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Introduction:  Brain tumors are caused by abnormal cell proliferation and can lead to
neurological disorders by affecting the structure and function of the brain. Therefore, their
accurate and timely diagnosis plays a significant role in reducing clinical risks for patients.
Magnetic resonance imaging, as a non-invasive and highly accurate method, is widely used in
identifying tumor areas in the diagnosis and treatment planning process.

Materials & Methods: This study is a qualitative systematic review based on the PRISMA
guideline, which was conducted by comprehensively searching the Web of Science, Google
Scholar, Springer, Scopus, IEEE Xplore, and Elsevier scientific databases. Studies related to
convolutional neural networks (CNN) for brain tumor segmentation in Magnetic Resonance
Imaging (MRI) images, focusing on advanced architectures including U-Net, nnU-Net, V-Net,
DeepMedic, and DeepLabV3+, were selected based on specific inclusion and exclusion
criteria and subjected to qualitative and comparative analysis.

Results: The results of the reviewed articles showed that the DeepLabV3+ model had the
highest accuracy with an average Dice score of 0.917 and the other models U-Net, nnU-Net,
V-Net, and DeepMedic had average Dice scores of 0.827, 0.793, 0.819, and 0.752,
respectively. All of these models performed better than manual or traditional methods in
different data conditions such as 2D, 3D, and unbalanced data. However, the reported
performance for each model is affected by several factors, including the quality and volume
of training data, data augmentation strategies, the loss function used, and post-processing
steps.

Conclusion: This study shows that novel image analysis methods significantly improve the
accuracy of diagnostic assistance systems in brain imaging by automatically extracting
diagnostic features. However, the performance of the models is the result of a combination of
the main architecture and complementary techniques, and their evaluation should be
performed within the overall framework of the analysis pipeline (from preprocessing to post-
processing). Developing models with high generalizability in diverse data conditions is the
main path of progress in this field. Given the time-consuming and complex nature of manual
interpretation of MRI images, deep learning-based systems can help reduce human errors and
facilitate clinical decision-making. Consequently, optimization and development of these
models is an important step towards improving the diagnosis and management of patients with
brain tumors.
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Introduction

glioblastoma, meningioma, or low-grade
glioma), the malignancy grade (according to

Brain tumours arise from unregulated
cellular proliferation and can significantly
compromise the structural and functional
integrity of the central nervous system (1).
Depending on the histological type (e.g.,

WHO classification), and the anatomical site
(e.g., frontal or temporal lobes), these lesions
exhibit  diverse clinical manifestations,
including refractory headaches, seizures, motor
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dysfunction, cognitive decline, and, in advanced
stages, premature mortality (2). The World
Health Organisation (WHO) says that brain
tumours are the second most common cause of
cancer deaths around the world (1). For
effective  therapeutic  planning  (surgery,
radiotherapy,  chemotherapy),  prognostic
assessment, and patient survival optimisation
(2), it is very important to make an accurate and
timely diagnosis, especially by accurately
dividing the tumour into subregions (enhancing
tumour, tumour core, and peritumoral edoema).
Magnetic Resonance Imaging (MRI) is the best
non-invasive way to check for brain tumours. It
uses multimodal sequences (T1, Tlc, T2,
FLAIR) to give high spatial resolution and
tissue contrast (3). T1lc with contrast agent
shows tumour parts that are getting bigger,
while T2 and FLAIR show edoema and
infiltration that aren't getting bigger
(3).Nevertheless, manual MRI interpretation is
labor intensive, subjective, and susceptible to
inter observer variability, especially in cases of
ill defined margins, low contrast, or tumor tissue
overlap (4). Conventional segmentation
methods including thresholding, edge based,
and region growing techniques fail under
conditions of noise, extreme class imbalance,
and morphological complexity (4). In contrast,
convolutional neural networks (CNNSs) enable
robust, hierarchical feature extraction from
edges and textures to complex anatomical
patterns significantly improving segmentation
accuracy (5). The aim of this study was to
systematically review and compare the
performance of advanced CNN architectures in
brain tumor segmentation on MRI.

Methods

This qualitative systematic review was
conducted in accordance with the PRISMA
guidelines. The study population consisted of
articles published between 2015 and 2023 that
employed convolutional neural networks
(CNNs) specifically U-Net, nnU-Net, V-Net,
DeepMedic, and DeepLabV3+for brain tumor
segmentation in MRI. A comprehensive search
was performed in across six scientific databases:
Web of Science, Google Scholar, Springer,
Scopus, IEEE Xplore, and Elsevier. Studies
were included if they: (1) used high-quality
MRI data, preferably from standard public
datasets (BraTS, BraTS-GLI, BraTS-PEDs,
TCIA, LGG); (2) reported quantitative
performance metrics (Dice score, Accuracy,

Sensitivity); and (3) focused on advanced deep
learning architectures. Articles limited to tumor
detection (without segmentation), conventional
methods, or lacking sufficient metrics were
excluded. Data extraction covered architecture
type, dataset specifications, segmented regions,
and methodological enhancements (e.g., loss
functions, augmentation, post-processing).

Results

Systematic analysis revealed that the
performance of the five architectures is highly
dependent on evaluation protocols, data
characteristics, and methodological
configurations.  Nevertheless,  aggregated
metrics from BraTsS challenges enabled relative
comparison.

DeepLabV3+ had the highest mean Dice
score (0.917), which shows that it was better at
defining tumour boundaries. This was mostly
because of the atrous (dilated) convolutions and
the Atrous Spatial Pyramid Pooling (ASPP)
module, which extracts features at different
scales. This design gathers information about
the context across different receptive fields,
which is very important for irregular tumour
margins. But its sensitivity (0.794) was lower
than that of other models, probably because it
was sensitive to noise or needed a lot of tuning
of hyperparameters. U-Net demonstrated
balanced performance (Dice: 0.827; Accuracy:
0.935; Sensitivity: 0.873). Skip connections
helped keep spatial detail and make it easier to
separate irregular tumour boundaries by
combining high-resolution encoder features
with upsampled decoder outputs. 3D U-Net and
BU-Net are examples of advanced variants that
improved performance on volumetric and
imbalanced data by adding residual blocks or
attention modules. For example, BU-Net adds
custom RES and WC blocks as well as a custom
loss function to make receptive fields bigger and
make it easier to extract structural-textural
features.

nnU-Net had a very high accuracy of
0.994, but a lower sensitivity of 0.767 and a
moderate Dice of 0.793. This means that it was
hard to fully capture diffuse or low-contrast
tumour areas. lts self-configuring capability
automatically adapting network topology,
normalization strategy (instance normalization),
and post-processing based on dataset statistics
makes it suitable for multi center applications.
Deep supervision further stabilizes training in
sparse tumor scenarios. V-Net (mean Dice:
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0.819) effectively processed 3D data and
preserved inter slice contextual information
through 3D convolutions and residual
connections, enabling more accurate volumetric
segmentation than slice by slice approaches. By
modeling spatial dependencies across all three
dimensions, V-Net reduces false discontinuities
in tumor boundaries across adjacent slices a
common pitfall in 2D segmentation pipelines.

In contrast, DeepMedic showed the lowest
performance (Dice: 0.752). Although its dual-
path design processing high and low resolution
inputs in parallel aims to detect both focal and
diffuse lesions simultaneously, its high
computational complexity and sensitivity to
noise have limited its practical utility. Critically,
final performance was not solely determined by
core architecture but resulted from complex
interactions with pipeline components. Factors
such as loss function design (e.g., hybrid Dice
Cross Entropy to mitigate class imbalance), data
augmentation (elastic deformations mimicking
anatomical variability), and post processing
(removal of small disconnected components)
exerted direct and sometimes decisive influence
on outcomes. For example, nnU-Net’s
automated post-processing significantly boosts
Dice in sparse tumor scenarios.

Conclusion

This study demonstrates that deep
learning—based image analysis methods
significantly enhance the accuracy of computer-
aided systems for brain tumor segmentation in
MRI through automated, hierarchical feature
extraction. However, reported performance
reflects the integrated pipeline not just the
backbone architecture. Therefore, fair model
evaluation requires holistic assessment of all
components, from pre-processing to post-
processing.

Because interpreting MRIs by hand takes
a lot of time and is prone to mistakes, CNN-
based models can be useful decision-support
tools that help radiologists make decisions more
quickly, improve the consistency of diagnoses,
and make clinical workflow easier without
replacing expert judgement. The architecture
you choose should fit the clinical situation:
DeepLabV3+ for tasks that need to be sensitive
to boundaries, U-Net for tasks that need to work
well with limited resources, nnU-Net for
heterogeneous multi-institutional data, and V-
Net for full 3D volumetric analysis. DeepMedic
is an interesting idea, but it isn't very useful

because it isn't stable.

