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Fig. 2 MCF-RTDETR network architecture
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TP
R= , (15)
TP+FN
aP= [ P(RMR 16
= | P(RYIR, (16)
1 n
AP=- > AP(R),, 17
m nZ (R) (17)

A TPEARTUMNIES I B bR EEAR N FPER/R B
BEERAY FAMEA R FNFORBATREIN I B FAR; n
AN B AP IR | BRI IIRTE

4.4 BIEREIEEERZEH

FEAEAETE A MR (RCM) A& TE BB K
ZHL ke PR PERERYFZ IR, A SCHEE T MCF-RTDETR #5
R, FEARFEIHAES R SUN 2R A TR N, Ak
B35, 7.9, 11, BAFKIEERERKE, 4
FOXT BRI B . SR O R A R, 1%
SHCK B BB E AR 1) 1R B RN
D5 RERINGE AT, HEIR mAR RIT AI 2ar Ril R A R
Bepa BPRRRHNRE 7)o SEEREsRANEE | PR,

H T ATo, k=T I, BEALTERS R RCR 2 (R LS
T A . LA mAP ik 3] 88.5%, M A AR
Iy 88.2% F1 83.1%, HEFHEEE AEHFAE 137.2 /s, it
AR IRIHFEAL T-A BN (33.5 GFLOPs), MHILZ T,
BUNERWE (k=3 5) BYHEHLH R ORI 552 24 A,
(RTINS B NI AR BRL (=9, 11, 13) B1E
K EE Ems AT T, (RTFOR 5 2% B R HE AL R I 2 3 n
AFITFAEFHIRAZ BRI Tl 7 5o &

i LTk, e BB E R =7 WTERE 5R0R
ZRIEAR AL, ey B ae ) St AR M . B,
AR CAE RCM e rh SR k=7 VE BN 280, JHT
JE SR YIRS TR

A1 AR &M EAREEHT LR

Table 1 Comparison of different bar-shaped convolution kernel lengths

k P/% R/% mAP/% FPS Parameters/M FLOPs/G
3 85.9 80.1 86.2 145.6 23.8 30.1
5 86.6 80.9 86.8 142.3 24.2 31.2
7 88.2 83.1 88.5 137.2 25.7 335
9 88.2 833 88.7 128.5 27.1 36.4
11 88.4 83.6 88.9 118.7 28.3 38.1
13 88.9 83.8 89.1 110.2 314 41.3
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4.5 BHEREKE BB

A SCRAEBARER TR, BT B T P2 R 2%
43951 A MGFConv f55Lf1 CARFPN e, M flife i
TR g =3 87.9%, A InIZRHEEF| 83.5%, VIR
FEHEEE 88.1% A PTAR AN [R] 34 SUHE 0] )= 451 2% ok 8O0 A5
RURACSCR A2, AR SCREE T Z2F ToU i 2% s T
XSRS, LR RN 2 R, Z5REW, 5IANF
PR KBS, SWIER A BT AE 4k, HrH Focaler-
MPDIoU HJHER R AT I UERR SRR IAL, 30363 T
88.2% il 88.5%., KT 7 2 SLERLE IR, A SCHRA
Focaler-MPDIoU £ A 71 FHAE [ )= 45 5% iR AL

4.6 JHRASCEY

N T RUEAR SO S H 9 8 SO BRR I AR, i
T 7 ARSI AN Rl A RO T BE Y 5
Wil o S IR AS A OB BT S, A5 3
Fiiw, o N7 FoRi S i g A TR,
FORARM R

SCEGZE RN 3 s, 51 A MGFConv A B3 55 -
TM% I, SERMEFEAMEL, Fi%E . 3 EPRA mAP
SRR T 0.7%. 0.3% 1 1.4%, ZMEHGE £ )5 0%
I3RS AR | T RO A T AR AR A
A TE I 2 B h REAS 19 3 I IR HE AN ] D ) 43 S )
Bk, TERAL TR INEAR AR S A N FR 1
GIFRAERE S o R ZRSAENGN BRI T 257 4
N, SEEHE AR 268 M, (&G E S
AR, FEHEHERY B 2 0 S A%, R R 42N
58.3 GFLOPS [ % 43.2 GFLOPS, f§iF T #E80%R .
CARFPN e 15 | A5 5 22 1 mAP $845 734 = 1
0.6% F1 0.7%, I b F SCHBLS S al A AL A 3L
G T L2 R R AR ZS [0 FE S LR A, fR)Z2
U SR IETE LB Fe o 1 EA AR/ AR AR
Z4T m R R B R S . B Focaler-MPDIoU
RPR RE S, AR TR 83.2%, mAPEEE
87.1%, ZIR RELRL A T MEREAR RS S 2 s L]
AW, FENE FIE Y R ARTR] ToU X [a]BEAR A B A

