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Abstract: Objective The prompt diagnosis of anterior cruciate ligament (ACL) injuries in the knee has been shown to
reduce the risk of osteoarthritis, knee injuries, and more. As a common imaging method for identifying ACL injuries, mag-

netic resonance imaging (MRI) has been characterized by low acquisition lime cost and non-invasiveness. MRI can be
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regarded as a three-dimensional data. Compared with two-dimensional images, it has more details. Doctors need to com-
bine multiple images within a dataset to make a comprehensive judgment and draw a conclusion, The diagnosis takes a long
time, so intelligent assisted medical treatment is necessary. Currently, deep learning-based methods are mainly used for
ACL injury classification, which can be divided into algorithms based on 3D convolutional neural networks (3D CNNs) and
2D convolutional neural networks (2D CNNs). ACL injury classification algorithms using 3D CNNs often suffer from high
computational costs and insufficient data usage, while algorithms based on 2D CNNs ignore the third-dimensional correla-
tion (correlation of slice dimensions) and the morphological diversity of ACL. To solve the problems, an ACL injury classi-
fication algorithm embedded with slice sequence association mode is proposed (SSAMNet). Method SSAMNet uses the
classic AlexNet model based on 2D CNNs as the backbone network to acquire discriminative features for ACL injury classi-
fication. By designing the slice sequence information fusion (SFS) module, sequence properties are learned in parallel
from adjacent and full slices of MRI data. First, the initial slice features extracted through the backbone network are
divided into slice groups according to the channel dimension, and a shift operation is performed between the groups to
achieve the purpose of merging adjacent slice features. Then, key information is extracted with the help of the initial slice
features, the slice sequence relationship is modeled by SSAMNet, global slice information is merged and processed, and
finally, the association pattern in the slice feature mapping is established. Secondly, the multi-level scale feature adaptive
attention (MSFAA) module is used to splice the multiple levels features processed by the backbone network into multi-
scale feature groups. The horizontal and vertical direction features are processed through mean expansion to obtain the
directional scale weight coefficients, the goal of redistributing weights at different correlation scales is accomplished to
accommodate the variable nature of ACL region shape and location representations. Class imbalance is a common problem
among the knee MRI datasets selected for this task , where the number of positive samples representing ACL tears exceeds
the number of negative samples representing intact ACLs. This problem is not only reflected in the selected datasets but
also exists in the real world, where the number of individuals with torn ACLs surpasses the number of those with intact
ACLs. Therefore, we choose to minimize the weighted binary cross-entropy loss to reduce the impact of class imbalance on
algorithm performance. During the training process, the learning rate is initialized to 1E-5, and it is updated to 0. 95 times
the original value every 10 epochs of training. All experiments are performed on PyTorch using an NVIDIA RTX 3090
GPU. To ensure the fairness of comparative experiments, we report the mean and standard of three experimental results.
Result We use accuracy, sensitivity, specificity, and area under the curve (AUC) as evaluation metrics for this algo-
rithm, calculated using data such as true positives, true negatives, false positives, and false negatives. The experiments
are conducted on the MRNet dataset and the knee MRI dataset, and their data distributions are different. The MRNet data-
set is currently the largest public dataset on the knee joint, including 1 370 sets of MRI data, and the knee MRI dataset
contains 917 sets of data. Because the knee MRI dataset is not divided into training sets and test sets, we use stratified ran-
dom sampling to separate knee MRI, and we use the fivefold cross-validation method to complete the external validation
experiment. The final experimental results on the MRNet dataset show that the AUC value of SSAMNet reaches 98. 4%,
which has the best performance compared with other comparison networks based on 2D CNNs and 3D CNNs, with a speci-
ficity value of 97% and an accuracy value of 91. 4%. Moreover, the ablation experimental results on this dataset also prove
that SFS and MSFAA have a gain value for the ACL injury discrimination task, especially the significant performance
improvement brought by adding the SFS module (AUC increased by more than 2. 5%) , which also illustrates the effective-
ness of the embedded slice sequence correlation mode in improving model performance. The joint use of SFS and MSFAA
also increases AUC by more than 4%. Then, a fivefold cross-validation experiment is conducted on the knee MRI dataset.
The AUC value of the proposed model reaches 88.7%, and the accuracy value exceeds other models by 3%. The ROC
curve tends to be stable on the fivefold datasets of different divisions, proving that the model is stable and generalizable.
Finally, the visualization results also show that SSAMNet can effectively focus on the ACL area and the indicators that
affect the identification of ACL injuries, proving that the model’s conclusion of identifying tear injuries is consistent with
the actual basis, further proving that the model can effectively identify ACL injuries. Conclusion The proposed SSAMNet
has excellent performance in ACL injury discrimination, and its robustness is confirmed in external validation experiments

