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Abstract

Rotator cuff injuries are a common clinical problem in shoulder diseases, and their diagnosis and
classification rely on accurate analysis by magnetic resonance imaging (MRI). However, manual
analysis of shoulder MRI images is time-consuming and subjective, limiting the efficiency and con-
sistency of diagnosis. In recent years, deep learning technology has shown great potential in medi-
cal image processing, and this study aims to explore the application of multi-architecture deep
learning models in shoulder MRI image selection and rotator cuff muscle segmentation to improve
the accuracy and efficiency of rotator cuff injury diagnosis. This study verifies the effectiveness of
deep learning technology in shoulder MRI image processing and successfully realizes the task of
shoulder MRI image selection and automatic rotator cuff muscle segmentation. Through the appli-
cation of multi-task learning design and advanced architecture, the model performs well in classi-
fication and segmentation tasks, with high accuracy and stability. Furthermore, this study compares
the advantages, disadvantages, and applicable scenarios of different cutting-edge deep learning ar-
chitectures (such as CNNs, object detection networks, instance segmentation, and self-attention-
based Transformer models). Future research can further optimize the generalization ability of the
model and combine model interpretability to meet the needs of more clinical scenarios. This study
provides new technical means and theoretical support for the early diagnosis and precise treatment
of rotator cuff injury.
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R TR R
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Table 1. Inclusion criteria

= 1 MR

RHEARE [SE S

R 2019~2024 4

BTRER A T T AR 7% S8 [ ot e B i AR 2 A

G Deep Learning. Machine Learning. Artificial Intelligence. shoulder. Rotator Cuff Injury.

musculoskeletal MRI

2.3. HBRERIE

HERRIA R 30K RBIGT ARG . SUURE . FEEFR. Al Meta b, EEIHESCE, Lk
R T B AR SRR REVE A O STHIR o

3. /R
3.1. ¥IIE=HEER S BRI S RSS2 E 1% (3D-UNet)
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85y E) g FH PR B2 2% 2] B 3D-UNet 8544, BEOS A St i #e MG 12 8] B RSB B, & = 4E50E 1)
TGN . RPN B BRE IS 28 M) 2 R . B B BRI Sk il 5t 56 B BREss
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RNIRDE A FIBEFLIR] 3D-UNet ZEMIIFIRILZE F . TEJ7 #ll 2 SR g5 BT S b, ANFRBFFCR
FHT 3D-UNet e HATAERBAILE /> #IRLRE LAFE— 2 Z R . B, Riem SF[2]7EI KR MRI 4 L uBilE
LA SRR E 3D H 3h4r #Ii, Dice REUAZE] T 0.93; 1 Lee Z5[3]FIFH 3D U-Net XF X _EAL/X R LR
it AT =45y BT, X 3] T 94.3%1) Dice %5 97.1%IMHUENE; Rodriguez ZE[414H5%F X EALE KR
B E B EIN IS T =ik 0.94~0.97 1) Dice R&. R HRM Z B RE, FEFTLURJLI71H
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3.2. MRAERMEMEEEEES LTI HFI4EE (3D-ResNet50/CNN)

TR 5 ST A0 5 4R L R BB N ) 3D-ResNet50 Z R A A #22 [ 2% (CNN) B, e 4 N 3F
AT, ARSI H RN MRI P o 385 35 % AN (R RE 2 i 45 5, AR o8 f
APMRRTY SR EE S T ITRE 5 )RR IS SR B, SEIL TR ST MR F i S Al 0 2 1 v b R A
WA, HAZ Witk R 5 % WL B B8O BHE A 40 24 [5]. [FIEF, 3D CNN 4 FH T H 312 WA il
2, ARSI E N 3D ML B, W ML T 0 IR B K 4]

SIANE CNN 23 8 FE IR AT L fEB M2 W 5 0 A5, Lee ZE[3MEINZ 751 3D-
ResNet50 #5175 Z4 47 %4 7335 1) AUC 5] 7 0.92~0.95, T1fij Rodriguez Z5[4]3% T 3D CNN FrI5 2
HERRIE S T 92.5%, Kim Z5[6]5:T 2447 BI/E X1 MRI KRR 4L 4 7.1 CNN B S Wi R 20
88%~93%. XI Lt/ T s