%2 TRMEDH T KIS

Table 2 Comparative experiments with different loss functions

Loss function P/% R/% mMAP/%

SloU 85.8 83.0 87.6

DloU 86.0 83.9 87.3

Focaler-GloU 87.3 81.7 87.0

Focaler-Shape-loU 84.7 82.4 87.7

Inner-MPDIloU 86.6 81.3 85.9

Inner-SloU 87.4 83.1 87.3

Inner-Shape-loU 87.2 83.7 87.9

Focaler-MPDloU 88.2 83.1 88.5

£3 HEER
Table 3 Results of ablation detection experiment
Network
Algorithms P/% R/% mAP/% FPS Parameters/M FLOPs/G
MGFConv CARFPN Focaler-MPDloU

A — — — 87.0 82.8 86.2 120.7 20.1 58.3
B \ — — 87.7 83.1 87.6 139.2 26.8 43.2
C — v — 87.6 82.7 86.9 143.1 193 48.6
D — — v 87.2 83.2 87.1 127.0 20.1 58.3
E \ \ — 87.9 835 88.1 136.4 25.7 33.5
F \ — v 87.6 82.3 88.3 138.1 26.8 43.2
G — \ v 87.8 83.3 88.0 140.5 19.3 48.6
MCF-RTDETR \ \ ) 88.2 83.1 88.5 137.2 25.7 33.5
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IR B2 S FTNAE 5 RS Y 22 5 IR — Bk, A4
T4 T I WA RS M SRR B . IeAh, gk
PRBNAEN RN B S 504k, TASES AR B B 4 i 17
TR, DR ST B2 A% [R) A S A 358 o BB BE 11 54
=R

Zi ik, MCF-RTDETR £ B 5| A B 3 $2 7
THRAT R A SO IS B, 726 mAP 42 T % 88.5%
W RIS, AP R FERAR BT 58 02 2% B 5 000 S %) 4 Bk
(FPS>100), A RIFENE B 5 B 22 A S0 T R A-~F-Air
FLA& B TR A

4.7 LKL

R T B UE AT 0 G RRY MCF-RTDETR 76 8 4:
M BRFARIAT 55 P 2R B PERE , A4S0 5 H A LR E
HIN, )72 R B A 76 U SE S, 445 Faster R-
CNN. YOLOv5s, YOLOv8s. YOLOvlls, YOLOvII,
DETR. Deformable-DETR 1 RTDETR-r18, A K& Tl
Bl [ A6 I Bk SLE-YOLO™", PCBA-YOLO"™, LW-
DETR™ 1 SCP-DETR™" M7 HEREXT Hb o A AT SE i 44 78
AR BEAE LA TN Ze, NGt B g — I 25
g SR E MRS, DA ORES AR N
AR, AR EAR IR A5 AL 4 PR,

Hi ¢ 4 A4, MCF-RTDETR 7 4% W01 32 52 1 fE 45 A

AT AR LA

H

H, AR [l R ik

27 88.2% Fl 83.1%, E-HHG MK B 271 % 88.5%., #H
#F Faster R-CNN. YOLOv5s. YOLOv8s. YOLOvlls,
YOLO11l, DETR. Deformable-DETR 1 RTDETR-r18,
MCF-RTDETR P34 IR BE Al 8 = 1 4.5% . 3.7% .
4.0%. 2.9%. 2.3%. 3.3%. 1.8% M 2.3%. 5[FFER
Tl B fA A M 4% SLF-YOLO., PCBA-YOLO. LW-
DETR £ SCP-DETR 4 }t., MCF-RTDETR [ V- ¥4)K5 i
SR TET 3.9%. 32%. 3.6% 1 2.5%., A& HE|A
MGFConv 177 [n] P 45 F143 3 ffi 1% MCF-RTDETR #5 #!
()2 B i R0 R A LA B n, (R E Rl
58.3 GFLOPS F[%% 33.5 GFLOPS, 7E{f-IFA IS 2 Y
[ B A B R AR T o3I, $2TF TR ASOR . eAh,
MCF-RTDETR #3315 2] 137.2 f/s, =T Faster
R-CNN., DETR. Deformable-DETR %5 H 5 k6 il 52 92
HA BRI PERE . 2% ik, MCF-RTDETR
BT AR QR o R RS FE I D0, e T BB A R0
FRERB A, 3l 2 52 B Tl 375 B SEHAG I 55K
WE 11 fiR, %t T YOLOvlls, Deformable DETR
RTDETR-r18 I MCF-RTDETR P F 5 %1 75 I8 4 | 1Y
R AR . #El 11(d) Al %0, MCF-RTDETR fEZ 4 2%
Y5t T RS ISR ek 8RR . o H R AR R i A
IR SO 2 RS s TR E LR, MCF-
RTDETR A6 0 HE i % 5E0KS ff s 0 5 Bl X3, (4
BRI EEE ., MEZ T, YOLOvIs (4 11(a) 76355