with different data distributions, further revealing the potential clinical application value of the proposed model. However,
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the current dataset also has the issue of single-label data. Considering the comprehensive data required for clinical

usage, we will utilize patients’ past medical records and other information as prior knowledge to construct an auxil-

iary diagnostic framework for knee joint diseases in the subsequent steps. The code of this paper will be open source

soon: https://github.com/wabk/SSAMNet.

Key words: magnetic resonance imaging (MRI) ; 3D image classification; slice feature aggregation; adaptive scale atten-

tion; 2D convolutional neural network (2D CNN)

0 35l

][l

VE Ry 3z gy v e w4545 =2 — BRI 22 A0l
(anterior cruciate ligament, ACL) 51447 , n] it S 2UE &
WANTRE R R AEGE & M) (Yu FI Garrett,
2007) . PG, ACL A5 A LI 075 A B G BT 3
PR 1% (magnetic resonance imaging, MRI) E. £ Tt 1]
PE AT I Ko R SR B A TR T BT
Tz T TR RE AL U, 5] 0 s LR e
R TN BT 7R 2 T SR i i B A G/ 45
2024 ; #IPRERN T 42 X, 2022) . MRI L/ F 5] ACL
W73 S FEAR 7R 0 BB R, MRIAH L
ORTT A A B AR AR AR AR AR B I ) AR AR A O
O 2 UROUE B BB PR B 12 W7 09 HE A 14 (Mackenzie
45, 19965 Oei %5, 2003; Crawford %5 , 2007) . fi5 h
MRLIE A P4 I 5CT5 2 A5 Rl A Al 5G9 30l &
HA I 89547756 72 (Shea Fl Carey,2015) . % (& %]
JEE Y MRISAZ b A IR B S 407y 4w A5 AE L
N B 8% (musculoskeletal , MSK ) Jit 5 A 25 A= K i 175 H
DX A I AR I A= E A 2 Wi [A) 1 (Bien 45,2018 ; Chang
,2019) T LRI AN TR RER BT 2 A &
S

5 4 ARG B 73 AR ACL i 73
R ] = 2 MRTEHE AT R 2328, X 45t £ 4
HEF I A 2 NME . H AT— 2820 A RS B 22 R 45
HEZRTE ACL 005 4 5L 55 vh A5 2 1) HsEh iy
W, 0 — 25 B 22 [ 25 (2D convolutional neu-
ral network, 2D CNN) | = ZE & B 28 24 (3D convo-
lutional neural network, 3D CNN) % . Bien % A
(2018) i 5 2D CNN o (1 1 -+ [ Z% AlexNet (Kri-
zhevsky 45, 2017) & 2 40 {5 S S ODR )2 5 1R 2%
L IRV T ACL 5338, HoPERE S 3 44 MSK
TR RE B AR B PEAG 45 A 2 o Trmakei 55 A (2019)
R T A A CNN ZL A%t ACL AR 13 43 S S0 I 25 5 11

S, WIF5T 3 B T 2L I TR B o ) T 1 B
FIH B . Tsai %5 A (2020) B T 2D CNN, i B 2 )
Fr A — A BRI A 1 T A SR T R oG 245 R
(R85 R 4 . Belton %5 A (2021) 43 L 4 AL
I Z AL CNN &5 & 23 8] T 2 ) He i B B e J 5C
AR IIATE 55 B PR RE IR TGS 20 Y
2SR R4 S M . Dunnhofer 25 A (2022) 45 2 T fil
EEANGASICE RN SR T o S HIE RN
E T IZ AT R BI T , Sh i e ACL A il i i v if 2
IR i ACL X 38 HL 75 /0 T sl bR T AR 1Y
[ R TR AT R T S

