR , (AR SCPRERFE R SS AN
[FZEH HAR (/s BARS R BAR) i T HARAE A5 A
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M3 255 b T R as AL 5 R SCH R, ff
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26 HEREBLER

Table 6 Ablation experiment results

Model EfficientFastGLU-18 CGA encoder ES-FPN mAP50/% mAP50-95/% GFLOPs FPS Params/M
M1 x X X 96.2 47.6 57.0 56.4 19.8
M2 \ X x 96.9 51.8 46.2 57.2 15.4
M3 x N X 97.7 52.4 57.0 57.8 19.7
M4 x x \ 97.4 52.4 47.9 57.0 17.4
M5 \ x \ 97.6 53.0 37.2 58.7 12.9
M6 v N X 96.9 52.0 46.3 58.0 15.2
M7 X N \ 97.8 52.8 48.0 58.4 17.2
M8 v N \ 98.3 52.9 37.2 59.3 12.8
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Table 7 Comparison of detection accuracy of each model for different target sizes

mAP50/% mAP50-95/% mAP50/% mAP50-95/%

Model EfficientFastGLU-18 CGA encoder ES-FPN (large target) (large target) (small target) (small target)
M1 x X X 96.8 52.3 96.0 47.5
M2 v X X 97.6 53.9 96.8 51.8
M3 x \ X 98.4 54.6 97.5 52.3
M4 x X v 98.0 53.0 97.2 52.2
M5 v X v 98.3 54.7 97.5 529
M6 v \ x 97.3 54.3 96.9 52.0
M7 x v v 98.4 56.0 97.8 52.6
M8 ) V) v 98.5 55.6 98.2 52.4
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Table 8 Comparative experimental results

Model mAP50/% mAP50-95/% GFLOPs Params/M

EP-RTDETR™ 96.7 46.2 17.7
Improved Faster R-CNN " 92.9 — -
LIDD-YOLO™ 93.3 — 7.1 26
WiseYOLOv7™ 96.1 57.9 136.8 57
FPFM™ 78.86 — —
LDD-Net™ 95.90 — 5.13

ExtendedFPN™" 96.20 — 137.00
TD-Net™ 96.20 — 7.06
YOLOVS! 94.0 48.5 134.7 53.1
YOLOV8m 91.3 46.6 78.7 25.8
YOLOVSI 94.7 493 164.8 43.6
YOLOV9m 93.4 47.8 76.5 20.0
YOLOV9e 95.3 51.1 189.2 57.3
LightRT-DETR 98.3 52.9 37.2 12.8
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Fig. 12 Comparison of loss values. (a) Curves of loss value versus epoch; (b) Curves of mAP50 versus epoch
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Fig. 13 Comparison of detection results before and after improvement. (a-f) Represent the original annotations and model predictions results for missing

hole, mouse bite, open circuit, short circuit, spur, and spurious copper, respectively
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Abstract

Objective The manufacturing of printed circuit boards (PCBs) constitutes the foundational infrastructure of the contemporary electronics
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industry. As the sector evolves in response to consumer demands for increasingly miniaturized, sophisticated, and high-performance
devices, the physical characteristics of PCBs have undergone significant transformation. Modern boards are characterized by high-density
interconnects, multi-layered architectures, and microscopic component placement. In this context, the role of quality control has shifted
from a supplementary process to a critical determinant of product viability and yield. Traditionally, defect detection has relied on manual
inspection or standard automated optical inspection (AOI) systems. However, these conventional methods are increasingly challenged by
the escalating complexity of modern PCB designs. Manual inspection is labor-intensive, subjective, and prone to fatigue-induced errors,
rendering it unsuitable for mass production. Similarly, traditional AOI systems based on pattern matching or simple image processing often
struggle with the subtle variations and complex backgrounds found in high-density PCBs. Consequently, there is a growing necessity for
more intelligent and adaptive inspection solutions capable of discerning defects with high precision. Current state-of-the-art detection
methods, particularly those leveraging deep learning paradigms, encounter a distinct set of challenges when applied to the specific
constraints of industrial manufacturing environments. The first challenge is the significant computational burden associated with high-
precision models. Accurately detecting minute defects typically necessitates high-resolution imagery; however, processing such data with
deep convolutional neural networks (CNNs) or complex Transformer models consumes substantial computational resources and memory.
This computational demand often translates to prohibitive hardware costs for widespread deployment on factory floors. The second
challenge is scale variation, which presents a persistent hurdle. PCB defects manifest in widely varying sizes, from tiny pinholes barely
visible to the naked eye to larger structural errors like open circuits. A detection model must possess the multi-scale capability to identify
these diverse anomalies with uniform accuracy. The third challenge is the imperative for real-time performance. In high-velocity
production lines, inspection algorithms must operate at speeds commensurate with manufacturing throughput to avoid creating bottlenecks.
Unfortunately, many existing high-accuracy models are computationally too intensive for real-time inference, forcing manufacturers to
make an undesirable trade-off between inspection speed and detection precision. These limitations highlight the need for an optimized
architecture that balances resource efficiency with robust detection capabilities.