For translation into routine clinical
practice in the future, we need models that work
well with a wide range of data types (like
paediatric cases, rare tumours, and low-quality
scans) and standardised ways to evaluate them.
Combining clinical and genetic data with
imaging could make biologically informed
segmentation even easier. Improving these
methods will not only make diagnoses more
accurate, but it will also help with personalised
treatment planning and better care of brain
tumour patients.

Authors’ Contribution

Conceptualization, Methodology:
Validation, Formal Analysis, Investigation,
Resources, Software, Data Curation, Writing
Original Draft Preparation, Writing— Review &
Editing, Visualization, Supervision, Project
Administration: HD, ZGH.

Ethical Statement

Due to the lack of animal testing, there was
no need to obtain an ethics code. The authors
avoided data fabrication, falsification,
plagiarism, and misconduct.

Conflicts of Interest
The authors declare no conflict of interest.

Funding

Authors declare that no funds, grants, or
other support were received during the
preparation of this manuscript.

Acknowledgment
The authors thank the all of participants
and persons who help in this project.


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

okl gt W 9 ods ObBeidla cding

VOFY-FYYA 1 ol sbls
YOA-YVYO: S xSl sbls

JIUMS

a6 &S 31 03t U MR yglai 39 59093 Sk (S v g 5 Suiloiumw 39 30

gl P

PemB e T T s ol

Ol Olgiol ¢ lgiol 350 g oKl ¢ gmilign 5 5 0dSCiils ( K py owlign 3 G058

FRVAY

Alio wledMb|

smas SV 4 5l e e 3, Shas 5 kil ST L 5 s i ke s 8 355 51 B6 (g 5he (gla s 50 55 T NRR
SN2 p s 315 Olilay 1y (b Dl 2T 55 (ol 28 WOT dgety 5 355 jadeii cpycnlil 6sh i
A A3 53 G ge 5 5 bl 53 (5l 28 3 IS VB L el b i) S Ol 5oy pmbliie 5

403 by (65 yaek s g

03 ol Sz LS Sl PRISMA ool s ol jy (ST S et 5,0 S aalllas ol i 395 9 Slg0
Ao el Elsevier 5 IEEE Xplore Scopus Springer (Google Scholar \Web of Science .l slselKL
(MRI) Magnetic ,slas ;s o sse5 @ idu @l CNN) a5 ae claaSis b Lo e Sladlls
s DeepMedic «V-Net qinU-Net (U-Net Jols «b,iy slag,less » S5 L Resonance Imaging

Luys S Slamglin 5 (&S Mo 5 Ol Jabeia 735 53555 laskae bl +DeeplabV3

ANV sl el ke b 1) 283 o YL +DEEPLADV Juke 513 Ui ok gy VUie s G Sy (SABL
5 VAV VAT CIAYY uls el o Sle Lo s DeepMedic 5 V-Net inU-Net (U-Net sladae Lo 5 5,0
3 e 63 ke 015l (glaesls 5 (glmdu gy slaai dile (glosls Caltbes Loyl 5 55 ladie opl e .dizees +/VOY
W}ww}\d:my\}:jgﬁgﬁJhﬁs\ﬂedﬁj‘)l}f:)ﬂw (I plldiils i b 2ws gla Sy

Sl 513 e ol a5 odbenlinal OL S CU w3l ol 58l slas pal ;&ZJ)AT sWosls

CBs et G S 55 5 5 gl Al b s o 5 Sl s ol or OLS aalllan 116 4o 9 Smt
Sl e 3 Sles W Jbcpll s o Wyl 6}..{‘» Dsba ) GiRe Gul3 5 sl 53 paeiS LS hel&ans
(G315 0m 6 31 00 3D oDl ST ol 53 b 0T QU515 Sl oS slad 5 ool (soleme S 5
b ol 05 o 53 Sty (ol e g (slosls a5 53 VU (6 Ty rend CoblB b (gl S g 355 plol s
Slalls 2alS 4 Al or Gear 650k on olans MRI gl (s oS 035 sy 5 00 & 45 5
5 et 3ar Sl e A e (ol a5 5 (Glatingy > 1S SUST l (8 anad g 5 S

235 g D g (S 5 055 4 Vi Ol jlewy Lo ke

ot 65 5L (b liin LS ()l 2 55 (B IS e G0 5305 (S i 1SS (SO 1g

&EWJ))A 4o 693

VEF/ BT Bl 5 Fo b
DAAAME-TY Bl
VEF/ VA Ly b

VPR a0 HUSH & 56

1 gt Okins 35

Sl ol

(S gy ige 3 Bt 03 S
Clige 5 b oSl
(lgial b5l dg b o8 il
R PR

Email:
hajardanesh@yahoo.com

T @D Sy sle olSCais dlona . 25 957 e 18 51 a3l UMRI 5las 53 ) g0 (s ioms Sl sy S ot 530 135 ool ¢l 2315 100k

OY=AL YY) VP F

BY _NC olf._s,;_..._l}; © u.];.o& PM:‘.‘ L_,,_iwj.a f’?l" oKisls :J..i':lj


https://orcid.org/0000-0002-9143-0991
https://orcid.org/0009-0005-8070-4650
https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

>4
<

29

T3

Lo e gla

...J}J}A})Lg

Cals dlayses S8 Sy Slo 4l bayse g
Sisis 5 Gl glalat Gl s b slacil
Slp SSlsl Gttt slaisy Sl (s
S (¥=0) 35 5 s oslizul pslas ol SIGT 5 E3ls
505 4 Nan 5 ol jro MRI 5035 45505 650 55l

a0l |y Lo gl8

Aok
e Sadsu b b 4S5 5l (e Glayse 5
Ol T o3 5 0 sin ol (glaolSans 5 It 5
e ol s Dlsear ) Layseg ol Sl Silg
O )l 38 Glebis Sl mhe 53 S
ol asis Gl iy 5l (S8 MR sl 1 eslid

BraTs islsac soms :ﬁ_,.gic;n.\n_,:lf)_,n};‘ él)lz}».gérﬁb}h.d\.MRl s Y Sl (IS8

(K osba (3 Sl g5 At LS LSl Gy
(535 s 4 Vo Sals e 4 2 Gla s,
31t il 03p ol daadlse oo 53 VU (Skony
b 58 o Ll 50 0504 (6 dyemand 53 Lo gome
s o gy opl Cpmmes 4 55 s o5litul 1S codomy (slaesls
GBI Grme 63k 5 Slaps S L i o
lalast dnts 5 L5130y sl S olulis )3 (6 S
CB e 4 Ges 6,850 O ) dimes SL
Ol ¢ pdy Collamil Y 33 wokomy (sla Kl adels
315 ez 3l s 31 5ok 53 <555 laosls b 7
s J 587 nme I ol 43 851 3 o 53 50 sl
oot 93 4 Sl oo (6,5 3L (slaes gama 5 31 (SO
olizal Sap sl b ide opsa L8
Y1) 35 5
IS e Kb gy oo s 0] 5
5 0T @308 5 e Slaslons B2 5 (CNN
Sgh g atls s MRI olal )5 (6500 jse 8 (Gl fide
2545 3l et o Shs 2l el 4 536 iy, ol
S0k b S 55 6,85k Ol 5l (S,
SSas y by 383 Gyt 5 sws b ow

l&uﬁj)g 3lg0

Sl Sl ke Gl iy weddS s
0155 oo LOT a3l &7 i oo 05\l (S 5r0 3055 s sl
dilate s 5 ad s Sla s e S wT Bs5 4
il 3l S g kT Sy (8) 55 oLl
e 6K ol &7l e (Gl S ST
wud Lz b g5 a1y pseal b Sy (aseine BkuT
35 oy o) agileesly (Sl e LS o
booml SobS L oslal 5o 5 Sl b 56
3 8s ool Sl 55 el e b gy
V) )l sass

s Sy 3 K3 (K 5 adlate xSy
G Sy ol S Sl gas G i 45 Lol
Joe s Al Gilele Gl sl Gble s
TlAl sl G Jold 2y cpl e ST o
S bils g 4 L el bl s 5 b S5
sty gbadie Ol 4 Coales 5 edony
AN Sl gy ool las 3l (g duanl

sebls Oda bl me oy ¢ Jilde 5o
ozl plo Sl Hsng AU sl slaj e ol Sl
i o GO O PRE W RE N [
0 o Wl el e &6 (g 5Lasl 5 LOT 350 5 ead
b skl 53 (sl O85 (ol i 5 0 s 5
eSS gla 51 ials el g s o gllasl kS