Zhang 55 A (2020) %f % T 2D CNN ) VGG16
(Visual Geometry Group) (Simonyan Fl Zisserman,
2015) } ResNet(residual network ) (He 55,2016 ) F1 %k
F 3D CNN /) DenseNet (dense convolutional network )
(Huang %, 2017) 9 2 #y 2E 47 4 i LU A, B 0E 1 3D
CNN 7E ACL 45 45 12 I ) B0 v 4 A0 A7 P Li 55 A
(2023) 5 57, = HE I AT Z2 WA I 6 Bl 28 1) 2% ok AN [
MRIBLIE BEAT Rl 5, AT A0 ACLAR AT o Jeon 55
N(2021) ) 8 0 ASEHR I g S0 52 G S T 58 X Jeg
TRARRAE Y D TE 18 B 3 T 3D CNN 114 40 45 B B AIK
T BB SR 2, ORI TR AT AR L
F AT RS ACL 473 43 2B

AR ok B SL T CNN &5 0 ) HUE IR E 22 RE A 4K
P I 53 RAOCR BRI 4 FEAZ 48 7 51 &
o RAT A BRAS [ Jo5 T2 25 R AE A BE T ATIIRAS 22, ]
RE i S ACL A3 1 43 24T 55 i M AR 25T, LA [7)
AT AN R < 1)2D CNN R SCTE 248 o] N 255
B X = AR ()R 4R ) R IEAS AL 52)3D CNN 3
A IAR TR ELAF A ] i A B I U0 5 e A 5
S3 ) 5 3) ACL X SR AE A [ 9] H B 25 4% 5 , CNN
FEAN )25 ) o7 8 BA IL A, e = Ak 3R 5 2R
SR A AR

AR SCHEH — MR R T 2D CNN iR A U0
¥ 51 5 Bk A 2 W 4% (slice sequence association



1186

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 4,Apr. 2025

mode network , SSAMNet) , /= 14 GE 11 5¢ % ACL #5405 70
K55 o SSAMNet £1%F 3R 3 A R T st A
MR DT 58 o AR SO FEZETTER AT REFE AT < 1) @ 2ok
Yl B 7o =5 B b4 (slice sequence information
fusion, SFS) i , 75 2D CNN F& it I #8541 A % 471
P R OCTE R, 200 F DD A OC = 8 5 2) il it
22 R FRAIE 35 B 5 3 (multi-level scale feature
adaptive attention, MSFAA) IR £ X AN [ 95 51 £l
3 4 T OGS RS DG T &, 3k 3 R T Ak B[R]
ACLIE 45 H A

1 77 &

1.1 SSAMNet #% B £E 4

AR SC R B BT MRLY) R P 81 e L ACL
XI5 515 e AFBF 2 SSAMNet A7 | L3 FH AT 32 X
WO F A 5025 o BRI T T A G

R

EES K

Y1 95 Bl (SFS)REHLRN 22 9% R RR A [ 1
IO SGTF (MSFAA) A8, Filt A\ BE Al 457 1iF £ B CNN AE
A0 SRR EUGEY) 7 R A AR B A B RE T, 2
T35 495 20 S0 ik FR op A AR ACL RO BE 40 R AE ) R
.

SSAMNet H& K B2 44 4n & 1 i 7, B A 56 1T
MRIYI A 50, S s 10 ACL 30405 ) ) 45 3R . i o
I RRAE S A A A A MRIA H 81, 35 )
URARAE . 7EFRAE P2 ORI BE £ 1 K B T B s —
A3 2 2 1Y AlexNet (Krizhevsky %5, 2017)/E N B T
W25 , 32k HAE ImageNet 50 45 B FII AL
T SFS B, 15 38— RN G55 4RE Y A (5 B A
JR U R P AN G R AR B ARIE . AR S B T 2%
Az BN ) 23 BRI R D2 5 A A MSFAA A58k
ROEHEBEREREE T2, T MRUESLY R
FE AR — A~ H 25 5L, B LIAL TS B2 e 4 ) i
FRED 0 KA AT R A HIW

Z:
FLESS
ESLES

o
#
.

