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A Review of Deep Learning—Based Adrenal CT Image Segmentation Research
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Abstract: Adrenal glands are tiny endocrine organs that play an important role in controlling blood pressure, heart rate, and other activities
regulated by the sympathetic nervous system, and adrenal CT image segmentation is one of the key technologies in the intelligent diagnosis of
adrenal-related diseases. In recent years, deep learning methods have played an important role in the automatic segmentation of adrenal CT
images, which has driven the continuous progress in this field. In this paper, we systematically summarize the image preprocessing sirategies ,
convolutional neural network and Transformer, and other deep learning models commonly used in existing research, and sort out the current re-
search status of adrenal segmentation based on deep learning in the diagnosis of adrenal-related diseases. Finally, the future development di-
rection of adrenal CT image segmentation in terms of dataset construction, model optimization and multi-task joint analysis is discussed, aim-
ing to provide references for related research and clinical applications.
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2 3D U-Net M %& 2514

£ 10 SEAERFFE S 3E T U-Net 2 91 R B7E 5 1 i 43 1
HE A Rk . BRICHNEE P IE T 3D U-Net #4223 R R
i FH 520 49 1E 5 B AR AOAR T CT BE HE A TR ALY 25 ) L
TR A 0 R 205 4 B R Dice 2503 51 i35 0.942 F1
0.937, B H TSI TERE . Kim &2 JF % T3 F U-Net
() 3D 2 ERLIY | X6 308 491 %F b 1 i I35 CT BEA7 I 25,
S5 R 5 A IR Dice 29245 0.700 9, 1E # 4143 ) 1CC>
0.89 , Ff:38 iz I FL AR R 45 A AR 2 85, o i #4326
B e I B R A Meng 2553 5B WF 98 % B nnU-
Net (—F [ B Fc & 19 3D U-Net) , {#i i 1 301 il TCH4 5% CT
12 000 {91 1E # X B AT YN 2l ik o 7 003 86 b, 22 ) i
Dice~0.899 , 45 Ml It Dice~0.904, 1B 3D nnU—Net 7 K
Kot b AE UL 0.9 FURSE . Chen 253 41 Y T — F 5E

F3D V-Net 19 [ IE CT BIGr51 5 0 J5mim 1+ 5 I
P A5 1 BRI 5 8 PR B . I WESE R T 1 086 1l
HEGR CT AR A T VI ZRAE T8k X5 R A8 B9 [ sl 738
EHTIEW 555 S LR 25 BRI AE
Dice F BN Z £ 0.900 (1Y 4337 75 il : 0.810~0.965) , B/~ i
TGS 2> EIPERE . Bolocan 2513 3% F 2 M1 CT K %
U-Net , SegNet Fll 4% & 2% NablaNet = Fl X 28 47X} Lb . 7E
868 i X} 3 CT 9 #5 i M4, U-Net BUIS T 47
4 BE (47 I3 Dice=~0.630+0.05, 72 It Dice~0.660+0.06) , i
Z T SegNet (47 0.320, /7 0.335) il NablaNet, 1% — 45t
FH], U-Net M 76 B b IR IX — /NG 48 43 B4 55 o A 8%
1o A

TE U-Net HEZR MU 2 35 0E J)& B9 S50l B, WP 508 it — 20



5% 4

BTV TR, 4 TR

R IR CT RS HIBF G ik - 217 -

WER T ZHRPE GG LT B R S
I FEAIAT . Luo S SO T — R [y BERIK N 45 55— By
B 5 A7 I 245 5 A7 i 1 DX 3K 5 35 B B 19 Small-organNet
W28 45 G i S I R AT R A 0 ) . T AR
R T CATREE = 2] Jr i, IR R I T/ (4 2 8 i AR AR
BT TF4Y o Zhao S5V HE Y T — bl FH A 9k 4 B
CE LRG3 ) ZEA BRI ZR 80 T 3017/ B 43 #1 A
5k T, R R R AR A SRR A DX 5
W ARSI B LA T R B i B AR 22 M 4% o X Ry
AT T o BN U HAE VIR A BR A 5L~
FEPH . Robinson—Weiss 258 % H 1 49 By Be 23
F I oy S T vk AR 274 BT R BRI o3 5 AE
TE R P b RO AL R R B R AR T P 7 Dice 0.80 Al
0.84 173 # 45 R . X LEE R 5 RHE IR 45 R 2
B RTEE R E LS. WA, FERT PR T M T2
RUBE 3D U-Net (97515, IF45 & v ) Gl i i 4 CT 1R
KN BRI SE BT 4K BE 0.663 (AR T, T4 AR T 2 R
JE AR S AR T T o
3.2.2 A F Transformer %9 B _E A% 52 5F 5