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

2 Sladllas Oyl 3 Ls Cod andllas i oS e
Soled 13 50) > 8 ploil PRISMA 0L = s gas ol
sle o o 8057y ke 3l eslizal b SYlie des il L)
Lls Ode oSS syl .57 pe EndNote
a8 sz L) Jlo 5 OBt 5 alo 31 a5 o (glaesls
o5 Gble WS lere gy eddeslil Sl
0pF s e (JAlS s edlbgdn e
LSS 5 5 Sles byl Glajkae ey 385
5 eSS 0L mly el (RIBH Ak) ediass s
3§ ol gl Sl Dot (105w
b s 1)) Glamlin 5 oy oo CIB s Laasl
2lp e sla S5s 5 oo 3 Shae Sl el 2
A lee 5 U G b)) 08l 55, al 238
(Sl ((Gulng3) (glosls Calies Ll i )3 1) (glens
boads) Sllas oS ST a al b (0515l slaosls
o3l a3y 3ol 8 Cdlas ile olasbme 3l oslizul
Glasloms JolST 5515 5 3 ikl (glaesls 45 gaze

Ao byl

S
e J5
N=14-

5 S Sl 50 K Ul o Shag5 ol
sipbnl PRISMA il O gl 1 5,504 b
@iy g lens awslie g gy ol Cdn
S o3n 5 Sl idm din) )3 5 SIS onae (slaeSis
23 o Gt l pwblie Wilss) pslas o
Web of Science Jald _ale jone SleMbl slaolKl
Elsevier 5 IEEE Xplore Scopus Springer Scholar
Lile g 5 (ladite S oslizal b Jag o Slalllaa b 2 plovl
+DeepLabV3 4 DeepMedic V-Net .nnU-Net (U-Net
L5 ks
e Slslae pll y oddg)p Slallls
VL CiS UMRI 5zl eslinal Jolis 87 Ll Ol
B, BraTS sl 35kl slaosls 48 gomes I w5
(Canla 5 253 Dice jlael dsle 5 Shas LS slaosls
Wiy gl S5 S (R 4 gt
O3k o505 St 4 g5 S Glle sy Gras (5,550
b os S oslimal e gla gy 5k g astls (g jide

4 gy 09k Yle LR r)‘y Jif leAa:b U9l

Bl ]

ed 3 ylglalllas ‘
N=4-

PRISMA 2020 Jusll) s2s ol 5 Ooladllas Szt A3 O 2 515 gai ) 8 5lowds 518 g3

Slp s Ksh e 7! A TCIA 5 BraTS dils o sas 031
U o 53 L3 8 o oslial Wdde byl 5 L3ise]
IR T 323 303N (ST i 51 sla ¢ 551 i
3 2l o (il Dmen SUE 5 X 0
Bl S5s gl oo 335 o gl 55 20l

i IS Al B edd ) p Olalllas ulal

TlAEl (235 kg 0313 5T mer Jol o Jald 5505
G 5 psd e ey e csduaib ( Shs
S50 MRI sl ool 55T par T o3 2l g

6‘.&6@‘& L.’. g&ﬂ ngbjﬂ}.,aj Lgl.&og:.wb )‘ fij

>4
>

VECF 3T/ ool (S ke oSl alone


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

14
pry

29

T3

Lo e gla

...JJJ}A})‘S

Ops g5 K gsme sbedls (Ll G Sa)ses
(PET 5 CT MR (5513 5 5 325 295 5 Soloz A 1o
ol 0 (S s b gheesls Wil il SleMb
Slaied (gl o3l e samn pl .l 3 g 50 0305 40 gazes
L LOT Ll 5 byses erska Joos s
el Ao Hles clizen b (laesls

& S Olles I MRI 5las 4 sams LGG
SIFLAIR jpslas fol 5 Sl by 508 (500 (slay g0 5
Slp 3 Sl 5 Sl D5 4 Yie Olley
Jelos Jisas o7 Gladond (5151 5 2505 W) go 5 (ks iom
sl ol izt ol (gla g0 5

&S pie glaadlte I Laosls 48 gaze ol i
o3lizel FLAIR 5 T2 (TICE (T1 Jols (5,15 55
VXV s ST 3la L LSy 1S 55 5 425 oo
ier BraTS (slaas sazms Sy byl L5 51 .yl
LGG ;5 BraTS-PED , BraTS-GLI BraTS glaase.s
SITCIA S Jlo 53 5 \OOXYFoxYFe b ol 26 sl
SIS Bl slas )8 12 ) 0TS 3 5 gm0 40 e sla
2l g s i gh g0 5

5 BraTS-PED ,Ls BraTS | ol (sladsu
BraTS- 5 05 58" slaesls 5 S a0 BraTS-PED2023s
Lylph s et oS a de 58 cls 505 2 S a2 GL
ol & ol Lles S rAlJ.e s job s
Llos S5 L 1) S rie b slas bl o Jb s
Sl gl 53 Gk pide Calisen sl B, (b5 O
b b cadpleel 5 sl ool s 1) oo
Glosly acsamme N oyled Jgdo o s e A1
S Sl ssba S s sn g Olallas 53 edioslina

Llodd

5 ol (S (il Lk e Do el
HodsanT (o5 553 SSSE 4 8 Ll 305 a5
S o SGS e L

GLESSS gy p i3 ol 03 ST A e
IS s SalSE Sl eslinal b g5 (sl e
2353 5505l 5 S (Lo dlom o ol 3 L
2 Al Lol S a3 4 0 pabeia G55 &) 0w MRI
6l CNN (slaaSis ab iy (lagoloms Jubowi 5 3 me
e el (S5 slaeals 53 sz it > Shes 3 5
32 wo) e opl o3 edboslatul jams glaesls ae geea
ok gy

ol 03 s s MRE glaosls ae ganms
S Slatbnd ol s (laosls a5 gums Sias,
BraTS-GLI  BraTS-PEDs  (BraTS(2015_2020)
.-UJJ?GA e aalsl 3 &8 Wlods ) , LGG 5 TCIA

2 s s ae 5l S BraTS
MRI ;; 5las 55 (S50 5505 Sy 5w 81 2 0315 40 saes
&)l MICCAI £Yl (sl [l Lo 5 4 gommn 'yl
T2 TLe(TL asle) dUS st MRI  slias Jols 5 555 s
Sl Caliiee (a0 Sla) 52 5 4 Dle Olslay 5 (FLAIR
s38 Jlhope s Gl (A8l A8 Sl 5 s
4 gamen gl s o 1)) Lol ol 5 Jlab g0 5 cJlad
38 Ga it b s e Dl 53 03 28 ) goas o3l
s s Calza g lons 3 Shas 5,1 5 50
osliza! DeepMedic 5 V-Net (U-Net wsle a4 g8
Slinm L gbesls b ¥l Do 5 25l o
E

20 (61 OBy 5 srsme e G TCIA
Ghesls fols o el b b ki Saj
oz 31 Ol o kit 1 4 Do Olows 51613 2 2 58

3BT EY MRI lresls 48 gazme J B)Lo.{b JB“’.

ol

oA JPFES AU | ol | s sl 3

s | Ol

aosls &w

S15 g



https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

(000) | ppsme s losudlslS | Grepls | YVF Yoo
OV AN | ppse s lsadlsdS | Gaeples | YAD AN =
g
8 | gy Lsadlsl | japles | YAD YA s
2,
(N ) | pprsie s LsadeslS | Gaeples | Y54 Yoy 2
3
¢ L .. w
(¥ YD) JRVSREVERN PN VOxYF xYF | T1.Tlce BraTS-PED % »n
. o T2.FLAIR
085S ¢ g
(P OV) | s layges | repls | YO BraTS- S
PEDs2023 =
o85S o> =]
it
(AN | Siheslaypmgplsl | e | gioe | 4 als) oo | MRICCT. TCIA
PET http://lwww.cancerima
&4 gingarchive.net/
(12520 35
(Ya &) Low-Grade Fapla [N YOFx YO MRI LGG
Gliomas (FLAIR) http://www.kaggle.co
sle r3\las m/datasets/mateuszbud
PRV a/lgg-mr_i—
) segmentation

Lilo LeSSS Sl eslinal L aS™ Lpd o Jos 3l plesl
A 1y (Shy cleazs olas skl (Max Pooling
Eel (e ldS Dledbl Laa and slal 28l cpldias o
.»}fdndm&\,lfzﬁjc)pwﬁpd‘ulf