321 ZEH/ZFIMAII LR

Lee Z5[3][FMf @A TARAL FARGLI AL T2WI J2 PDWI 741, AR 7R B8 s 4ol 12 LI B g [ 4 1) =
ez (AR SEE  TAAR AT — M A (S e R L) ) CNIN R B ZE R 1) /N Y15 BB AN 4 B0 24 mig e oA 10 24 i) s 12 3R
EEWT].

3.2.2. BUBREMIRS 27 F&

Kim S5 [6] 88 S B R (2447 1), BE REH RS /ML, KRR & W 2 B K T/
RIS ey 3 M 0CH B (A A0 5 4 2 A 5 0 R A R BOH 4) (L B LSt S il 1 I IR SE B T T2 N 43
AR .
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AR A YOLO v8 1B R2EA A, 51N T 4HE B H (anchor-free) I Fil  =X, #F— 204w 1A
TG E o AR AYAE = ANAS R B UG (SRR T et DR T AR 4 1) 1) 36 AT U1 2 LIRS U 4 SR X 3, AT
e % 35 WA Y B8 4 Tt Sh A5 Fr HE 8 A L (R AR AR, % v e ) P A e 2 AR b e o ARG v ) P
G A IR IR b 7 R B A I 3% 5
3.4. WEZESFEIME Bz EIEE (Inception v3)

AT Inception v3 ZERBEATRFAEIREL, ][RI 52 s AMESS . JB RTT MRI BEME IR FR (5 2RAT
5 )FHE HLAI T B 3123 B (0 EUESS) o 8 BT h PN 7 1) T B S S R R R U B, ANk T
B SH R, BRI ZAT5 2 ST B OS5 iy 7 AR (R AHE R P, SRR R B IR 2 B MR R3]
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RN, 3F 5 IR AT T L
3.5.1. Mask R-CNN (LIS EIM4K)5 YOLO BIxtEE

FHECT YOLO v8 [y fidtiZ FH4E (Bounding Box) £ ill, Mask R-CNN 1 Sy —Fh XU Bt (Two-stage) i 45,
AL BE E AL HIZE X Ik, I8 RE 7] A 4 H 4 2400 & 148 R D (Mask) o E J8 Al 22 RS A TR 25 22 1Al v
Mask R-CNN [0 25> Bk B8 &y, ABARIY Rt R 2 BT, HERERE AN 40 YOLO 2SIk = R4

3.5.2. Vision Transformer (ViT)/Swin-UNet 5454t CNN (3D-UNet/ResNet) B9} EE

fE45 1) 3D-UNet H1 ResNet50 Mt AR Z I IURFRFIE, T AEALBE LRI 4 J2 I8 Al i 2R Bl =50 1) i
IR I, A1 AT 7 B 45 5 RN B S5 4 R A 45 4 5 U2, - Swin-UNet 2555 - [ VE &= UL (Self-Attention)
(1) Transformer #5584, fef M —JFURmh 82 57 M8 42 JR Iz B B A O¢ R . AHELZ R, Transformer 347 ik
S AR i I LR 4 R B anfe /g, (B TR LA 4t CNINC BE JE R I 2R 8040 2K e il
B = 9444 B (Inductive bias) )k 4 .

3.6. REF JRBEFESWHER LL 534
ANTRNARTE 7 21 SRR AE TR Al s MRI 23 A b IR BT PR 450> TS5 PR pe s, Wk 2.

Table 2. A transverse comparative study of different deep learning models in MRI analysis of rotator cuff injuries
= 2. FEIREZE IJREE B MRS MRI 5P @It

e T EEf RS
e B WABENSHAN S ETCHE, 3D BETRENEE L,
BRI AL B2 BT R I
oreneey IR WERBARG  WUREMSHIENR, SRR, O R
(CNN) HEAESRAL R IR e ) P55
voLove EMELEHRN  EFEABINLS  KWSEREERGE, ORI, LR
(Anchor-free) R PR 7 16 RGBS = ks Al SR
. \ S Ap52 5] SHACET, S RE ey
4
Inception v3 - 2 SULERINE ose | NRIFBT)  AERIEE IR AR F 5
crony | PUESEE WRHAEEGS RGN 04 KIS RPN),
YEI GEITENE R HE HERI S RE R
i Unegyi FEEEIIUB SRR RS S L F SRR R, AR AR,
(Transformer) P e AT GE B e o G B
4. &g