S B BRI 28 245 (CNN) 7E ' E IR R 43 31 vh B
T AR B R X DA 2 R AR
BRI X S A S R RE T o SR B — )R, T AE Ok
W54 44 Transformer B 5 | A B 22 503 HIMTE 55, i B H:
=R = wakiIN b O R D U E R v =R NPT

ST, B ARV T — Rl 4 B 4%
(FCN) M2 R A sk 77 oA R xS L T4
R BRI . ZOrE L BT S TR EE UE
SRR Z MG B, IF ST UG N A AL R X
. 454 CNN 5B E (RW) Jr i #6475 E b

i34y E) BUAS T Fl-score 4 0.729 Y 45 5 0 B )5 , Alimu
AU T LT Transformer (19 = B BE B _E IR b RE 43 0 5
LW 4 S8 H Dice REUH 0.690, {EAE I 41 Hi AL
WONR L Im K B A TE X 43 Z I VE B b IR RIEE (FAT) J5 T ik
) 10.925 pYAMERA A, ML A B AR HERT 3 0.806 (P
<0.05) . Wang %[42]:?&#53% H— Fh g A5 £§ = Transformer—
RN SR 45K 1Y 3D W 2%, 76 182 |1 I IR FE RS 088 CT Bl 48
AEEL T 0.858 FUFEY Dice 228X, 8L T Transformer 75 22
LR ¢ 2 5 T B A, JEHGE A A BRIV B B
FRIEALE

Fayemiwo 2“3 4 H — Bl 4 L0 TR B 2 >0 1 iR 4331
DR, 455 CLAHE X L B2 34 i OCBEDI R i 328 | I 3k 1
58 (TTA) 5 4 He X S B 25 S, 76 AMOS I MICCAT
MR T REFESRT T ARG, 34 Dice f2 T 0.1,
BRI AL AU AT 3K 0.44 , [F] I 2 90 T RCBHPE S R . Xk
W, Transformer 5B AL IR R 925 G, S TN 14 43 1 42 41t
TR i PR N A 0 e T 58 . A IR A A
TransUNet CFf UNet 5 Transformer fili 4 ) 76 H A IE T 25 B 40
FR RN R, EWZE LG A G LRI . Trans-
former Kz FLAT A= 856 0 B IR CT G 43 B3 43E T 53 i i
SR, JU A 2 15 1 A 2 R 2 G 05 8 7 TR I
RGP . ARk Bl 3D R AL R 2R A
G kDR I Sz kR Ty . K3 AGE T iR
FEHAE G Lo B HAR AR
323 #EMLLEMAER LIRCT 23 F 8938 %

Li 29 T MCNet 23 SIS RY 33  — L o B E IR
CT EI& 5 BB TH B B Y 0% B 2 > I 45 4848y, 15 i o
3 2 A v T I /IR L SR DL % 5 ] R 2 2 A AR
Pk . MCNet [ 45 25 44 € an 1] 3 i -