£4 HEBRER

Table 4 Comparative experimental results

Algorithms P/% R/% mAP/% FPS Parameters/M FLOPs/G
Faster R-CNN 86.1 79.4 84.0 18.6 40.0 207.0
YOLOVSs 85.7 80.1 84.8 1245 9.1 240
YOLOVSs 83.7 79.1 84.5 128.2 11.1 28.4
YOLOv11s 84.2 835 85.6 132.0 9.4 215
YoLOv11l 85.0 84.1 86.2 105.3 25.4 87.6
DETR 86.0 80.5 85.2 220 408 225.0
Deformable DETR 87.4 82.0 86.7 24.5 40.0 196.0
RTDETR-r18 87.0 82.8 86.2 120.7 20.1 58.3
SLF-YOLO"" 85.9 80.7 84.6 125.0 9.7 24.6
PCBA-YOLO™ 86.4 82.5 85.3 1224 12.4 20.8
LW-DETR™” 85.3 80.2 84.9 30.0 28.2 42.8
SCP-DETR™ 86.8 82.3 86.0 47.8 20.2 66.1
MCF-RTDETR 88.2 83.1 88.5 137.2 25.7 33.5
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FEA T PR KE P4, Deformable DETR (/%] 11(b)) (46
DUAE BN RIFERE AL, 10 RTDETR-r18 (/& 11(c)) 7F
B/ INBR B TR L A DU 5 SR AN T MCF-RTDETR,, 1] 4
2R 535 4 AL AR AR — 3, #E— LB UE T MCF-
RTDETR 7§54 T i B A AT 55 h ) B RE o

4.8 ZICIESEE
N T P BEAR SCHE Y B MO AE SR Tl 3

SOTIZAGTERE AR SCREUZE X HEL 9230 K mAP 3R
BA A Y JLZE A fuFE YOLOv11l, Deformable
DETR. RTDETR-rl18 #l SCP-DETR"", 54 MCEF-
RTDETR 7£ B3 Tk Bdi4E GC10-DET™ bt frizfb it
Xf FESEEy . AR AR 3570 KK EG, T
BUTRVRIEGREE ISR, 350000 v EL (Pu) . KR4E (WD, HTH
JEEERR (Cg). 7KIE (Ws). THBE (Os). JeZ2¥) (In), 225F
(Ss). AL¥T (Rp). #TJE (Cr) FIIEIFBIHIR (W), &l 12

YOLOv11ls Deformable DETR

RTDETR-r18 MCF-RTDETR

B 11 A ROR

Fig. 11 Comparison of detection effects

WI Cg Ws

F 12 GC10-DET # & =1 &
Fig. 12 Sample diagram of the GC10-DET dataset
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FiRs

S g5 WA 5 frx , MCF-RTDETR 7 GC10-
DET H0 4l 52 19 K 22 B0l b 2 il b S840 T X8 LU A, %
K mAP 1 69.4% $TVE 72.2%., Hrfr, S22y (In) K4
T2 IR N sl SR X, T MCF-RTDETR fip
ARG A BT A AR 7 m P AR, PR
K BB APy 41.3%, WEAKT RTDETR-r18 (1) 42.5%.
MEZ T, XFFYIR (Cr) FLBE (Ss) FK RGNS R
TIE 5 i ke 20, R IUDRS BE R TH B o B R, B
MGFConv B 111 22 77 1] 22 53465 FASE K6 fi| 6% 15 s AR 7Y
XA AR AL P R, WIMA R R E 2 &R, 1=
T Xt 4 24 SO B/ N BB BRI RE T o X TR AE (W)
EKEBE (Ws) 85 KA B R B AR AL IR B i Bk e 2500, &=
BT CARFPN AL IR SCGEIE A& HLH], ZpLHI
W ST AR FE R BERHEAE , AR T s
PS5 REEARYI MG, Beah, BNk sRBE I 2R By
B XTMERFEA TSN M 1T 1 22 A AL, i —
ARTE T RARK NG B S S . BRARSCI R, it
W T IEANAE R B R I 1 R B B R 3, i
TERARPERE IR TR i ALRE T, Bk | AR B S
Tk R A S 5 v e FH R T