MSFAA

—> T RH

1 SSAMNet 2514 4]
Fig. 1 Structure diagram of SSAMNet

1.2 YIFF3E Bt &R (SFS)

MR ESH8 2% 308 2o 200 folc 1 1 B DA ZH R A T 7=
() B8 30 Rl 22 1 R D) F, AT LA R K /IR
CxHxWHsikESY) R IPH . ANREY R REE
55 ACL 3545 40 5 AH € 10 A [R) B AR R AE o AN 2ot B
— Y R N A BR A 8 Bl I A A T T e S
o 25 BBERBOCTT VIR LR (E B2 A T4 00k 4
F ) OGS R 2R XAl 5 Bl R AR R 2 5K D) A
W1 1 2 T AEAE ) AR AH AT o 2D CNN X 3R HCEL —
Y1 R BRI R B AR BBk = U0 R Z T 45
B E o, WA 20 2D CNN B4V F
SAIERE SEELAR I UL A A5 8 B, 5t mT DLORAIE — 5Kk D)
B A AR Y) R BRI, 33X XA A AR U A gt

FHZWi A BLSE TR oK o PR A IE i L b TR T Pkt H 2
M) 531 ACIL A58 473 1) SR B U R iR AL, JoX 2R AR IR
BIO) R 2 A U0 R R RO R P 81 B AR OCG
KA M, BOTHUI A F8E B Rl G B (SFS) , H
SERUNIE 2 7R o

Y578 MRIBHE S =1[s,,55, =+, 5,1 R il |
T K% xS AR BE R4S R kR AL G i O SV =
[s0), 857, oo, s, oee, s e RO o FL W, S
BT WL y 2 i RAE PR s FE A, € 25y
JZE SRR, y T A 8 )2

IR S A D) T A AR R 0 d A
G MRHAE L, X T m sk DD R AR AE s RIVAF A 4

(y) () o) (y) R(C'/d) X H, %W,
j 9

) =T ¢ ...
S —[Sml’ 3 Sm(i- 1) Smj> S+ 1) ’smd]e



$30%5 /FE 45 /2025 £4 B

XZEFT, FEM, #E—-l, &9
RNV R 5 X BR AR Y B 32 T #4593 26

BRI LCC() FR KT S MY AU 5 i, 1
S =Lcc(s™) (1)
B, X2 m sk U1 Fr s 0 BT U0 1 5 5
il J B4 R AR A
s = LCC(.s'(my)) =
[SEZI)""’S&)+ 1)(1—!)73&)—”.7" s(y()jﬂ),-u,sf}”}] (2)
b RS A+ Y -
V2 IS B m — 15K DD R j 4l ERAE . IE 2 P )
WY 5 B RE BRI U 5 B R A J5 5
m YR R 5 S m - 15K Em + LRUI N

AR R . JE R T iUl SO 1 R4S 5 20
DI A5 BRI SO

{EAFTE R, R pR & LCC (+) 1R A 2B IT D)
Fr A5 R T LA i A A 2 o] 3 A vp 4B AT D) (1]
AR A HL  (ER B A 000 1 (5 BAT SR R, %
FF B0 5 R B R AN FE 0 1 . ik, 7E SFS
MR TR B T AR BT R R A1 O R R
BRI 25 D) R R AR, 2 ) B85 U0 B A G
P, A 2 e R G BRI R 8 Ok R R A R B
NS

( SR )

HFEALA
L (e
st | €
X 7 ﬁlﬂ_}
En -
= ; o)
N (e»

>

K
1XC XsX %
HV>< W‘ f ny W)

R

7
& kB

m-1m m+l1

RJRRHEIR PRI R R G
( )

C Xr
}r 'v

T?EW4>W3>W">~ : '>Wz

El2 SFS&hiAE
Fig.2  Structure diagram of SFS

N T R RCEREY) T R B OC A, B ST R A A

fiE S" {25 A1 4R B2, PR 2o e 00l T EOR 2 5 1)
R LA R ) 7 A G A, S A
b2y > B R H MRIEUR A P9 G R B . &
JE AL 45 B U 2 (Lin 56,2021 R &V AT
FIKEFR o VRARMUL, XF T 55 €, AT , B A~ )

8. =d(S0)=

fsoﬂm(FCz(ReLU(BN(FC,(S‘C{)))))) (3)

A, R () FonC T SY By 2 ST Iy 910 56
FRE SO FRAEH BTN y 2 IE5 C A
TR 5, < RE L2 235 2% = 1 A
&,k B KN, FC, (fully connected layer) .
FC,.BN (batch normalization ) #1 ReLU (rectified linear
unit) 7} B AR A LR A — 1 B EL A

LIS

FRi L, SES TEAG 42 Ry D) ) 6 R T S 7E SU
SO S P A DA SN S 71l

S"" = SRT,(S") (4)