Table 3 Summary of adrenal segmentation methods

3 BLEBHEFELR
(=4 W H FEiAY I GrpE At Dice 4L
BTy [ gh s E R E RO 3D U-Net 520151 _FJRAE I CT 7£0.942,470.937
Kim 4552 PR ST U-Net 1 3D 23 HIBER AT 5 _E I 231 3D U-Net 308 fil 3 5 M CT JEAT#49740.700 9
Meng %30 SR nnU-Net HEFF MU SR 42 P _E IR 431 nnU-Net 1301 (T4 38 CT,2 000 I IE % XTI 720.899 47 0.904
Chen 5134 JETF/MEIZE A [ IRSK 3D V-Net 1 086 il &k A8 LA CT 0.900
. . . U-Net A, 720.660,
Bolocan 213 4% U-Net .SegNet .NablaNet = Ff 54 £% fit) 14 GE U-Net, SegNet, NablaNet 868 {4 % H 5% CT 410630
Luo %3¢ P2 T B B R 25 A T L B 43 T 9 BE B [ 28 (Small—organNet ) / /
Thao 0T 19 A~ G IR A5 R (R 6 R 43 51 26 BRI DI 2R 50 Knowledge—Aided ,
* TN 4 CNN
Robinson—Weiss . . .
e SrEIEH SR AR E AR PR EL CNN TFH4E 2741, M4 991 4 TEH 0.80, JiiRi 0.84
ZRPT ZJUE 3D UNet LIRS Z U 3D U-Net T CT YL (KT 0.663
BiZE) R HLEE CT B LRI L e LR (FON) FIZ RS, / 0.729
[41] YIIERAE 270 ) K4 60 14 ] Jifi ]
Alimu %Y =B LRI 55 512 07 R 4 Transformer U . 71 AR 60 BRI Bt 0.690
64 45 4]
Wang 251920 [ I AR %1 it Transformer— A% % 182 I R A5 90 0.858
Fayemiwo 25 I\ CT [EHGH HETH 2351 15 LR RA TG AL B AR 5UR 22 I SR / TR 0.1




- 218 - BAF 5 1 2026 4F
MCG  4--—mmmm e — MCA flow
MCG flow
MCG i — Upsample

Encoder
Stage

Decoder
Stage

Vo i

— Downsample

@ Sigmoid

ey » Skip-connect

Output
—
MCG Multi-level Context Guidance Module
MCA Multi-level Context Aggregation Module

Fig.3 MCNet network structure diagram
E3 MCNet MEL&EHE

MCNet 73 FIREHY 2 9% IF SCR A MCA B 2 2%
LR SCH] S MCG B2 B, Horpr, MCA BEHGH & 2 3 5
TG RZ AR T 2 RERE R e a3 LR
TE A A5 Ak, 5 1 MCG AR B DU 38 3xF 75 i A B B o a2 ik BK 3%
2, 5 RIS TR 3 R RIS B, LAl /D15 5ol s 1
e, T 45 5 3 RS BE . MCNets@ o WG - FSCR A M
G MG, s T X /MATRES B R IE SR ELEE ), R
e R R AR RS — R E U S b R
BT AR TERE . BFIEE FE Ad-Seg A DGS %4k 45 |, £
Xof oAt e 1E AR F Mk A BB TT e T X LS 86 . 5L 6 2
FF W, MCNet 7£ Ad-Seg 1 DGS 5¥5 4 E 1 Dice 5 505>
2 0.713 4 F10.752 9, t 00 T HoAth e e 2k 19 43 %1 7 i
MCNet 5 HoAt AR F P 43 BB 6F LA B0 AN 35 4 T o 18
RUANAUAENG S DS T W3 28m, toh/NVs B L2
R B A0 A BV AR AL TR B RIS )

AR T — it & R/ MATR A 8 B (4R AR
BT Se 1 531 0 L 3% Rz 8 ok T TS 7. Lyu
SO 2024 4FE MICCAT 2318 _E 42 H T MetaUNETR 5,
JZ AR ST token—mixer AY BT BB IEFT T T % &=, A
B M M 5] A TriCruci £ 3 . 78 BTCV., AMOS 1 Abdo-
menCT-1K %5 Z 28 B 7 5 3 vE B 48 L Agse g g R,
IRV S oG ], HoPE BRI g 5 E A AR
ELRSHURE, TR R T R AL AR 5 R AR A Y
KBS . Pang ZEHE 2024 4F MICCAT 233 42 1Y
ASA AFEFRY T A i 1) — B0k 5 AR 2 B 56 R AR %,
T AR S AR AN IARE 295, R T /R
HWENM S AWE . HILFE B, Chen %4 E Medical
Image Analysis (2024) 1 R G PE AT T Transformer 5 U-
Net B @A, PE— 2 UE 0 T 4 5 1 B AL 7 /N B Ar sy