Sk BB WL X b MCF-RTDETR 5 RTDETR-r18 7£
GC10-DET $#l84E L i m a5 Ay B nT Ak 7
XTSRRI AT 0 A, ANl 13 fros . 45 R R,
MCF-RTDETR £ A [R) 33 3¢ T i@ 30 i B et obie Lo
B e e o7 DX 3, G R I TR 43T A% T G i 5
Mo B SR . AT LSS R R, RTDETR-r18 78 W15
In SRFEZGI EAAAETRRE NS, Bl BBA I AR i R
/NS BUGRHEIRE ; 78 Cg BB L0 H B 5RAG
W S BUR AT DRI A B X, AL Z R, MCF-
RTDETR i#i it MGFConv #8122 77 [n] 22 70 £ ARG 14 5

CARFPN {4 [ R 3G IR HLE], BE0% A R b i 3R 41
KRR Zh G AE, [RIBT s Es 54k, M
S E AR TG SRR & R

5 4 it

B XA 8 N R A A 00 7 S B 1) 5 3 TSR S0k
HRAFAERCRAR . KN T 500 F&e et 22 S5 )i, AR
SCHE H—FP gAY RTDETR A6 ##5 %1 —MCF-RTDETR .
W5 A Z [0 B B il A B R MGFConv AR, A 803 T+
TR BRI A B PREAE TT, BRI /N OB B
DX 35, P SRR B2 5 38 o 7E 0 I 2% rh B2 i CARFPN £
Yo, HMFHEG TS, sk B S R 2 R
TERLA, HE— 3T TR & 2475 5 T AR IDRS
[EBt, 3@ Bl Focaler-IoU 5 MPDIoU it 25 pRi%k, &
i} Focaler-MPDIoU i1 FAE [0] 15 51 ¢ pR &, 3850 T AR Al
XTRMEREA SR AR RE T, ATiEE s 1 MRS

SLIAE K], MCF-RTDETR JH T4 35 1A B
RO, FEVERRAS . A 18] 5 R P SA ARG B Ty T P T
WERBTURN A 5, HAE B S Tk B4R iz 1k
RBE AR EIAIRUE . 45A TAFE TR, F8 Y Rifc & 20
B, BAER AR ST R 640x640 B Al 3k 137.2 FPS/s,
SR B MTHEFRAE IR 29 7.4 ms, RESHE R TV AP
30 MRy SR INFT oK, BATESE bR Tl ih 2k & FikE
pa AT s b

JX4E MCF-RTDETR #5878 25 Tl KA 55 Hh 3=
I R AR IR B S SE v, (H T 51 A2 53 3CRHIE
PR R SO, BIRIS R TR N . ASRAT
GOR BB R AL T, TR R A A . HIHE
W, REEPRBENSEERER, iR THERRE
RIGTES B EMANE RN, TR R 2

k5 ZMUFEREXR

Table 5 Results of generalization experiments

AP@0.5/%

Algorithms mAP/%
Pu WI Cg Ws Os In Ss Rp Cr Wi
YOLOv11l 66.9 81.5 96.0 95.1 73.4 54.2 41.1 52.3 36.9 49.8 88.6
Deformable DETR 68.7 83.4 97.3 95.8 75.6 55.9 43.7 53.8 39.5 51.6 90.2
RTDETR-r18 69.4 84.5 98.2 96.1 78.4 56.0 42.5 55.4 38.8 54.8 89.6
SCP-DETR™ 70.0 85.4 97.6 95.9 77.8 56.8 44.6 55.3 42.8 53.4 90.7
MCF-RTDETR 72.2 89.0 98.6 96.7 79.2 59.7 413 58.3 49.3 57.5 92.8
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Fig. 13 Visualization comparison on the GC10-DET dataset
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Abstract

Objective Forged parts are widely used as key load-bearing components in automotive, acrospace, shipbuilding, and heavy equipment
industries. Their surface quality directly affects structural reliability and service safety. During forging and subsequent processing, surface
defects such as cracks, inclusions, pores, oxide layers, and spot-like imperfections are frequently generated due to material heterogeneity,
mold wear, and process instability. Magnetic particle inspection is commonly adopted for ferromagnetic forged parts because of its high
sensitivity to surface and near-surface cracks. However, magnetic particle inspection images usually exhibit complex backgrounds, uneven
illumination, magnetic trace interference, and weak texture contrast. These characteristics cause surface defects to present blurred
boundaries, irregular shapes, and large scale variation. Slender cracks and tiny defects are especially difficult to detect accurately under real-
time constraints. Existing convolutional neural network—based and Transformer-based detection models often show insufficient directional
perception, limited contextual representation, and inadequate geometric sensitivity in bounding-box regression. As a result, detection
accuracy and computational efficiency are difficult to balance in practical industrial inspection scenarios. The objective of this study was to
develop a real-time forged-part surface defect detection model that enhances directional feature perception and contextual fusion capability,
improves multi-scale feature alignment, and strengthens localization robustness for elongated defects, while maintaining high inference
efficiency suitable for industrial deployment.