X, S e RN eRELSRT (- ) RFEACE
DI 2 B2 (Rl b, AR Al 4 5 U0 R R AE AU H e 3
ARHE P J5 BRI 1T 5k D) R RAAE

AR PSSR . — 5, AR R
BT ITUARAR R AR 3 TR S MR U1 R
BTy M A R 3 JLF- AN B ACL KRR, X 45
S S0 2 A A A T A SR A A T A A
FLCC(+) HAL A3 43 40 00 B0 R RRAE Ok 0, AL AR
Xt 4 i V) R HEAT AR 2 G T LA B R R A )
FARE BES SIAEmASH Z2 20, 358
ANE R . Sy —Jr i, YR R AR Y 95k
AL T B B e R A XS 5 o ) i) 45 2R DG U0 R

1187



1188

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 4,Apr. 2025

ACLIX1,
E3  MRIH 3 ET KR EIR S ACL X I &% 5T kb

Fig. 3 Comparison of anterior end, posterior end, and the

FE i FRIIA

ACL region of slice sequence in MRI

M OCTE BE o X TE S AR B2 BT DR R A 442
i 7E 2 SR U R A S 3R A5 I S 9k 2o A M o 2 S
sk U R BEAT AR BRE A o 7 U BBRITAR AR
LB MR Y [ B AT 3 R I S AR D)
Z (8] R AH S b e R /N DD R (R SR
AR

8% 4Cm < H4 X W-’J

L1 3%

Cm.;.? sx4C, x 1x W,

i LTk et By SFS AT LIS

SFS = (SRT(S")) ® LCC(SV) =8 ® LCC(S™)
(5)

P8 = (8,8, .8, .8, |Fok €, ANBI %
JR AR R P8 6 R B A BUE , @ Fm MBER AL
1.3 ZHREHFEBIENEFES(MSFAA)

RIS B B LB AR #A% L
AR, B T AN ] 23 [ B S A R A, fif
FHAR TR N BEAR - M A 2 ACL RT AR IR B | 3 14t
PHINRCRAE . e 3 2 RS FHEL A BERE AR B
FBE TR A J23 R 7 A 1) 1R 0 R R 2 (AL AR YT RRAIE , S RE
TR EMG S G0 SUE SR TSGR RE X
A AN AR IR TG 2K . AR E B 22 R
FEAR BAE R ARRAE 15 2] 2h 25 4 XA ] RUBE S
BE W H br, it Re S B A [R]85 AL A A& N A e S
10055 AEAH VT BE A9 ROBE AR, 22 35 $2 40 181 1) A [R) 95
BB B R B . B, 32 1 i MSFAA
REH AT Bl 2527 2 AN [al s i X6 1oz g RUBE AR, DE AN
[FTE A RAE AL B EE R N & 4 FrR .

sx4C x H x 1

sx4xH < W,

© . @uME O sigmoidifiFmsr O Wik
P14 MSFAA 2514
Fig. 4  Structure diagram of MSFAA

R E TGRS 1A 2 R 3 RK
A2 SR 34 ReLU JZ2 X MRIZEZH S e R 7=
b 3RS e AR S 2 ROEEFRAE L 15 O B, B,, By,
B,o Bt 44 1 x 15 BUZE B WU M (5 15 SR R P
MERE RIS A, A Py, Py, Py, Py Hoh
(P, P, Py, P} e RO b TS R A 1] 38 18 %0
MR AZE C, H, x W,o BHEADRE R
EP = fopen (P, Py, Py, POAE N G S2 5 AT i . H
U, 55 A S T8 DG 22 R AU H B 1Y SE (squeeze
and excitation) (Hu %%, 2018) Al b, {5 Bh AL bR 75 75 1
B (Hou 45,2021 ) T L[] B 412 47 245 )5 A1 i
ZIHMKEFR, F 5 ACL XIURHIE . b3 5 15 2 K F-

0 R By R657% B 7 R
F e RIS SN P, Py, Py, PRI TIC S
A5 ) 3 SCIER ) ROBE AR, B 7K 3 B 1) A T
YN Fo, e RGN R e RO kS
I 2 SR (RIS B R Ak B2 A K F (3 BT 1) 2R AR
0,%16,,R)
6, =]:igmd(Mean(FCﬂ“)) (6)
6, =f=igmum(Mean(FCa\ )) (7)
A0, e[0,1]7 "0, (0,177 Mean
AR 3 2 B UL
fJa R R K00, M6, RIS TE A R
FI 3 x 34 BUZ 2 T 22 DX Sl 40 5 ik 92 40 ) fE