Table 4 Comparison of MCNet with other representative segmenta-

tion algorithms

F4 MCNet SEMRRESBIEEITEFR
\ " S &N
TLAHR MEEH Z)UENLE BRI RO Hb
7
it iy~ 1
UNet V XIFRIE V5 -Ji
45K
Attention  UNet + At- . . Spatial Atten-
, % wEAmgE g
UNet tention Gate tion
TransAttU- CNN + Transformer - Self-atten- e
SO i s e
Net Transformer [ tion
U-Net +
o CTrans—guid- Channel at-
UCTransNet  Channel HIEAC . — %
ed skip tention
Trans
Transformer 25 ] J¥ 57 X Cross—scale .
ScaleFormer N - TR L2 ° By
HET it transformer
) Spatial +
WRN38+  ZNJERG  skip EHY )
MCNet Channel + 7
MCA + MCG ~ (MCA) (MCG)
Non-local

TR . R B RAUGES) T £ T M 2549 5 to-
ken—mixer [9 45227 Ak , A 7 X6 BF B R0 51 104 Rk R
PEAL T AT 5 S Y A D BB

ZE b E R CT R s B R E 2B T
Net HE 42 2| Transformer 7 | 1531 % Sy /NG B 4 s BT
TR ) 2 25 () i 0 R R B AR o HLrp U-Net S AR (A GE
18 25 R T 37 RN BB AU P RE A, ZE /MRS B 40 B o
P 0 M 5 Transformer (1951 AW SEME T 45 B0 28 X 2% 1)
Jey P Iz W B ), ) FH 4 S v T 0 AL ) o S e T R AR
TS5 30 SO KL AR I HE 7 5 T MCNet 555 7 48 44 1]
85 A 2 R T SCEBL S R AT 55 AL R s, 7k
4 50 5 T R L B B S o 3 T ik MR AR T IR B 2

2 il U-

=N



5% 4

D i, B, 3, O SR TR T B IR CT B IR 2k £ 219 -

IRORTES b iRy H U A A kAR Pk, to o AR AT
FERRW T J5 1), Bl G 25 5 2 RS 2 )m B R SUE R
VA RAT: 55 3 AR BETT , A 280 sl BB R o LR
5 1 ARS8 B T B

4 ZEiE

Wt 5 TR 38 7 > B A 12 2 PR 53 i i ) o R e
Z TS0 LI CT BUG S 8 J5 2t ok Bz
BRI, BAE, X RITEC AR B BRI R BE S Wb
A — M E BT H . ARSCESS TRk B B CT K& E
U TAE T A AT T8 il B e
AT 2856, A SCRU R 1 36 TR 2 T 1) iRy
FIAESRG 12 W P ORI SEAE OO, o ER T i U TR JEE 2~
SR RS . HAT, B LR BT IR AR TE R R B
B TETOANE BE RS E M I R 1 T3 17 1 D5 T, 38
AR TEZS 8] o RA AT LU 11 P4~ 5 1 4 2k i ik
BRI B

(DB SR B I . Bl AR )T 98 2 2 iy
A PR, B L IRARBRE N, 50 LU O 7 CT KR
Hh o B e AR DN o RS T 4 g T A e Al A
A2, DRI AR X 2 TR R 2 > A TR X A DI R B 1 5
Ko F35h, CT FBTERAEWS 7 5 2 B R iz gk
A0 73 SR A I A5 DR R R T 3k 26 ] R 2 3900 8
BE o BB R HI RS TORE RIS RS R R AR . 2R
LG —AHA B2 AR T R AU 2L 21
BEAS b 5 B N BLHEA TR AR T 3 A S B B A o i
AR Bk . PRI, 4 2l e ik L e A i e oy i 18
I X TR T ISk A PR RE A S I RA