TRIE 2 SRR JE ahd0 4 MRI 2 W (N ] O SR B R h . w5k, IR SkRee F 3h
Sy ENFN A AL AU UREE 05 X 3k, #2072 W Rtk . fln, AR, fEFH 3D U-Net &AM
LW ZFEAT BB, AT AL 4 i) = 4E T AL H A B ik 94.3%01) Dice R4, BURMEN 97.1%,
55N 95.0% [3]. A, £ 5% N 3D-ResNet AR 5 4l MR _E X 2453047 70 2K B2 B itk A 5 L
PR B O R A A 24 (5] i B B S BIRT E R I, TR FE S ST AN RENE PR B AT A A S A
2, R T OE BB B RIEEHULA R TR 518 4, B TRUETF AR RIMHIE 7] [8]
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4.1, {RBERMERIE SHEAR N E

GEA ARSI 2 PR T DUR I, B MR IS B IEE I “HR—AE5% " W] “ ZAE K4
B7 N CTREBERIE” 1A “ AR MiEHE. LU YOLO v8 AR I LB B H BRI X 4% 1E I A B A
i o JEL AT I T LU TR A 3, (E T T R A D0 ] 440 s AN S M L A8 (¥ R BT P41 5 3D-UNet
o Mask R-CNN #2 {4 (1 = k% 5 15 R AR U 58 Ayt . AR, Swin-UNet % Transformer Z2H1I5I N, 9%
Fh T 4545 CNN (41 ResNet. Inception) & 4 & il br S HE LA . SR, XFhEARMBEEW R T H
FRAS ANE A 75 SR A SURISE I . 7E S PRI AR YA M rp, A7 75 AR U EL A (R 2% R A I PR 75 SR 3 A8 1Y)
P2 204, BERA “YOLO MERL + UNet ZH50%1” I HEHE o

4.2. HETR AR ERE

JRUERT )R, XL RAE SRR AR E 2 AN . B, B R B KT R T T
ERABIENEEE, BRI NENEEREB]. IR, ANFREERRAEIREFEER “K
BB (R, FERSLER I 4 2 47 24 (Full-thickness tear) I 2 B 57, (B7E & 2% (55 70 24 (Partial -
thickness tear, ¥ BN OG5 00 K i A H 2R8) 1) 40 28 EATIAEAEBRRIS] [9]o TR — i A1l il /&, 3
HHAE LA B 855 A #l MRI I 7 R o G385 RSSO FE . Focal Loss PA KRR AR BSRAE B SRR 15
TSI & 975 2 BE TR ) ST 24 SR ) U PE [3] [10] [14]. Ub4h, AFEESTFHEM MRI #4415 T 530T
BEILAR . ANFE) R S TRITE WiE. EE) REGFRIERES—, S — oI 2R
RULE AN IR 7 BLVE RE TR0, B S 12 AL BE /1 (Domain Shift) {3 75t — D I6AIE . AR 22 W% T8 4h e
LB MRI AL 2 W RGN S8 RO 7E[8] [12] [13], 76k = #518 H i& ¥ (Domain Adaptation) 53 b
HEAL TRAL R (5 LR, AR AE AR ML B8 IE 2 12 W B 2R 2> R 4 5% % 15%.

