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Abstract

This paper proposes an innovative network architecture based on an enhanced ResNet algorithm
to address the limitations of traditional methods in capturing local features and multi-scale infor-
mation. The framework introduces three key components: a partition mechanism that divides input
images into local sub-regions to enhance detail perception, Squeeze-and-Excitation (SE) modules that
adaptively optimize critical feature representations through channel-wise weighting, and a pyramid
structure that integrates cross-scale features to improve complex artifact recognition. To resolve
class imbalance issues, we design a weighted jointloss function combining cross-entropy and Dice
Loss (optimal weight ratio a = 0.7/ = 0.3), ultimately constructing a novel artifact detection model
named AMAResNet for automatic MRI artifact detection. This data-driven approach requires no
specialized hardware and utilizes spatial domain MR image sizes as input. Evaluations of real-world
datasets demonstrate that the enhanced network achieves significant improvements in both accu-
racy and generalization across different data types. The proposed method shows potential for im-
mediate post-scan quality assessment by labeling MR images as artifact-free or artifact-affected,
thereby ensuring high-quality medical imaging crucial for accurate diagnosis. Experimental results
indicate that the improved ResNet architecture excels in automatic MRI artifact detection, exhibit-
ing strong potential for clinical application to enhance both MRI image quality and diagnostic reli-
ability.
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ResNet 4% | SE (Squeeze-and-Excitation){¥: & I HLHI A & FEERHERI G B, C& ZMH T 24
A, WAARKE I BRI I2 M. B, SE-ResNet [11] 4 FH 31 B0 il A R A I 25 4 Fe 12 Wi
FES5 B R A (R AEE A S, R 0R T AERINEE )y, 456 SE VER NS 2 RE 67 BHRHIE
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TEVRFE 5 SIESS 0 B Askrill o, A 18 B R s O B A PR BE R OC B 28 0 A8 UM 2R 2 e v L)
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2.1.3. Weighted Joint Loss Function
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2.2. AMAResNet {28

AMAResNet 82455 1 ResNet. 738, SE VER JIHLH] . &7 IERHIERL &, BLASE XY Dice Loss
AT INASLERR 5 45 5K B AT 38 A2 F A X 28 AR . AR SC L ResNet18 Jy2kditi, TEARTHE 708, SE {EE S
WU 8 7 B AR R & AR R o (RS2 P AT 3, IR TR 2% i) AMAResNet B8, G Pk HURE A5
iz 1 2 MRI Py szl o

2.2.1. 7

RHADPEA, KNG AZA/NIAEE, TR R s 2R, S AR
PEo Xt ResNet [ 5 1 ZLARBLAE A AL HE b2 R BRI TN I E K/ R IEAT SO AR, JFR A Bt
AT E g SR AN — 1L

2.2.2. SE F RS
SE (Squeeze-and-Excitation) L il il i [ i& M 8@ IE A E, 150 FH BRI RIE. X ResNet18 [k
ek A oy SE BRI EEA R, $ETHRFIEERERE )T o

2.2.3. &FIBFHEMS

7t ResNet FIGMME T RHERL G, S22 ZAFIERIHE)E FRAE, Sl REGREMEEG . &
MUE Y ResNet18 i H: layerl. layer2. layer3 il layerd f)% H/E N NIEATRAERL &, JEiE 4R P
M Ak A5 3] f 2% 1) 18] 5 R AIE 1) &

2.2.4. AMAResNet

AMAResNet A 1@ T 454 ResNet 733, SE 3 B JIMLHIRI 4 7 B REAE b & DAL A 403 2% B AL
P 7B R A 2 REERHMEMAHERE ). PR T RERHE, B3R 1 O kaill, SE iy i
THRHEIE RN, W T IR R IR RS PRI T B 1) 22 ROBERFAE B o T ARG & 407 2 o 50 ) 75 S 3 o 5
IO AR B B fEMERE . 18] 1 IR T2 T ResNet18 Bt 1) SEBasic Block, 4] 2 25 AMAResNet [1) %44
SRy, RN MR T, (HEERTE 17X MR D52 IR RS BEFZ A RE T . BRI A
&, =AW A € BEHE B ResNet18 X F MRI Phse 118 BiRS % o
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Figure 1. SEBasic Block of AMAResNet, based on ResNet’s Basic Block improved by adding SE (Squeeze-and-Excitation)
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Figure 2. Basic network architecture of AMAResNet
[ 2. AMAResNet HIE KRR L1
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B 741 BIZEE IR R B 1IE 5 MR LI MRT (JA# 19~39 F), Tebsuefb iy AL A Y05 1
Je(1~TAN)FEME =PIl E < S9R S AR —4E JPEG K14, Bl o3l ST hn2s xlsx) FEAD % B 1D,
ZE(H/JE) PSS o) B8, it 51,426 K. 1250808 5 14540 58 B0k 5 3R E 2 kA
LR B AR (R RE T AR