(2) AR LRI T T 30 B AEASE R BTy T 5 2200
o, BE— LR T RIBRS B Sz A RE T . BUA R N
U-Net S HAR A C )32 BT T B2 RS O3 1 (B A AL B
(SRR SEE Ny 2O N UR Y ]ORN =R KRR T
N T ARG AN ), ] DL BT B R A, 275
AN T B ERRAG X o A i n] LT 2 RS Rl
Trid AU R EE G A . IR LR CT A, MRI,
PET &5 i (807 A RERE 4R L T -F & A9 20 20T L R E e A B
B Z2 IR BRI T IR A, BRI AR AR B 4, S A
QR Al UG A U S AR O A8 o A AL ARG, i AT LA
M ZAL 552 ST 107 1 R B LR BRI A P 0 26
SRS ERA A . XRS5 AT LUE AR AT, AN AE S
R BERBOR IR RETERE A AT IR B0 T S s DI ZR280

b RIS T BOR B B CT B 2 IS4t 13
0 A FEAILIE , T H R 45 R 22 0 28 1l Transformer 4444 B9 5 |
A A b R AR L RS AR AT B TR TR AT Y
Tho ARk, B T 280 S A R Bk B D AR L Rl R

BAERIRA B LR CT G 1A BRI A S8R
AL S2 WA EA IR 7 v R 3 SRR T

S 3Lk -

[1] ZHAO W, HE H, ZHAO J, et al. Adrenal tumor vessels segmentation us-
ing convolutional neural network in computed tomography angiography
[C1// Berlin: 2019 41st Annual International Conference of the IEEE En-
gineering in Medicine and Biology Society (EMBC), 2019.

[2] BLAKE M A, HOLALKERE N-S, BOLAND G W. Imaging techniques
for adrenal lesion characterization [J]. Radiologic Clinics of North Ameri-
ca, 2008, 46(1): 65-78.

[3] MITCHELL B D, WHITLATCH H B. Decoding hypertension through pri-
mary aldosteronism [J]. Circulation, 2023, 147(14): 1110-1111.

[4] ZENNARO M C, BOULKROUN S, FERNANDES-ROSA F L. Pathogen-
esis and treatment of primary aldosteronism [J]. Nature Reviews Endocri-
nology, 2020, 16(10): 578-589.

[5] CHEN C, MA Z L. Advances in imaging studies of primary hyperaldoste-
ronism [J]. International Journal of Medical Radiology, 2024, 47(6) :
712-718.

MR, b, RAVMBERNE SEGPEFMLREE[]] BFRE
A F R E, 2024, 47(6): T12-718.

[6] FUY, LIUJ, SHIJ. TSCA-Net: transformer based spatial-channel atten-
tion segmentation network for medical images [J]. Computers in Biology
and Medicine, 2024, 170: 107938.

[7] LEI W, SU Q, JIANG T, et al. One-shot weakly—supervised segmenta-
tion in 3D medical images [J]. IEEE Transactions on Medical Imaging,
2024, 43(1): 175-189.

[8] LIJ, LIUK, HU Y, et al. Eres—UNet++ : liver CT image segmentation
based on high—efficiency channel attention and Res—UNet plus [J]. Com-
puters in Biology and Medicine, 2023, 158:106501.

[9] QADRISF, LIN H, SHEN L, et al. CT-based automatic spine segmenta-
tion using patch—based deep learning [J]. International Journal of Intelli-
gent Systems, 2023(1): 2345835.

[10] SIMPSON A L, ANTONELLI M, BAKAS S, et al. A large annotated
medical image dataset for the development and evaluation of segmentation
algorithms [ DB/OL]. https ://arxiv. org/abs/1902. 09063.

[11] JIY, BAIH, GEC, et al. Amos: a large—scale abdominal multi-organ
benchmark for versatile medical image segmentation [J]. Advances in
Neural Information Processing Systems, 2022, 35: 36722-36732.

[12]  YANG J, SHI R, WICKRAMASINGHE U, et al. Neural annotation re-
finement: development of a new 3d dataset for adrenal gland analysis
[C]// Singapore: 25th International Conference on Medical Image Com-
puting and Computer Assisted Intervention (MICCAI), 2022.

[13] MAJ, ZHANGY, GUS, etal. Abdomenct-1k: is abdominal organ seg-
mentation a solved problem? [J]. 1IEEE Transactions on Pattern Analy-
sis and Machine Intelligence, 2021, 44(10): 6695-6714.