$30%5 /FE 45 /2025 £4 B

XZEFT, FEM, #E—-l, &9
RNV R 5 X BR AR Y B 32 T #4593 26

F1o $EH B MSFAA B Ay TR
MSFAA = ReLU(BN(convm((P@oHG)ov) + P)))

(8)
K, Convy , RN BERE KNN3 x 3HERZ,
O FIRIG IR

2 LI

2.1 HIBEHE
2.1.1 MRNet 54

MRNet (convolutional neural network for classify-
ing MRI series ) 4 4E (Bien %, 2018 ) /2 H i &z K Y
ONFERT BT MR 4 . Horp (45 78 56 [ 3
R EE 2 TPUO T 1 370 R IR MR KA,
BEHLI 530 1 130 HYIZRAE (120 2H 50 R4 F 120 2H
MRAE . 2R ACL#T 2  ACL AR DL K 51T
PR RS TR A — B 5 5, A AR 41 MRTAUHE 43 i — A b
%o T BRI AR AR A TR T LR
FH 5 Jeon % A (2021) ALY 75 =X, SEAE U254 158
JEASERY I 2, P FH 960 U 4 A T M REDPAL .
2.1.2 kneeMRIH4E

kneeMRI Z 5 45 2 gtajduhar 2 N (2017)7ETE
% 1 PR B BE 0 A 19 917 2 B 5G15 MRI 2L
it o MKHE ACL A3 1 34 B3R 4 43 R 690 41 T
15 T2 L EB o140 FN 55 A SE i . SR 4y 2 bl
BLHIFE DL 8= 2 119 Lo ] 43 LI 25 4 5 D 4 | e ¢l
FH 53138 LB IEHEA T 5256

5 Bien 58 A (2018) By S50 2500, XF T LR P4
Bl AE 5 B IX 53 ACL R # 24 F1 ACL 47 24 119 43 2%
115 .
2.2 XWEE
2.2.1 K%L

H T ACLH 2485048 H o B R85 0 A 1 — 3 45
RV E A A A g e B /D B PR R AR 1 B, R
e/ MR, 5038 S 2% 1) 7 s A A
X

Loss = > - w(ytlogyp - (1 - yt)log(l - y,,)) (9)
A,y ARG A B ELSE2E , y, AR AR (4 S0
F o S w HFEARKUAE , LL3E Inxt BH R AR 432
FETR AR TTA R, W JEAS S 1 52

2.2.2 SLERAYY

SSAMNet # %1 7£ PyTorch ¥ & |- fif ] NVIDIA
RTX 3090Ti {e - 2F 47 Y Sk , >R FH 3 1z 78 0 A 3
(adaptive moment estimation, Adam ) i ft. %% (Kingma
1 Ba,2015) 7E 4045 52 MRNet FilllZ% . I 2Rt >
HBVIR R 1TE=5 A R E 184, B 25 10
&, 2 ) RN RO 0. 95 1% . RAIZILH TR
¢ 1E |l 28 (veceiver operating characteristic curve,
ROC) i il £& °F 1 #1 (area under curve, AUC) (Brad-
ley, 1997) MERA 1 (accuracy) FBUBYE (sensitivity ) Fl
FAE (specificity) VEIFB R bR . W IRIESSE 2
P, 20 5 3 RSB0 4 R A 200 b AR 225
2.3 EESWH
2.3.1 XFHSEE