5 dhe a5t Sy 5 6,8 e Gl
Solems 5 ;5 Dropout &Y 51 35l he e ialS
S Fr B Do 4 ol s e eolinl S
ok 3 Sl Jwb e B3l A e ys 1) Os,
3 Fsee S Shs 500w bls 1 Kby
Jraze S slaaY (olg oo 53 bl gp 5 Jitane
3 AY slOg) s den 4 0,5 2 dalT 538 Wyl 13
s 3 gt 1y Y gona aaY oyl 33 8 o fuate
o o Ol gty 5 )05 okge 1) oukzl il sl S5
BY bl 5o S e es o AY S e
A ) S A o M5, S G mb s
Slal Comdpe shuath Gl Jolb Algs
(V) il s seai b das e OByl b sl oLl

YU g allanl 3 b I 55T e aaSs

0P L bl gl ol B 5 yls, e

e K ONN) 23567 pme K5
osba S ol Grar e G I (o5 B HE
boT L3 WS Slibd 5 polas 35ls, sl Lol
(5 Gl jlesliad b ai ol .l odis > b
Sppoty 3 AS o gl ) ppa s S s
Gl |y g5 gr polie 5 udin (sl S L
WY ke S S s S bl Al s
RS b Kaaler &) gty 8 Sl 0 S5 ol
BY izl 53 kas e plal 1y g 3315 bl
23 o 4 0 3,15 4K 415 (6 2 goa (S0l (63559
S35 2 Sl a5 las gazme 25 I 5 SlaaY
eais T 65y 2 &S by 2sie sl o
S s Sl bask oyl a8 0 W5 15 S
506 s ) dmes p gal ) eddiz ] Bl Caliie
Lins e | sl sl S le 5Ll e
Sl s S 51 Y pame el ol 1
03331 L Wb ol 33 8 o eslizl RELU ile Jas 2
oS (5l Ol e & o sl L

ca alsl s ..s))Tu.o r.a\je 4§,.& Sl ly Fodomy

A
-

VECF 3T/ ool (S ke oSl alone


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

o
—

29

T3

Lo e gla

’"‘)3‘)}"‘}‘6

o s e alde il ol s 8 e glulis
S5 4 1 CNN s osls bl (St b |, S
oaih (L3l asis i by el (gl eS8
sl Jg“'c’*"‘ °"J§ B a5 pslad

3 O 1y 8 S s S5 A (S leme ¥

layer

Convolutional Layers

Pooling Layers

Tl Al O OT Y 4 &Y jlstl bl | alis 2
Silage (a3 L (Sl dabe Sypon b S
S glesls L;Lﬁjju (ol sbay js & 5\4;4;.
Gomee sbaY 5 5 Lshe gl L) s el

238 IS Sl 5 LA O pran (6 edkony s S 5o

ﬂ N Output Laver
@
o

Fully Connected Layer

&.LJJ}JK&MKT&QQG)M.V & ylody JC&

LY S a0 53 bl o RV FXVF slal 4 s
ol (Shsdak 5045 0 Jlael VP L 2556
S G b 3l Tsdoen Laazis sl syls Vex Ve byl (gsla
Jolo gl e il o 285 OXO slal 4 ples) Y
S E 55 K p S 20 8 o Jlasl b S5 A3 NY-
Ao o op AT Ol ey Y () S n il 11 sl
Sl DM 5 bl r Joe (S5 ol peal Ll s
LY S caalst s Sl o 03leT Gluails (gl 51y 5 geas
S Ens S5 s Onpp AP L Juan
el A @y LOT (luoslel 5 el Sl
& Do Kb s 0l ol (68 e
Jobe it Bl UL &7 555 o 1) (isdi s

.(Y’Z)l.e...faJﬁf«)@ld:)”ﬁ}ajd.\qw:éj{);

L;lm&,f» S alaie (g lens EE (e opl o

&S 34 esls Ol b Jajfua g oSS smes
35 bl el alie et ol des glal Lbstlu 4o S
csiludld slaaY g5 da s ¢ 5 g Sl L SL
5 om0 Sl (s, S5k 5 ey SF
Sl sy s Glal tal glas,aly 5 9 >
s il 614305 (Slare ¥ 3 jlad S (FY (FY)
b e s Sas b Las o g (2313 1 5 15558
S (e pl 53 das o Gl CNN &L Jue eSS s
(s 35 oo 45 3,1 Sy FYXY slal b (6355
238 o Jime A3 9L L858 AN K
YAXYA sl b S35 slaaiss W5 4 b ol ol Jlesl
MaX ¢ 55 513 game plosl £Y 65 T 51 mg 355 50 e
5335 o Jesl S slal i8S Cods L Pooling

Input 2D
Image Pooling Layer Pooling Layer
] — C5:120F6:48
CIASS
C1: Feature Maps S2: Feature Maps C3: Feature Maps S4: Feature Maps PREDICTION
Fp TAXTA Fs VExVF VP— Yaxhe ‘?l—. axd | Fully
. 1
. ) i Convolutional
Convolutional LO“E{)I"“OMI Laver
Layer ayer a

() o o 513 S ol (3 ST e 30 Sl Sl e 1 B 5led S

_,3‘}',45 ‘Ju\ﬁ U‘il BE (W) Sl a.Jufhu"Jlé L$'<’LJL Jiju

(“? 35 sk g ools &K 4 PPXFPXY slal L (63,5

e 8 S 36 5on solems Fojlas S

Jow gl ol psba 5 das e Sl 1) 2856


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

4 o e A e 53 338 o Je s Slae s s
By 4 55 e 5)ls VXYXY slal L hate SLS LY S
) tuaib () bOT 5luoslel 5la S5 olei oS 5
S D)ot 5 e ol 03 4 (s Pl odge
(gl Gl L5 € 338 o Sl e Sl
Gl s elid sl Glgme asis b duadb
Slwes 26 5 ol el 53 OT WL Sl e @ L
Jeloss (sl )8 (gl s glay § 0l (A

»Jf@wuai.zﬂéjf-pﬁ}d

Original Image

64x64x1 32x32x1

S 08 0 I8 BY K sy pea i
Gl Y ol als YIXPYXY bl oolal 0T s &
Sl 5 blss daad dsle gl sl S35 7 el
SR Gl plesl LY S e 6303 0dge 1) (o
4 pgd 31 g 350 w5 84 sl e lad sl
£32 o8 58 &Yy dl jo 53 Al s EAST VXV FX)
255 3 W e G S 5 25 e Js!
0313 3kl POONING &Y s g3 (0T 31 oy 558 o0 gl A
Sy Sl Al ALl 3l das e el AXAXY |
3 Sl (S (205 Cor s (opr DL Lai

16x16x1 2x2x1 8x8x1

i ™ \ ..[('on\'ollulion- i,_ ,‘ Pooling-l \4

('on\'n;ulion- = Pooling-2 |* Fully = Output
Connected

() o o 5143 Splell (3 IS e 30 Sl Sl o5 8 B ke S

oY 5 5§ 5 e Dl 30 8 el e e
Wl g0 S Skl 5 S0k 5 cla gk sl e
.A&l{u&\;lké'cjﬂlfjdwdajt;&);%
LeNet O pran (hsgie ilons ke ps
axw 5 ResNet 5 GoogleNet (VGGNet AlexNet
e pskal shih Culy ol Bes o Llasl
G\j: 3 G Glajlsle Gl eslial Loy dleds o b
il (L1 5 b SN plulis )3 oL Ulg ¢ Jost
B g slle e lagslane pledl Cpllyls
g P S S -t
Sl slane ($2)l5n i 0> i Se S5
s NnU-Net (DeepMedic V-Net (U-Net L glo3 s
S0 bl leans pl.35 5 o oslinl +DeeplabV3
5 ) sn o s (128 50y 5 ey sle okl )
S Ly gl e S hs 4,38 3 YLl
(S pakas 5315 a5 S o Sl 6 5V
eld (5 e 62 1eSKSE L MRI sl )3 03, 54

o led

53 eddadlyl ol 4 ads A L
S8 by e 8l Ulg e B Yol sl S
9 8399 Sl o ;}i} Slaaid o3Il s ahs slaas ys
ol Lo L;..&}S}:K 6@&& lef Uﬁ)l? 4@_9#
b osjlese 506 1) Kb Shmdide bl opl ol
jwc\ﬁ;ﬂ\\)ﬁj‘udéul:lfduu;?}};}n&)y@
Slasslone 3,8 84 suaib 5 oo sladlp s
A P sl g oesls ¢S5 4 a el o) el
(013l 5 3l gm0 B 1) (6l 5 e OISl calis
leka)'? BE V\ATJK E) Jf_u\idu@u‘ L;LA)‘;" Q‘}.Féb
C\}}l‘_}:lw“)u.w)ﬂch\z\)s.azf@nm\qbu
b el sy 28 SIS e S glas lans
AP ae B Gl gl
ot B o IS mae s Cales sla g lens
udjwa\.w@@\hdudsja&sﬁﬁ
sbaY (a5 claa¥ Wil ks gladsly Jold
Sl a4 Ar bl 5 oo sl Y (g lues 20
lagssys stuaib 5 LOT S5 da Sis gl