[14] LIH Y. A study on adrenal gland segmentation in CT images based on
multi-level context—aware approaches [D]. Xiangtan: Xiangtan Univer-
sity, 2023.

FME. AT S ELET AL CTEGE LR #5 % [D]. 4
BomBERS, 2023

[15] MURPHY A, WILCZEK M, FEGER J, et al. Windowing (CT) [EB/
OL]. https : //radiopaedia. org/articles/52108.

[16] HARTUNGMICHAEL P , BROWN A. Abdominal CT: windows ad-
vanced [ EB/OL]. https : //litfl. com/abdominal—ct—windows—advanced/.

[17] OSHER S, FEDKIW R P. Level set methods: an overview and some re-



220

BAE 5 A

2026 4

[18]

[23]

[24]

[25]

[26]

[27]

[28]

[31]

[32]

[33]

cent results [J]. Journal of Computational physics, 2001, 169 (2) :
463-502.

SIRI S K, KUMAR S P, LATTE M V. Threshold-based new segmenta-
tion model to separate the liver from CT scan images [J]. TETE Journal
of Research, 2022, 68(6): 4468-4475.

HOJJATOLESLAMI S, KITTLER J. Region growing: a new approach
[J]. TEEE Transactions on Image Processing, 1998, 7(7): 1079-1084.
NOVIANA R, FEBRIAN I, RASALI, et al. Axial segmentation of lungs
CT scan images using canny method and morphological operation [ C ]/
Surabaya: 2nd International Conference on Mathematics — Pure, Ap-
plied and Computation (ICoMPAC), 2016.

KOYUNCU H, CEYLAN R, ERDOGAN H, et al. A novel pipeline for
adrenal tumour segmentation [1l. Computer Methods and Programs in
Biomedicine, 2018, 159: 77-86.

BARSTUGAN M, CEYLAN R, ASOGLU S, et al. Adrenal tumor seg-
mentation method for MR images [1l. Computer Methods and Programs
in Biomedicine, 2018, 164: 87-100.

ZHANG G, LI Z. An adrenal segmentation model based on shape associ-
aling level set in sequence of CT images [J]. Journal of Signal Processing
Systems, 2019, 91(10): 1169-1177.

WANG X, JIN Z Y, XUE H D, et al. Evaluation of normal adrenal
gland volume by 64-slice CT [J].
2012, 27(4): 220-224.
SCHNELLER J, REISER M, BEUSCHLEIN F, et al. Linear and volu-

Chinese Medical Sciences Journal,

metric evaluation of the adrenal gland—MDCT-based measurements of
the adrenals [J]. Academic Radiology, 2014, 21 (11): 1465-1474.

XIE L, YU Q, ZHOU Y, et al. Recurrent saliency transformation net-
work for tiny target segmentation in abdominal CT scans [J]. TEEE
Transactions on Medical Imaging, 2019, 39(2): 514-525.

LIY, ZHAO Y, YANG P, et al. Adrenal volume quantitative visualiza-
tion tool by multiple parameters and an nnU-Net deep learning automatic
segmentation model [J]. Journal of Imaging Informatics in Medicine,
2025,38(1) :47-59.

RONNEBERGER O, FISCHER P, BROX T. U-net: convolutional net-
works for biomedical image segmenlati(m[c-‘// Munich: 18th Internation-
al Conference on Medical Image Computing and Computer—Assisted Inter-
vention(MICCAI), 2015.

LI P, WU W, LIU L, et al. Automatic brain tumor segmentation from
multiparametric MRI based on cascaded 3D U-Net and 3D U-Net++
[J]. Biomedical Signal Processing and Control, 2022, 78: 103979.
CICEK O, ABDULKADIR A, LIENKAMP S S, et al. 3D U-Net: learn-
ing dense volumetric segmentation from sparse annotation [C]// Athens:
19th International Conference on Medical Image Computing and Comput-
er Assisted Intervention(MICCAI), 2016.

CHEN Y C,YANG J J,ZHANG Y F, et al. Research on adrenal gland
segmentation in CT images using deep learning [J]. Radiology Practice,
2023, 38(3): 305-312.