TS IE R AT RO L R IR 13 > SE it Y
25 B EB0HE 45 MRNet [ HEAT X O S250 0 43 501 2
J& T 2D CNN ) MRNet (Bien %5 , 2018) | ELNet
(efficiently-layered network ) (Tsai %5, 2020) | AlexNet
(Krizhevsky 45 2017) . ResNetl8 (He %, 2016) .
VGG16 (Simonyan #1 Zisserman, 2015) | GooglLeNet
(Szegedy 55 ,2015) . MPFuseNet_S (Belton %5, 2021) |
MPFuseNet_M (Belton % ,2021) . Irmakei 28 A (2019)
Ei R R B MRPyrNet_E (Dunnhofer % , 2022) .
MRPyrNet_M (Dunnhofer 5 , 2022) DA & Li 55 A
(2023) Fl Jeon 55 A (2021) £2 H 1956 T* 3D CNN #J5
B . H 1, MPFuseNet_S (Belton % , 2021) KX
MPFuseNet_M (Belton 45 , 2021) 43 5118 % iy A b 3
PRI D Z2 AL 1] 1) MPFuseNet ( Belton 25 , 2021 ) £ 1
MRPyrNet_E (Dunnhofer 5§ , 2022) . MRPyrNet_M
(Dunnhofer &5 , 2022) 43 5] & & UL ELNet (Tsai 55 ,
2020) .MRNet(Bien %, 2018) Jy JL Aill #5744 ) MR Pyr-
Net (Dunnhofer 55 , 2022) &5 ¥4 . SEHG 45 KA 1 i
7N o B 2D CNN HEWE 5 i 23 i) A 25, (HOUF A — 4
JE (U1 F 4 ) g A BE 0 s, BELAS: T PERE SR T o
H T v X A R, i ) SSAMNet 7E Y F )7 51 4
TSGR P 2R G % R R R R E R, H
PERESE b AUC B2 L T HALEE T 2D CNN #Y 5 ik
i s, BV 5525 S8 UT A 4ERE 9 56 T 3D CNN Y 5
7% (Jeon 55 ,2021) A HL , SSAMNet A5 5 Z A 4 1 1k
A , Jeon 45 A (2021) fitf Bl w5 4 (o2 5 2t 44 ol B 2R £
ACL X8k, AT DA ORAIERE o U3 B R A B TR 2%
AEL X B A A S ) A A2 Al PR L FH A B 5 3K
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®1 TREEEEMRNet BIEE FR S EIERITEER

Table 1 Comparison of classification metrics for different algorithms on the MRNet dataset

el g AUC accuracy sensitivity specificity

Li % A(2023) 0.920 0.833 0.870 0.808

3D CNN
Jeon % A (2021) 0.983 - 0.981 0.924
ResNet18 0.935 0.858 0.889 0.833
AlexNet 0.942 0.825 0.673 0.950
GoogLeNet 0.813 0.733 0.722 0.742
VGG16 0.907 0.825 0.741 0.894
MPFuseNet_S 0.949 0.908 0.852 0.955
MPFuseNet_M 0.955 0.892 0.870 0.909

2D CNN
Irmakei %5 A (2019) 0.954 0.778 0.939 0.867
MRNet 0.965 0.867 0.759 0.968
ELNet 0.960 0.904 0.923 0.891
MRPyrNet_E 0.960 0.881 0.827 0.924
MRPyrNet_M 0.976 0.886 0.815 0.944
SSAMNet(430) 0.984 0.914 0.846 0.970

TE R RS S e LA R, =" s Kl

WRIZ, 1T SSAMNet ) BIHEAE AR PURIER 22 97% , W]
e KRR bk iz i 0 & A . MR T =L 3D
CNN(Li %% ,2023) , i $2& 77 1: 73 2546 5 AUC S accu-
racy b T H 6. 4% .8. 1%, ¥ T FFEF 2 g
JE 4055 B 95 A% 4 MRPyrNet_E FI MRPyrNet_M
e, BT $R A WL 7R AUC 48 A5 b B 3 2. 4%,
0. 8%.
2.3.2 {HESEE

g T itk — 2P WFFEAS [F] B SSAMNet 43 2 14
REAYHY 25 , % T SRR A 7 0 il 52 50, DASS RS AT
RbE a5 R R 2 R o Ak, K i FH SFS Al
MSFAA 5t ) 28 8 2D CNN 4B T I’ 2% AlexNet
(Krizhevsky 55 ,2017) 7= A4 B Il 1 43 25 PE RE R A, 7E

BERNRREE T R BB T N 4% 280 W] REAE ACL 5 24 43
K EAEHAR, @i SFS 5] MSFAA 2 A AlexNet
W, & BE SSAMNet [ 3 45 Al T T M 4%, 45 51
SEHG N SFS ALY AUC HR R de THE i 2. 5% {E 1%
TR, SFS A1 MSFAA (A A o] LLE— 27
ok PR AR (AUC BT 4% ) .