B WL.G 6)\.«.&» ub&‘ g;.:o.&‘ "L’}‘;'&.S‘ ozl

O
—

VECF 3T/ ool (S ke oSl alone


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

O
-

29

T3

Lo e gla

...JJJ}A})‘S

U-Net .Las o )l 5 guai 3 jodomy >l ol 5o
Slas (i3IS e ke Sl 51 E0 e L
eI Ul e B OV g slal il 8l tals
2333, W0T 58 S3lsl 5 2o sla S5 gl Al s
s g g ol 0B 5g39d (du jidw Al B
(FF) Wi eSS din ) s 155 51 g0 55 Lo
Lo Sy &S5 (YY) OL,8en 5 ooy 5 dalllas
Sy LB ssba & das e &l |, BU-Net CU &
L BU-Net .l ol b s5a0 ys05 Lg.x;{v,,:s
oeexen s WC 4 RES Lgl.:a(al} @ Lda S5 93 5l ealizul
5 S sie G S ns ol Al 4 (Gl B b 6
4 Ol opl LS s S Lg.x;er.:mis >J§L..:— LW
SN g gl Al 5 Kb e ks Ol 1
(W) 335 o 2 MRI sl 31 8L 5 g ks
a3ls Ol gieay PXYOPXYDF sl b (639,95 gwad
3 oS 5 U MRI Calisee (gl 5 ol Yaz ) 4JUS" i
e ) 355 ME oy ma 355 (Cakibs sla 15
Sl Al S ol jon (5545187 ol e ol
J‘J&:cf};)bjﬂl;@&ﬂbl&flc4l>fﬁ)b4§@\
e by s e R (S hs VS
FOPXFEXEF ATAXNYAXNYA FEXYOFXYOF slayl ol
ol 3 Cota ol 1 YPNPXVE g3 5 OV YXFYXYY
S SR 5 Y e b Sy ol el
OT oo el b SGms Jolpn 03 4yl 5o
S o g e ol 3 0 bileBl SlacS 5k 51 enlin
AL DS BBl 5 5T e s oLsl S
8 5SS Sy s 53033 5 r o SaSCs
Lol s Glea G b Sl s G la
Sl S s o o 5.3 5 o plaih bl 1 Sl
Hlue 4 4 p0be SV Gy b 51108 505 e 51 blics
S8 55l cpl oo s gn plenl 0T 338 oo Jaa iS50 5
G sl uS b SLS 585 S8 Dledibl Lis 4
OVOFVPY 554 e ol 3 edilagl

3 s PEXYOPXYDF o YYAXYYAX\YA (YOPXPFxFF

Bl u{i U-Net (g lexs U-Net (g lexs

SBSs Glajisle s papamie 5 i
35 S 5 8 oy, OVl &l 285 e
234 Gy s gl Jomol) Olsea 15 OT (¥410 Jl
Sl o2 ssba Golame () () s 57 5 me (S5
SNh g3 sl 3 Slasb iy e slas )8
Sl sl U S 51 a8 85 0T pb 5 ot o1 b
A a5 ool s 55 ol 5 S n sl S L
A o el Bl B n L S 5y 5 20 s
el 33 0dge 1y s Sla S 55 ol gl 2B
Gl 5 Y Glagls L i dsS oSk sl
Sl Sllas > o 8 5l s &S Gl ReLU (g 5ludle
plxl YXY o511 | Max Pooling i eslazul b Las slal
3 Ens Gas (b RISl il ol 50
T A 6 0 Slg )3 8 20 8 o p s sl ialE
Gy Il e b Al e 5l sla S
.;)mwﬁ\,audﬁmL;uj;,_);u,.a;L;,u,'tf
Sy K sl o4 Upsampling Slles
b Uil S5 coll Sl 31 dlm o o 5l ey 5 23 0
VG gl 25,8 o il N ay s 53 Blize &Y
Uil 0 5sles K 53 oS sla b L ST i,
el ot 5l 38> SIS Sledbl JlEs! 45 (Llods 051
S35 S o 6SWST (G3lil Sl 4 (S gl el
I st 5 BB ssba e e 5305 s 5SS
VY s L b 58T Y S eSs (slenl 5o s
b B e oo S B Lok e e 5 Ky
28 L5 o ttn $lp e slo oS sl
oY ol G MR lal i s 5o (Jladl gos
by (e Sl sng (s Wile pla WS WIS
&y Il 53 U-Net ool (g lars .S oSS 1) aiua
S Ll g i slb Gdugs ke
ol Gl 6l 59 D U-Net? L (¢ jabliana g
ol lods b ome MRI azes 5 5lad dile (gulmaus

6}YQ¢§J¢¢}“@)J ol Sl 5530 b laaseus


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

) 3o SES s Lgy 0 S 4 S5 S5l s
4 S dzes PoOlNG L (g5lues ié b sasolis
Vb o ola S35 il 5yl Sl slod 2alS
Sl s o e 6K o (oSl S e 6SST
S5 o ooty S G s UE 5y s 53 el
3 el o388 5 A4S o o (A S8 LY O s
2 ST am AN sl s e &1l (6 s Sl
S o W) (B Al e 55 L]
Ol 5 VLT Lol jon BU-Net & lize b L
Ss 9 oldd OUp Lis 4 e 95 bl glaaY
¥ 5ol Jpd 53 led oo LS KLST (g5l jb kST
U-Net (g jlans j &8 Sl o cony SV 51 o gai
D35 Gl idw gl BU-Net dile o i i C}:\

Alos S oslizul (g 5re

=P cony 3x3 mconv 1x1 |

PXYOPXYOF sl L olg 254585 &Y Kb
oS 2 il (gl o das o S5y Je s 5
4 ey ) LB o b (Sen G WSS (S 4
(el 3 il a7 Jolds il gn 031 45 sazes
(L3lo e g o3l (15 e 520 3L

&y U-Net sl 6blse 51 adl g lere
Sleslizal b 5Geae (6,8 3k S 5 et G5 (5Ll
53 ol 3 Sles BU-Net .ol obledl (slacS sk
5SS P GBS G Ll Sledany by
Sl g3 sl b gkl g5l
Gkt e, 3 bylas JK8) glens SIS
Pl oboslizel LY ¢l <SS (ol

SIS sleaY Sl &0, T slaesT

C\;wlé\j¢mf}a)j)\f}a)ﬂj;ﬁ);Sm

2 12
A | I
2 d 1=l Output
. wl copy and crop | &
lnpllt I’ 1 | Segmentation
image ‘ map
tile ‘ | up-conv 2x2

| |
A g _max pool 2x2

Ll o
J t
1 H o A i W-@‘Jﬂ

up-conyv 2x2 t

H

i —- [ e and crop
" f

R e S |

(YF) & 3 w;rw\ JU-Net :\.;L; Solers .0 E)LQ-:A JS.;‘:

Sy o BU-Net g lxe .l U85l <&

Creative Commons Attribution (CC BY 4.0) ;s <o (V) o ekl Gihe ssas s

o
-

VECF 3T/ ool (S ke oSl alone


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

Ay
&

29

T3

Lo e gla

...JJJ}A})&

Calibes OYGe 55 U_Net (¢ lire fslie ¥ 8 lod J9u

LS”))’.. Py ($35)5 p 55 Dice)'\::.al S8 C;.;»»L.a- By L;Jo\..a L;)Luu aosls dlfv\mai}#
AR | VAN | /ASRA | e i dResU_Net o | oo
NS | AR | VAR | WS g | 0 T ST S ()
odile SL Guos S |
o
AYOY | /AARY | /AA0 | e s dxen S
U_Net
NAY | AR | AYS | e e - &S ol
(5‘;' 4“'.'.]“ c‘}; )‘ oslaiw! g (\ﬂ)
‘ =
= <IAFA QY | MO | S Haes | s IS (gl slaze %
X =
) A ARV | A | e s A ®
" o BU-Net
Y B TP T RES S s jlaslisd |
S 5, |2
. i L ¢ jWC E) —
v A - - | s | ETE g | ov
o 5ol =
ATV - - ‘)‘}ﬁ}: Ll
U_Net+DCNN (\d)
TV Vs S | e oS 5| o <
=
Sl s glaa oS | A
OMA | M | ME | S e | T HIIEN @
Y 4o L‘):g =
. (S}
JAPY +/ADY C/A IS e