Methods A real-time surface defect detection framework, named MCF-RTDETR, was constructed based on an improved RT-DETR
architecture. Magnetic particle inspection images of heavy-duty truck steering knuckles were collected from an industrial production
environment and manually annotated to establish a forged-part surface crack dataset. The dataset contained complex background structures
and fine-scale defect patterns, providing realistic samples for model evaluation.

In the backbone network, a multi-gradient fusion convolution module was introduced to enhance directional edge representation. This
module integrated four directional difference convolutions with one standard convolution to capture gradient responses along multiple
orientations. Such design improved feature sensitivity to slender cracks and weakly textured defects. To avoid increased inference cost,
convolutional re-parameterization was adopted during the inference stage, allowing the multi-branch structure to be equivalently
transformed into a single convolution layer while preserving feature enhancement capability.

In the neck network, a context-aware recursive feature pyramid network was designed to address insufficient spatial-semantic alignment
in conventional multi-scale fusion schemes. A rectangular self-calibration module was first employed to model directional contextual
information by expanding receptive fields along horizontal and vertical directions, which strengthened anisotropic defect representation.
Subsequently, a FuseBlockMulti module was used to realize semantic-guided alignment between shallow detail features and deep semantic
features, enabling adaptive information interaction across different feature levels. Furthermore, a dynamic interpolation fusion mechanism
was introduced to assign adaptive fusion weights to multi-scale features according to local contextual semantic strength. Through recursive
fusion, feature consistency across scales was progressively refined, improving robustness under complex backgrounds and large scale
variation.

For bounding-box regression, the original loss function was replaced with a Focaler-MPDIoU loss. This loss combined difficulty-aware
sample weighting with multi-point distance geometric constraints, enhancing localization accuracy and boundary fitting ability for
elongated and irregular defects. The entire detection framework was optimized in an end-to-end manner and evaluated under unified
training and inference configurations.

Foundation item: Hubei Provincial National College Student Innovation and Entrepreneurship Training Program of China (S202311075047), the
National College Student Innovation and Entrepreneurship Training Program of China (202111075012, 202011075013), and the Hubei Provincial Digital
Economy Pilot Demonstration Construction Special Project (2312-420625-04-02-996363).
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Results and Discussions Experimental results demonstrated that the proposed MCF-RTDETR achieved superior performance in
forged-part surface defect detection. On the magnetic particle inspection dataset of heavy-duty truck steering knuckles, the proposed model
obtained a mean average precision of 88.5%, which exceeded the RTDETR-r18 baseline by 2.3%. Meanwhile, computational complexity
was reduced from 58.3 G to 33.5 G, and inference speed reached 137.2 f/s, indicating an effective balance between detection accuracy and
computational efficiency.

Performance improvement was particularly evident for slender cracks and small-scale defects. Enhanced directional gradient perception
reduced missed detections caused by weak edge responses, while context-aware recursive fusion suppressed background interference and
improved defect-background discrimination. Ablation experiments confirmed the effectiveness of each proposed component. The multi-
gradient fusion Convolution strengthened edge sensitivity without increasing inference overhead. The Context-Aware Recursive Feature
Pyramid Network improved multi-scale feature consistency and spatial-semantic alignment. The Focaler-MPDIoU loss further enhanced
bounding-box regression accuracy for defects with large aspect ratios.

Generalization capability was validated on the public GC10-DET dataset. The proposed model achieved a 2.8% increase in mean
average precision compared with the baseline detector, demonstrating that the proposed feature enhancement and fusion strategies are
transferable to different industrial surface defect detection scenarios. These results indicate that the proposed framework effectively
integrates accuracy improvement with computational reduction, which is essential for real-time industrial inspection systems.

Conclusions A context-aware multi-scale fusion real-time detection model for forged-part surface defects is presented. Directional
gradient fusion, adaptive contextual feature integration, and geometry-sensitive regression jointly enhance detection robustness under
complex backgrounds and severe scale variation. Experimental results confirm that the proposed approach improves detection accuracy
while reducing computational complexity and maintaining high inference speed. The model shows strong generalization capability and
practical applicability, providing an effective solution for automated forged-part surface defect inspection in industrial environments.
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