Methods To address these pressing challenges effectively, this study proposes LightRT-DETR, a lightweight real-time detection
transformer specifically optimized for PCB defect detection. Building upon the architectural principles of the real-time detection
Transformer (RT-DETR), our approach introduces a series of strategic modifications designed to mitigate computational costs significantly
while maintaining, and in some aspects enhancing, detection accuracy. The design of LightRT-DETR is characterized by three primary
technical innovations: the implementation of the EfficientFastGLU-18 backbone, the integration of a cascaded group attention (CGA)
mechanism, and the development of an efficient selective feature pyramid network (ES-FPN). These components work in concert to refine
the model's ability to extract relevant features from complex backgrounds without incurring the heavy computational penalties associated
with standard transformer architectures. The overarching goal is to create a model that is both agile enough for edge deployment and
accurate enough to meet rigorous quality standards. To resolve the inefficiency of traditional backbones like ResNet-18 when deployed on
edge computing devices, we propose the integration of the EfficientFastGLU-18 backbone. This novel structure synthesizes partial
convolution (PConv) with convolutional gated linear units (GLU). PConv operates by applying convolution to only a subset of input
channels while leaving the remainder untouched for the next layer. This strategy effectively reduces memory access and floating-point
operations (FLOPs) without compromising the flow of information. By coupling this efficient convolution strategy with GLU, which
provides robust non-linear transformation capabilities, the backbone maintains strong feature extraction abilities. This is particularly crucial
for identifying defects against the complex, texture-rich backgrounds of PCBs, where differentiating between a valid trace and a defect
requires discerning subtle feature variations. Furthermore, to address the computational expense of standard multi-head attention
mechanisms, we introduce a cascaded group attention (CGA) mechanism. Instead of processing all feature channels simultaneously, CGA
splits feature maps into distinct groups and processes them through a cascaded structure. This approach allows the network to refine
features progressively, as the output of one group's attention computation can inform the next, creating a hierarchical refinement process.
This mechanism appears particularly beneficial for defects possessing intricate or fine-grained details, such as "mouse bites" or "spurs",
which are frequently overlooked by coarser, global attention mechanisms. Finally, we tackle multi-scale defect detection through the
efficient selective feature pyramid network (ES-FPN). This redesigned module employs selective feature integration and incorporates
RetBlockC3 modules enhanced with manhattan self-attention (MaSA). Unlike standard self-attention, MaSA is specifically designed to
capture long-range dependencies in horizontal and vertical directions. Given that PCB layouts consist largely of orthogonal lines, this
domain-specific adaptation enables more effective recognition of defects across widely varying scales by aligning the attention mechanism
with the geometric priors of the PCB domain.

Results and Discussions The efficacy of LightRT-DETR was validated through extensive experiments on a public PCB defect dataset,
revealing a significant improvement in both efficiency and accuracy compared to current state-of-the-art models, including the widely
utilized YOLO series. In terms of quantitative performance, LightRT-DETR achieved a mean average precision (mAP50) of 98.3% and a
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stricter metric, mAP50-95, of 52.9%. When benchmarked against the advanced YOLOv9e model, our approach demonstrated an
improvement of 3.0% in mAP50 and 1.8% in mAP50-95. These metrics suggest that the model is not only capable of detecting defects but
also does so with high localization accuracy, minimizing false positives and false negatives—a critical requirement for industrial quality
control. The experimental setup ensured fair comparisons by utilizing consistent hyperparameters and training environments, further

reinforcing the validity of the observed performance gains.

Conclusions Perhaps the most distinct advantage of LightRT-DETR lies in its computational efficiency. The model requires
approximately 37.2 GFLOPs, representing an 80.3% reduction in computational cost compared to the baseline RT-DETR model. Similarly,
the parameter count is reduced to 12.8 million, a 77.7% decrease. This substantial reduction has practical implications: it facilitates
deployment on cost-effective hardware with limited computing power or allows the system to operate at significantly higher frame rates on

standard hardware.
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