J=le e s iledle s Sgyda S slal daaY sl
Joo Gl g Gludl dltlibe @ 513 09y 2515 1 ms
5 3N ey s 53 k3 8 o s Lresls ST
Siladlb wlg 5 S5l (idnan o d5E GlagY
Slhes L S5 s ba¥ ol Cwl sddeslaal
VL b o Sy b zl Al 4 e 25
LU e e ¢ Jlin 53 5313 5 0 (S o ol
L 20be S 5 eslgil 5 2 I 5187 oY 516,80
Sogony b S ss bl S ey 53 bl slaaY
(oo o)y s o ol YU L S35 L 5 55
S S Slasas 53 05 54 & Glaws iledle; sbray
G e Gledls Sl e 5 Slas
loesls Vb pana- b (6 2s s S 5l b el oo sl
Leaky ReLU (g3ludiab mb cpizmas 6353 Jol (S5
Gloair 51 Sl o3 8 oslinal S ul o

Ol e NNU-Net (s ,lans NNU_Net JIS™ kL

LS W G 650 oy oS
b6 5 nsee ()80, &) 0T Codn & ol ki 1 b
OV el (S sl (353 Gl (12 SLS
e gd Dlaksd Wil &8 SIS (glags slane
for ol Gl 3 s sl Sk 5 S5
Pl s g Sgon Kb (Hlb slaadie
ol 58 g i S oslsas sazme 55T S0 S5
ol canls (5 55001y s s Jols a S5
Gloesls 53 Gldyy Db wis s Sy o ol
Ghn 93 ¢ ool ddens 4w ;3 NNU-NEL (6 slere .ol (63959
G s 5 JolS (dman Bend U-Net e
o) S plte Shy el 0dd (glwosly (gl e
Gl CbB s U-Net o (gloms 4 Cd O )l

A ol 3o oS gl & 4 (sl atig Laosls b OT ,875 5



https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

Sl oys S8 51 sl b IS 5oy ool odiias & L
4 ealgys 5 das e A by 1y S ke 4,\>(Lf
sl o8 Jlom 53 iy o FXEXF sl b S0 S S
S 6) 3 55 g0 1 93 alm o 53 5 6,5 YY Slla s
5 eslimal b oslel bl (i sey e s (FY
Slble b S35 5238 o ol ealgil 5 (slad 58
ol (gl (S8 (sla s B ik on okls 3L ot
53 dledd Jlesl 2ol chﬂjé 4 Cj.la..u ded 5> G
sdionls Lisles Golams ol S Jltle o 3jles S
Sl ol yan 4 L8 505 5 518 50y (gls e ol 7
B ) (s god S sl 5 gl il slaaY
J&.ﬁ: O 3 55 NNU-NEt i eslinal b g0 5 (g i
s Sl K5 & ped i caalsl 3.l i)

.Qw‘a&w)}:“stJ)Aq-J:LgJLwa\

5l eslizal NU-Net 53 55 50T Sk 500 53 SIS
S8 Sz sl LS sl G D5 S5
S5 BOLAS 553 sl Car e e Sle slaY o
23 e w3 gh e iles o 3 (GHledng ) B
ole g5 STOLS 5 uals 045wl 51 S5 clame o
ol 1 b L WIS 0515 555 b ablae ) shtess &S S
T R i PN P JC
Jols 8 ol o3 B oslimal esls ol 3l slaeSSS
SLE s SVl FuiS pplie i 1
Sl A e cpmen il (GluanT 5 Sl
Sl ol ol bl s g Oa b5 505 )y son
S s SlaaltnT (a5 5wl 5 S S 5l
VK)ol ok (s 3luosly 4
@393 «olere opl S oS (Guman B o
3 YLy aws 3310 5 3,1 YYAXVYAXI YA slal 4

I rrrrr
w —
. % " %! Output
input & copy and crop Outpu
image map
tile up-conv 2x2
o ZXZt
¥ max pool 2x2 Rgreom
copy and crop |:
- - ‘g bndd
_.!_. copy and crop [I-I’
| ]
4

@

- Pkt -

e ! e ]

(00) g o 31 4 S plgll codkiz| it 5305 oo MNU-NEt (g lome S Sl .l Y 6 5bods SO

Calises SYe 5> NNU_NEt (¢ )lare Lo lin ¥ 8 5los Jou>

I psd | 83555 pea | Dicejlal | Gl és Jse g Gble Solene Laosls Qlf.,\...m:‘,.u
A Y - - 238 st
o8}
=,
+/AAAD - - Jo s s | nnU-Net % oLk
o
B [(F0) !
N - - PEax) da
@
VA - - o8 Ses8 nnU-Net | T :—',J,
(@)

AY
o

VEOF 3T/ o3l (S ke olSCils dloms


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

A Y
<

29

T3

Lo e gla

...JJJ}A})&

e b8 5o s S 5 T s
cbes b (Y¥)
coile L
v /AN - - )jﬁ"::\M 43-}'6\.&5)"))3
/oY - B EP
w
5
VA - - 2 55| nnU-Net ¢ |l
g | o™
ia! - - )}A}S FLI
o305 s
/¥A /00 - W
3
_|
l(ﬂ
- 0
N «/AY - L 55| nnU-Net g sl
wn
B ¢ B
LAY LAY ] JUVEEN &
nnU-Net | o Silgan 1
LA FJAAY A | IS, b > (¥%)
LAY ; B Py O
w
nnU-Net 2
/474 - - S s | A |V
4Bl gug N i
3 5082 S
N
CIADD - - Ssh s s

é.::j_ G 93 olal (gl yide Coda b1l 43 U-Net
MRI wle olas 5,8 53 (6550 Hsba 5 ol )b
Sesls S (o3 lsn 3 Conl o4 § 4 (dags
U-NEt (sladbe i 3 o 50 (Subastn D) g0t (S 2 585
S 655 Dl oDl Oy gty | S
IV r.cjdb Sy éw\bfu.a Jlesl el (gdasgs
S Wle o Bl (Gdn g3 S guoas E515 s cbaesls (gman
S 5 e Dbl By Cas el S

23 i P s aSs V-Net (glens

op) 93 5 LBl anun 5 (gms g3 5 sleal 3515 5 Coda bl
Wl ol b tilosls 0l 35 1 (6, Sadr 3 Shos i)
Sl 5 ndle ol ) o a5k lacs iy Jlisa
ssba s lenn ol (( S5 slaesls Lo 53 05305,
Ll 528 55 dmdn glaosls 335 (sl 03 1S
SMRI pslas i olaesls 5305 94 ¢ Sb skl )
Clndw 5 oz O g0 gbw SleMb! sl CT
G ShB L ol 4 L gyl 6358 g0 0

6Jw.w‘a-bzd-b.bjjjéi§l4{c-\a;w)b&w



https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

Lk el ol 53338 oo 3513 oola B Ll 0
35 g g 03> SRl FY 4 LUK sl (SIS sl
Transition Sles 3 5,80 0 b 518 50, e casls|
Sl Olejen 5 2alS 1y e SIS sl Down
o i ol slasd s gl 53 3 e tal 3 LU
5 AL s Al AXAXYDF 5 \FXAPXIYA FYXYFYXFF 4
S o 1y G5 YO 5 VYA OF & 5 5 IS sl
sloosls 51V o (la S5 2l il o go L5
Slles Jloel b LS50, e 53 5dp g
4 e psa SSe skl (Transition Up
Colgys 5 PEXEEXPY  (FYXYYXPE  (1Ex\x)YA
U sl 45" Jlom 55 03 5 g0 0ils S 5L VYAXV YAX YV #
Do Ml il SV bl e 225 g ybia
o il (8505 DA (Ui sy 5 518 50 (gl s
LS o Jie (§3La3l s 4y 5 SN 50, Blize forl o 5l
);.;;;Q}B@&Qbﬁblbjé@ﬁdat
Jael VXY &n b 53055 2Y & golens sl
ol JUE 4w 4 1y g GJLE sl S 548
WU > Calides (gl WIS 5 asOlis JUE oyl das o
St 5 Jie o) 3 Slas s Sy i
SSE 5 pasi 53 epsh e MRI sl 355
Sl JS8 5 Calods b5l She cppn g Cilies g
L;IwMWSMagQWbAQ\}JldJ@@tSA
Syses s idw 5o V-Net (g lere 187 Y
5 6Ta 8 ¥ blead Jpde 3 cilad § o p (5