BAEAMER AL AR Bt R EIT Y = L IRK A5 5 M E BRI B3 ATahor
R, R IO RE(NARAE =1, AR =0). MBI ST bRE S5, ke = brvE ik
FALIRBIREAR, BTV e BLAS FE RIARE SR 4R

EARERERE, M6l MR AR/ RG o P, OneRrE S 7 TAFERE R e, T BRES A 2R 72 4K,
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MHARFNNZAE— G B 16 GiB WEH) NVIDIA GeForce RTX 3060 24 _FHEAT. FT @i AOHE 520 H
T LB R 7 1E#R /2 7E Python (3.8.10)3 3% R 1) Pytorch (WA 1.10.0 + cul13) ESEBEL. IZk—E
10,000 5K EUZ M 25 B ESHAE T 1 A/ AR 50 NEG AL KN, AL RE 200 J0EALE
RERIZE . WG 2 FBE N 0.001,

N7 FEINGEIRE P LB Rz e, NGB S 7 U NS s om a4 . BEALEBY . BaEML
TP B (S0% FRINEZE 0T EUGBEAT K-8 DA I8 1) 2 RE ) . sk e i, B — 1L Ab B, DUER S Bl
WS FE AR E 1. RAER I E, RTS8 T Adam TRAGES, FFRE 15 ) BARER
I (weight decay =0.0001) AR tE3d $00 & o 453 2K bR Bl — T 46 K I 58 U 57 2K B #5(Cross-Entropy Loss) KA &
RS P 25 SR 5 B SR8 2 [A) (1 22 3

MRREE A —JE47 1000 FRARICLFIIE A, $H] 1~1000 74T Ear 4, A7 500 fk2brid A 1 I
F, BIES TAEE AR M EIL, & 500 5K2tnidh 0 B, BIEES TAEFE VN A 2 B .
W22t Ly, BEEAENRE RN, SAEmR—AN 8 N.csv BFISCHE, BT 1000 5k B A #EATR, Al
ARG, Fibad 1, il sea e, Fibsicly 0o #E B as R E LR . R4
] REHA 3 SRAT S5 IRIE HEBEAR bR & SN TP (True Positives): A 500 RSN 1 B A, EALIE
BTN 1 FI%0E .. FN (False Negatives): A 500 5K ES2N 1 FIE A, BREEHRTCN 0 EE. TN
(True Negatives): Ji& 500 5K E A 0 B A, BEALERH NN 0 1%L . FP (False Positives): J& 500 5k
FSON 0 B, BIALETRTION 1 B9%E . LIRSV BE (Accuracy) A5 (Precision) # 5] #(Recall).
F1 73 B0k G EvFIl AR .

3.3. TWEER

3.3.1. S£1§

PRI 1 ORI 2 (ITH eIt 4h B, IR ERE AT R AT TERRLEIRE (R 1), FELEIAY
ResNet18 7 HERI 5 (68.8%)~ F& i %(66.4%) A1 A 1] 2(69.75%) R I HT, (E5F E 2L X 2 fE 1A TR
M IN SE ¥ JIBHLY) ResNet18 + SE i BUBERVERE W35 FIE, HWEHIZRIEZR 56.7%, HHERKE
30.0%, {HHXTTEONSEFEA B 5] 22 (64.38%) 3K B 2B AL I 8 e /5 7 T B — @ i . 9l AN& T
BS54 ResNetl8 + pyramid A ALE L 2 RBERFAE @A 535 2T 7 A [F15(79.04%), (HRE#R R FE
55.8%, RWLZ REERHERTRESI NiRIGME R . 2%, flG SE 54751 ResNetl8 + SE + pyramid #& 4! 52
AT, HERIZRIL 75.0%, FEIH(72.0%) 5 H 81 5(76.6%) BT TT, F1 7340(74.23%)BHE4 5271 6.2
ANE s, WAIE T IS R 5 2 R R IR P [F) 3 25 N

Table 1. Comparation of the effects of different model plate additions on the performance in MRI artifact detection tasks (fetal
dataset)