4.3. ERMBRHRENZFEFESRKARET
FE I A S 5 22 R Al MR R 58 25 STRIE E P 1ol A R 10 1 DG DR 250 -

431 ZHBHEEMS_HBRRXEZ ENTE

I PR 8 HUE 263 MRI &S R K EE B mm~5 mm)it) —4E£ 75434, 28 resolution Mk, &
F 3D-UNet S5 AYFEJEAT 25 ) 1t = i 5 I 2 7= AR SO G AR ARSI D s, T fr DA% 1) S Ml PR
MRI HEff P 2 3% 252 1) 8 UL RER = 4 A T A AT i B HE R

4.3.2. HARIEE 5y 4R (Ellman/Goutallier $4%)MFREL S EWiRE

DA R IR 25 W AT FRTE “HZTEiZe” 8“2 ZR0 L7 0 = KRR E 2. SR
T I R 0 T2 AR e 3% 22 G E1 2 (1) Ellman 73 % G2 #2408 B 1% o7 ) F1 Goutallier i 173 3 73 2% (0~4 2%),
TE BRI N ARy A By RIAF7E 3 s 1 32 W R) 5 32 0 % 22 (Inter/Intra-observer variability) . Al i 8U7E %2 5]
TP — B bR e B 5 7= AL SR

4.3.3. B & 5EhURTETE (Domain Generalization) HE#E 14415

H R AR5 TP i2 AR IE 5T 22 40 7 2 1 RS — Ak (Z-score B Min-Max), &= 4% MRI S ELRE 2 5
MR A 35 (Fat suppression artifacts) Az iz 2 £ 52 (1) P 7R3 H 38 R R AE 22 ST ML, RS HE U888 T A
[ Aofs 5 (1 22 3 R T R 4 o

4.3.4. ATRTEME EIERATERIEME (Clinical Actionability) R9%% L Bhak
WA (¥4 77 BE AT R (G Grad-CAM) S BESR BRI 1) DX S8 0G5, TE i3kt i i H B A R T Sy 1y L A
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AR e (A LR W [ 4 B 2 BRRVLBE B S IR T LA AR L) . “ R T e A E AL 4 2 TR TT
KNG ATV . WUBERS L& M) B FE AL R A2 19 R 58 24Tl

44. RRERFAE: AIERMESSESHE

N T SR SITE B R G R 00 B IR VA L, AR 90 75 S el “ & M. 5 N ARt
N L g (Explainable Al XA, 81 407 FH A B A K B0 i 55 (Grad-CAM) B 3 T 93 & LI R AE 7]
MAEAR[14] [15], ATLAFE MRI G BB EIITE X EHAR R 1AL R 22 I 0 O il XA
A B4 Bh B A s e Ak, AR RIR THIG R BEAE XS Al 58 IS AT E[16]. B — T, Zhsfg sl
(1 EBRAGBR, ARG IR NI “ ZRESEARME” 177 AR . ¥ MRI 2G50 5 B &1
PRAG B (U4 HE . s &0 VAS 140 WU R G i N\ B 2 S a Mg, A B E T AU AR
Sl CTERER” , RN “DhReMEZI” KO CARIEEEWE 7 MG RS[17].

MEETE, RS IR B A2 Wb B AR & T B2 R A TAE R, BN ST
PRpt T EAKYE . I AW SO SRR . YRS OB AR L SRTPBLEY AT R, RORIMIRE Y T R
G VK E B AN () A AR R R AR A

5. &

AW I VR 7 SRR R 1R R REIER AR (MR TE B A 2 W f oy 8 i S, B 7 —
ZAE B R . 8% 3D-UNet. ResNet. YOLO V8. Inception v3 LA A% Transformer £l Mask R-CNN 2%
ZEK, WIRA TSR 73 2K RN 73 FAE S5 R AR 3 5 R BRIt o R FE 5 S BORLEE 5T MRI 2
BN B T AR FE B AT S, A B T — P OGRS S Th e RE: , 18 ML B8 VP Al 14 &
ACE R T Wr B MRIHARLE VAl B # UL PR A 8 SRR IR R, BERETR T R Im PR IR AR il e 58
YA TAAHBST TR A BCE B UG, R m & ST AR AR R B2 9T RE
DAL BLERIT SO, RSB T, k4 R
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