..b‘a.\.& It S ‘5‘4...“.3‘\.2.& Q)},ﬁﬂb

s (g1 ey lasid (Hlr ol @ el
©9) T.o.:i:»w.ﬂ Ls6 &S Wlodds o3l> asw g D U-Nety
Slp b lans ol LS Jos dmdn oz lresls
ol (K ooy lojlsle Gy g is
3 bleds eslizal MRI slas 53 (G500 Sl g0 5
S Sl V-Net 85 sl gl ol (o goi o e 5
93558 _go a5t U-NEt 31 (sdasan Sl (glednns O st
Lol g oledle o d g8 Ollhes &en V-Net
S5 k33,5 plosil St Oy gty slal 2alS
o o e By 5 5 A s S
diby solame ol 53 S8 Gay s L5 5 o S5lud e
odge p 1) oz psla I Shy suyd ol
a5l eslema L Li?}a) et &S s ol
5 S 55 et (G5l 4 csdman Bl o541
LY 53 s g ol slel 4 OT 0l S5
s Mg ly gdwaw Softmax ct: 3 s
Jolo G it ol g oMl glg o e
IS 0sn5 et @By 5B 305 O pped (lbes 5
23 Sl SR S S sl e TS 5 505
IS () S o bl (oo aieis 5 b sla o
e o O 1) V-NEt &L (g 5lers A & ylas
<l V-Net (3DU_Net) s, 5 (F4)
S Golara pl sl 03 gad 03l MRI s gLz (gl ides
by Gt sl Sl gl ol b
Slaals oyl 5 S8 U (golstle s Gl o > b
23 3 o (S3D) (Gdnam oI55 S 4
S3D sl &S gk 4 YYAXNYAXVS &l slal b (655,55

Y
>

VECF 3T/ ool (S ke oSl alone


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

Ay
D

29

T3

Lo e gl

230558 &

> conv 3x3 mpconv 1x1 |

2
N
211 d % Output
s & | copy and crop ) jx
input == ™ Segmentation
image U map
tile up-conv 2x2

i up-conv 2*2'
¥ max pool 2x2

copy and crop

v L]
@«

E'l"‘»_:"? iy f‘;ﬁﬂ"[_."":, ]

() o | ‘uéjffl@\ (b ibu mls .o V-Net (3DU_Net) (s lane .ol A 8o S0

SIS e | (83558 gy T s | Coles | e bl Slons Lesls | o8 a5
Dice
7 VLU N Y N ISV I
AGSE_Vnet
. Lo sy}
AS | AR LAY | S e 03,5 LS| 5, _
gy sbdgile | R AR
N
w‘s)l.w ©
| A g0 2585 An
o305 sl
VAW | - -
| +3DUV-NetR | ¥
AN | - - JS o5 2| e
3sV-Netes; | &
cT o (Yy)
DU-Net S
/AYA - - )}AJ}';SMA
VYRAL - - 2505 CusE
o
S
'/«'f/\ - - J.Al{)}d}s V Net a LA&))
- N
= (F)
o
UAVSF [ - - a8 dan
IWEA| | AN | e Sl



https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

by,
/A ANFF | JelS 545 | cascaded V-Nets )
NE GAYY | s Sl
w
. LA . V_Net nd
INA$ /444 b 55 - g |l s
o
5 (FY)
AV - WL I35 n

S o sl oo slaaY 3 U 0L o Lok 3 (5 50
53 el 5y w3l K 3l 1 (6,8 sk L WaOT
S Sadde 5T il el e il sy
Aty o 5 s |y Jele o Kan CB 5 58 o

s~ Myl Softmax el ilesle A 0 3
8 Pl (5 iy S8 b olg (sl fim b 5 55 e o3lizd
I8 Ll ey e (Al Bl e
ol 4 gy SCL 5 )30 55 Bt G ga g8 S corkiily o
L0555 5 2V el SIMRI 5l 585 Wow 6l &
(%)

Ol o4, DeepMedic &~ Wlodds o o a S5 )
3Bl sl ) 53 (ire Dlals o 53 s ;08 (5
Soleme ol )3 5ls  Calides fol o 5 0l a bl Sladews
Jols s 5re MRI st (s o8 3 il 5 75 &
SSE pb rabs s Jsme pabs b s 53 4 g
Sl b S 5k 4 5l o gams = 585 s 9303 5 o
b aliue SlaaY G b 5l 5 disdi e s YOXYOXF
Tl ool S S5y oo p p3 s S 0 Bl
e 33 lie D) poty b o SRS Laesls slal 5355 e
0 8 e 310 VVNKF sl b oS ok (ol 755
Sl S bl el el (6355585101 55 OT isles &S

M})JJ&}‘ J.é\> LS\AU;'?}J, cu\a.g r\?).} ol 0l oo

DeepMedic (s laxs :DeepMedic  JS ,bsLa
Sl o b (G 25 I 587 pnae 5 S Ol o
MRI i slas js (s5he Slals 385 (gl idw Coda b &S
S o @Y Y sl ¢ 5l due ol sl aBldnn 5
Sl eliie 5315 a(s35)5 & 2,15 S 55 (65150 e 53 5
Ol Je &5 gubiadior 1 b ol S o 3515 5 O slize
S5 (Slaosls Calibes gladi 511, b S35 b das o
5 les odomy lajlitle (luans 43 5 S Tl Al
Gl S e Sllee daa¥ 1Sl s il il 655
i akpd Olds & ulgys S Lhods w30l b
4 Sl b & s 050 Jol Slg sl ¢,
o 518 S35 31 (S Tl 8l IS S i
LY gome) o 87 22 587 (Slacin 31 (55 0 1 i slons
o3l Ll 43 8 LI VGG (5 lans 14 ol (FXY sl
Sl sy 5 badpe sl A 4 baaa ol
53 de (U5 o8 Jlo s pd o e Slome Sty
Cojo ol 338 op Lk g ) 350 S S s ) s
YU olad Cds dals & Sy ez laosls i35 5 5o
el Sl s (Lzen
o) 03 (Geee S 55 5 Slas spg ) shates
SVl ol ol oddioslizal 55 0lile 3L VL3 31 (6 jlans

DA (Llodd wb S plell ResNet dsle glacslone 51 o

VECF 3T/ ool (S ke oSl alone


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

=

29

T3

Lo e gla

...J}J}A})Lg

S ol e 125 S Sl dd 33 8 Wy slman
3le p et MRI 535 5315 (5 jhn g0 58 Calien 1
das e Liles 1y DeepMedic JS™ gylens & 5 ks S5

(F¥)

Input Segment
Normal resolution

Y P S I SR . g A FERC SN g

obied Sl 6 das sojlrl Jbe 4 oS 5 AL

S oslinl 558 o (6

sl e b 3l LS5 Al cpl ksl s

Gy iou lg A28 U 5d 0 V'"'EJ LUK slass 5 5505

BRAIN MRI

Conc

&LU ‘LLZ'LLLs - LLa—él LL5- u.e;-él LL7-LL8 49— upJ

Low resolution

¥

(F¥) g o 5| aué)frl.gj\ QDeepMedic ¢;les A 8 lods J<o

S S S Sluls jasis 53 5 Ljleigr pbOSG
53l 5l oslitl L 35 TICE L TIC s ks o
L sy Ll &SO5I50 (5 sl ssf s
P SN ol Ao el VL 5
S ok G el 5 he s Sl e b))
Solons ol 318 Ve caddsl s ayls Olslp s,

.VU}':'L;GGﬂ)ﬂbSJde&))(,u\S\obfoJu;w\

p-map q-map

'n

FLAIR Tle

UMRI 5 oy ide s Ve 5)led S5

lazi ¢ S opl 53 das o 0l 1y Je ol 51 eslizal
3de DleMbl (g9l a7 Wles 41,1 Q_Map s P_Map
alo 5 g Jla! 5 dizen Ghe 8L sla S35 Lalad s 55
o) 03 e thias o il 1) &S5 g 58 Sl b
MR (gyls 5 a8 Caliben gla wilSe 51 sl
I Codm Csta L FLAIR s gl 1l sudoslil
L Oy Slels jmals suslie CSF Wil Slulbe

(\‘V)@jﬁjl«éfcw‘DeepMedic Solona by (S 500 ygn 55 SAD 5515 5 s geas ) o 8 yleds SO