XA LA RS Ry, ZE S N SES B 2 I, BERS T AT
R E ACL B FHE 5 V) 5 P 5 Z G & L 0%
AT ) R 4E B SIS BAZ IR IR JE . SES
FITMSFAA P E A ol FF 0] ] B 408 22 ] RUBE 1)
FERRE st ) T AR AT S e RE
2.3.3 S BUEST T

SFS ¥4 £ 4> JRy 17 51 5 28 i i 326 19 ) 50 ik

%2 SSAMNet £ MRNet ##E& FHH RN R
Table 2 Ablation experimental results of SSAMNet on the MRNet dataset

ey SFS MSFAA AUC accuracy sensilivity specificity
BT M4 x x 0.942+0.008 0.825+0.014 0.673+0.053 0.950+0.017
SSAMNet x N 0.943+0.004 0.864+0.021 0.809+0.011 0.909+0.040
SSAMNet N x 0.967+0.004 0.869+0.013 0.772+0.028 0.949+0.009
SSAMNet N N 0.984:0.002 0.914+0.013 0.846+0.043 0.970+0.015

LIRS 4 9 e PR SR N X 43 SRR A, 7 J (9 B 1R R 22 M L



ﬂ%ﬂ,%ﬁﬂ #H—1, 54

$£30L/F 48 /2025 F4 A WAV F F A XBERXNR R X s HRG o
SR 1) ACL B 5- P R T B 6 MR, Loy //\‘
LG R A i Y BB P 5 43 9150 T o 050]
P HE 48 FR AUC , accuracy | sensitivity 1 specificity Fifi r g 0.851 .
BT A T A 025 R, 5 e | T e

LSRN 3 R 4 I 16, B B R A ol AL
e '

K5 AUC.accuracy sensitivity J specificity

2.3.4  HNEREPEAE AT

\ . B0 Fr Bt r A
%% 4 9 .90 & MRNet (Bien %% , 2018) | MRPyr- Fig. 5 The trends of auc, accuracy, sensitivity, and
Net_M(DunnhOfer% ,2022) N SSAMNet TEAMER S IFAL specificity with slice numbers (r)

P LE kneeMRIH UEAT 5474 BRI PERE . B2 b, P42 49 SSAMNet 2574 43 28 P RE L L T MR Pyr-
1E 5 MRNet H. A A [6) B8 2 A 19 B2 £E kneeMRI Net_M, 532K B accuracy #2 Tt 3%, 1T kneeMRI{Y

£R3 SHrHAEEBYEZE MRNet $1E & _FH A EISIRXT L&

Table 3 Comparison of classification metrics for different values of parameter r on the MRNet dataset

r AUC accuracy sensitivity specificity
8 0.895+0.004 0.814+0.013 0.815+0.037 0.813+0.049
12 0.951+0.006 0.883+0.014 0.827+0.011 0.929+0.017
16 0.984+0.002 0.914+0.013 0.846+0.043 0.970+0.015
20 0.910+0.015 0.856+0.010 0.796+0.019 0.904+0.009
24 0.899+0.009 0.839+0.021 0.790+0.039 0.879+0.015

T L RS S e LA R, 7 Ja A B AU RIR 22

F4 FREIEFETE kneeMRIHHEE #5738 XIGE 5 EKARRITLLLE R
Table 4 Comparison of classification metrics for different algorithms in fivefold cross-validation

experiments on the kneeMRI dataset

B X535 AUC accuracy sensitivity specificity
K1 0.734 0.734 0.522 0.804
K2 0.798 0.783 0.631 0.833
K3 0.822 0.826 0.630 0.891
MRNet_S
K4 0.866 0.848 0.717 0.891
K5 0.670 0.690 0.435 0.775
A 0.778 0.776 0.587 0.839
K1 0.894 0.870 0.804 0.891
K2 0.878 0.880 0.630 0.964
K3 0.877 0.783 0.826 0.768
MRPyrNet_M
K4 0.887 0.810 0.783 0.819
K5 0.888 0.870 0.783 0.899
WY 0.885 0.842 0.765 0.868
K1 0.880 0.886 0.761 0.928
K2 0.880 0.853 0.739 0.891
K3 0.870 0.870 0.761 0.906
SSAMNet
K4 0.900 0.875 0.783 0.906
K5 0.906 0.875 0.739 0.920
alfz) 0.887 0.872 0.757 0.910
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A5 KRR AL B, B LA B AR ] MRNet 25 14
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Fig. 6 Comparison of ROC curves in five-fold cross-validation experiments on the kneeMRI between SSAMNet and MRNet-S
((a)SSAMNet; (b)MRNet_S)
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Fig. 7 Comparison of SSAMNet, MRPyrNet_M, MRNet_S
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visualization results through CAM
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