= 1. R EHERARRIE IS FE MRI (A4 MIE S sh i R RN (B ) LBUR &)

NET ResNet18 ResNetl8 + SE ResNetl8 + pyramid ~ ResNet18 + SE + pyramid
Acc (%) 68.8 56.7 70.5 75.0
Precision (%) 66.4 30.0 55.8 72.0
Recall (%) 69.75 64.38 79.04 76.6
F1 (%) 68.03 40.93 65.42 74.23

Y i s Dy HR SR (3L 2), ResNetl8 + SE + pyramid BB — 20 IL 1 S Kz AL AE -
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H(79.5%)~ FEHAZE(76.8%) FH 74 7] 38.(81.4%) 34 i A T~ HE B A5 21 (59.4%/35.6%/67.3%), F1 73405 79.03%,
LRI SE (69.32%) 814 755 (76.68%) R AL 43 R T 9.7%H1 2.35%. {HAFEREAIZ, SE Bithfri%
BT RPN T I LB E TR 73.8% vs. 56.7%), BN 5h 2538 3h D 53 308 18 510 K v 58
RN PRIREOR RS IR ILFER, SE YR JIHLHDE S HE TUARRHESE s A, S B A i i
5 ROPEE R G s AL 2 (A1 4 B0, 3 P [ AR B e B 2 O et T I S e R E 52T, ARIRZ
F Oy AT BRI T T SE AR T &

Table 2. Comparation of the effects of different model plate additions on the performance in MRI artifact detection tasks (extended
motion artifact dataset)

2. LA EHRBURRIB INXSE MRI (A ESS P BRI RIZEN AR BIESR)

NET ResNet18 ResNetl18 + SE ResNetl8 + pyramid  ResNet18 + SE + pyramid
Acc (%) 59.4 73.8 77.6 79.5
Precision (%) 35.6 60.1 74.3 76.8
Recall (%) 67.3 81.9 79.2 81.4
F1 (%) 46.21 69.32 76.68 79.03

i LEPE, WIS SE ER NI & IR S HLE], R IRTE T ResNet18 #ALAE MRI {52
K55 PRI X — BT as RO — B AU BT B o I R 8 7 S H

3.3.2. RKERHRE

AR T PR AT R B TTE, AT TSI DA E SR . BRI S, B8 1 0.1 KL
H 1] Dice 12 (Dice Loss) 1 0.9 B 1158 X455 (Cross-Entropy Loss), KIEIEHE, #4717 415256 DA 2
BAERE. SRR 3. R4 PR, SREY, HBa=03, p=0.7 0, SLIORRREE. R L
E, BHEERAERCLE 0.3 B, A2 KIEZRD TPV B &M 0 itm, AT RAAR L 0.3 i,
etz BUR ) 7 (BRI TN IERR 2R 0 5o K P R 2 ) WX 2 5 5 B AR I 4 G A 2k BRI N, FFaEAT 1 ik —
Sy, IR IR, HUMIK) ResNetl8 TEREA PR, (EUIN 4B B K HAh I 2% (1) 1t BE X0 BT 32 T

Table 3. Comparation of the effects of different Dice weight weights on the performance in MRI artifact detection tasks (fetal

dataset)
% 3. FLBORFE Dice weight AL ESTE MRI (US54 IE 5 oh i B OB (B ) LAGESE)
Dice weight 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Acc (%) 75.0 70.1 73.1 78.1 73.37 68.42 64.46 60.6 60.1 62.1

Precision (%) 72.0 574 80.2 88.2 68.82 59.02 59.02 36.6 40.0 44.0
Recall (%) 76.6 76.94 70.23 73.38 76.14 73.24 66.74 70.38 66.89 68.97
F1 (%) 74.23 65.75 74.88 80.11 723 65.36 62.64 48.16 50.06 53.72

Table 4. Comparation of the effects of different Dice weight weights on the performance in MRI artifact detection tasks (extended
motion artifact dataset)

% 4. HEBIT[E Dice weight AL EXAE MRI (AR AMIE S P IERERI RN RS SAREIES)
Dice weight 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Acc (%) 75.0 70.1 73.1 78.1 7337 6842 6446  60.6 60.1 62.1
Precision (%)~ 72.0 574 80.2 882 6882  59.02  59.02 366 40.0 44.0
Recall (%) 76,6 7694 7023 7338 7614 7324 6674 7038  66.89  68.97
F1 (%) 7423 6575 7488  80.11 723 6536 6264  48.16 5006  53.72
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Figure 4. ROC curve and AUC values of controlled experiment
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