HAAR, i, R, F A TRASIECTEE LR E
MR ARST (1], A 923k, 2023, 38(3): 305-312.

KIM T M, CHOISJ, KOJY, etal. Fully automatic volume measure-
ment of the adrenal gland on CT using deep learning to classify adrenal
hyperplasia [J]. European Radiology, 2023, 33(6): 4292-4302.
MENG F, ZHANG T, PANY, etal. A deep learning algorithm for auto-

[34]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[45]

[46]

mated adrenal gland segmentation on non—contrast CT images [J]. BMC
Medical Imaging, 2025, 25(1): 142.
CHEN Y, ZHANG Y, ZHANG X, et al. Characterization of adrenal
glands on computed tomography with a 3D V—Net—based model [J]. In-
sights into Imaging, 2025, 16(1): 17.
BOLOCAN V-0, NICU-CANAREICA O, MITOI A, et al. Deep learn-
ing for adrenal gland segmentation: comparing accuracy and efficiency
across three convolutional neural network models [J]. Applied Sciences,
2025, 15(10): 5388.
LUO G, YANG Q, CHEN T, et al. An optimized two-stage cascaded
deep neural network for adrenal segmentation on CT images [J]. Comput-
ers in Biology and Medicine, 2021, 136: 104749.
ZHAO Y, LI H, WAN 8, et al. Knowledge—aided convolutional neural
network for small organ segmentation [J]. IEEE Journal of Biomedical
and Health Informatics, 2019, 23(4): 1363-1373.
ROBINSON-WEISS C, PATEL J, BIZZO B C, et al. Machine learning
for adrenal gland segmentation and classification of normal and adrenal
masses at ¢T [J]. Radiology, 2023, 306(2): 212-222.
LIM Z. Automated segmentation of adrenal glands on computed tomogra-
phy images using multi-scale 3D U-Net [D]. Taipei: National Taiwan
University, 2023.
F 2. AR % RJE 3D U-Net £ 0 i B & 22 4% H AR L 475 LAk
a A FaE (D] &4 B2 & B XF, 2023,
BI L, KIM J, SUT, et al. Adrenal lesions detection on low—contrast CT
images using fully convolutional networks with multi-scale integration
[C]// 2017 IEEE 14th International Symposium on Biomedical Imaging
(ISBI), 2017: 1082-1085.
ALIMU P, FANG C, HAN Y, et al. Artificial intelligence with a deep
learning network for the quantification and distinction of functional adre-
nal tumors based on contrast—enhanced CT images [J]. Quantitative Im-
aging in Medicine and Surgery, 2023, 13(4): 2675-2687.
WANG L, YEM, LUY, etal. A combined encoder—transformer—decod-
er network for volumetric segmentation of adrenal tumors [J]. Biomedi-
cal Engineering Online, 2023, 22:106.
FAYEMIWO M, GARDINER B, HARKIN J, et al. A novel pipeline for
adrenal gland segmentation: integration of a hybrid post—processing tech-
nique with deep learning [J]. Journal of Imaging Informatics in Medi-
cine, 2025,38:3698-3710.
CHEN J, MEIJ, LI X, et al. TransUNet: rethinking the U-Net architec-
ture design for medical image segmentation through the lens of transform-
ers [J]. Medical Image Analysis, 2024, 97: 103280.
LIJ, LI H, ZHANG Y, et al. MCNet: a multi-level context—aware net-
work for the segmentation of adrenal gland in CT images [J]. Neural Net-
works, 2024, 170: 136-148.
LYU P, ZHANG J, ZHANG L, et al. MetaUNETR: rethinking token
mixer encoding for efficient multi—organ segmentation [ C]//Marrakesh :
27th International Conference on Medical Image Computing and Comput-
er Assisted Intervention (MICCAL), 2024.
PANG J, MA D, ZHOU Z, et al. ASA: learning anatomical consisten-
cy, sub—volume spatial relationships and fine—grained appearance for CT
images[c—w Marrakesh: 27th International Conference on Medical Image
Computing and Computer Assisted Intervention (MICCAI), 2024.
(AR 4% i)