Calzee Vs s DeepMedic ¢ loas duslis 0 8l Jous

P Lzl
S39)9 J.l}.,aj J-" C8s U_..:...ﬂl.w J}A}; dbl..ﬁ Lg)l.o.’u aosls Qlf.l««if
SIS Dice
VA CIVEY AAK DS o g oe} Fls
DeepM E‘—J|
JJAAF | e/AQY Ay 5y s b ”n [2ialS
/ / / JE Lse5 edic 0 o
CVOF | /AR VY s Aa & (%)
DeepM
OVYE [ VYD CNEY SO g8 ’
/ / / 2505 st edic
. o
7SV IRYINY 2 </AYY b a5 ) Sl
oL | & Lol
8 [S Sl
ONEY | UAYE | veE sps k| S on %)
s ble 3L



https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

C/PAYF - VIVOF] S5 $ S s
AVYF ADFD ot 5
./ - o/ o508 = 5 o
DeepM A o
edic § ol as
VYYE | - L VOAR g5 K ™ OA)
(/545 - NFAF e $ s s
Deg_pM w
JARYS | - CJADYY LS e edic 2 30T
L w0
=
oY |- FIVESY I3h5 A e | OA)
EYA | a/s¥ L1508 FYPR JOR-
vs]
VAYE | UAYY | A bl e T
DeepM J_>| [ooalS
edic @ | v
VEVE | ARE | s g8 ks = (FF)
DeepM
+/7Y4 Vidns Widdl sy o sl ed
o8}
e
ARV | /A FINVE Bl e 2 ..
CRP) | @ | =€
PV /AFA Vi I35 n Q (FF)
(S

) Sledbl cCalibee 05535 slag 5 b ASPP Jg3le 0T
5 ol & Cod Jia U S o Sl ol o s
L8 a8 ay dl o 53 ST fae jipslie ba ) g 5 ol e
LS5 5 ol (63 6 505 Slhes S 0 10 S35
b oo ide A28 U 550 0 ldl ol el slaaY
o blen (6 gl Jdo olg8 (s 533 8 g VL s
ey S L 0T Sy p Sl s b
il 4 S OT Gl sl 5 Gl o jabeie
(e 3 Sles (6 5luigs 5 slitany ol @Il 3L L 505
ot llodd 55 (g5 Ay Sl ealinl b aadl Sa ol
Sl 03 E 835 b S (siladleb Cil oSS )
oddoslinal adgl  9al )3 5 g0 5 (335 Joe 03 5 jaSeta
Jbe Olawenad OAd Flas Cel gy cpl (FO) ol
Sk Dlabl LG S 0 oS8T OB 5 4 5 355 o

oy L5)§.’.J SYlae cdalsl BE) .bja o 4 J.Ld c:_t'.:

Solere HDeeplabV3 (g)lems JS bl

S ol Guas i J 55 ae i S +DeeplabV3
e ol ol alan 55 gl o lme (G jiw ) shtess
S bge ola oS s plelis 3 VU LUl
.>)\>6}AMR|JJJL@*);)}A};@\};x‘;u‘fuﬁsz
S N8 sy 1l ol idw 93 s e ol bl
s3)0300ge 1y el SIS (sla S35 ) el dids s
5505 53 b g (S yibu 483 (g 5lujb L ST LS 5,
25 O Sylad S5 5> A5 e patde 0l 53
Jis & (633,35 Ol 5o oSSy YOPXYOF slal L j2e MRI
Olsieas ReSNEt-18 i 108 50, Jidw 55 .ol ool
oddosliiul 5 Gums 6\;;;}1) C‘ﬁ"" &y QL_:,:.:. ‘&M
0353 Jo & s T G J5E e e il
5 e S5 Ol ige s Ole 28 L L Lol o0

3338 walpss0 8 5 Ol 5 ol sla bl

<
—=

VECF 3T/ ool (S ke oSl alone


https://sjimu.medilam.ac.ir/article-1-8675-en.html

<
-

= 03

Soles

gD

Lo e gla

...J}J}A})Lg

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

los S szl yse 55 S s ¢l +DeeplabV3 (g lass I 87 Wisd o

Encoder Decoder

Optimization
of hyper-

Predicted image

(F8) g o a&fcl@\ o] el )50 55 «+DeepLabV3 ¢ lers jltlo .l Y 8 kol 4

DeepLabV3+ ¢ lars duslis 1 85kl f9i

SIS s 83909 g9 DlCEJL:'ZA‘ Cnle— s Solexs Laosls Ql?v\—wiy

DeeplLab
V3+

s

ek&.‘jﬁj;i\.h
ZYN - S @l

Lo 4l
(F0)

T¢0¢s1eig

Soleag

8]

DeepLab
V3
/Ay .44 )
ResNen5
0

Q.)J-\;L.;)

(F9) Ko

GT0CS1eid

DeepLab
V3+

. V) l-oal
ok el b (V) s

a - +/24

0¢0¢ S1eid

b 2

DeeplLab
V3

PRSI

Xception

/20 - +/44

“ 1N
¥90€

(FA) I

el



https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

VECF 3T/ ool (S ke oSl alone

DeepLab
oy V3+ Q| ot
- <IN &ilwdinge % O lomals
STk (F4)
s
DeepLab| G
QD
G g%
S KLET
VA o | eas ¢ 33 :
ol ) @)
CJ}L&.ZA 3
J.Ag k) Sasl

S eslasl  dawlgas  +DeeplabV3 (g lexs

glAsl sl ASPP dgile 5 jlse i slasd sl
L ol Sia g 3358 a5 el (sla e 53 b S5
Dice slrs 43 1y 3 Shes oy i 5 Sl 035 Ll 555 4
ol 53 0T (Vb SUly samsolis o 5ls (+/41Y)
5, es /A0 CE3 b pummen (0wl jge g 383 Sl
CIVAF) OT Gl o8 i ja 3l JST lals 55 o
oty Sl (San el Sl e (S 4 S
badgamls > Sledis 4 5 5 5 4 0T Cewles
Camlue 9 (1/AF¥D) 285 Ole L Jol U-Net.wsl,
(JAY) VU B 55 0T Diice Slaal 5 03,5 135 (/AVE)
Gladde 51 (S U-Net 535 o sl b S cpl
Sy il s Gl e 385 Gy iSe s slaxel 6
o o S5y bis 4 de ol b 3 b YL
35 o s NNU-Net a7 e ¢SS (g5lejl Jol e o
2 YL Ul saasolis &5 5,0 dae Ole |y (+/44F)
Foml Conler Jolh ol mms (Hy gLl
S Il Sas (+/VAY) 2aS” T Dice 5 (+/VEY)
OT bl o ez 1Ak ok St (15 Lol 5o (Al
g5 Sesls s sazen LV (6 i Gkl 5 )85 5 Dok
gle & 56 5 VU Glabs Sy ol 225 L
Sehp smoe O Gl il 51Ol Sl
1y (+/Ya0) css 5 (+/V0Y) Dice Ll -y g DeepMedic

s SaSs 5,8 ey 4 i ol s
S o MRE ala sl ise 5o 234056
b e n) 533,00 1 5 e Soloma gy s oddals
:JQL.:« & das e Ol Sladlas s @L:s Llodkd
AC o e 5B b Sl p gl el IS
3 rotes G E ol gls byl Ll a
doxjl (G3daze folge 4 sy ol @yl Oldlas
Jol 5 sl CdS (4 gas s A5be) esls dh;}_}
3 Loy 5 slay g0 5 i) 5305 oes g5 S
Colal 5 (07555 55 gl (slay a5 bl y5 OYLeS S5
Lo o Osng IS i b a5 YL 85 4 5L) L
Sl duln 5 hog Jos Bb ) eSSl
Ll oly3 § ol il (il Slalllan 3 0 )18
Szl ol slne a5l eslizal b lags slans 3 Shos
Y 5okt l3gai ol o bl Cole 5 235 (Dice
Ot e o (6l o gy Slalllas > Laail 3o oyl Kl
b 3l s cpl 3 eddesls Ll (sla 5 Sibe das
a3 Caliben Sladlae 3 bajlme ol 85ke Sl duloes
LlodeT Zwsa, BraTS2018 5 BraTS2017 (BraTS2015
Sbil 3 syl glaatls Olgea bjlae ol
ol 23 ol )y SV )3 g (G iSes 6“&)@‘
310kl (glaad 3o Ol et 5 Llods & oslizal 5 hagh

Sy palal s i 5 bdde s Sles b5l

<
—-


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

<
>4

29

23

Lo e gla

...‘)J‘)jﬂyé

V-l 3055 sla) o G5 ololis (ol G LG (glas £
(eild g Sy esls g5 4 e 3 nnU-Net o Net
Sl Vo Lol Jgda gy 0 Hlediay owlie gla bl
Sy g lers ol om 65, Shes Sl jlas s lis I 385

.Mb@

1/2

1

0/8

0/6

0/4

0/2

0 Dice
B U_Net 0/827 0/935
® nnU_Net 0/793 0/994
V_Net 0/819 0/99
DeepMedic 0/752 0/795
m DeeplabV3+ 0/917 0/905
HU_Net ®nnU_Net V_Net

)l CIVFR) sl 50 OT Sl 3,05 s oy o
e 33,05 (6 a3 Shes o plo b duslie 53 (g lene

bS5 b oludng @ 5l 5ds glas ) gl ol

5 Shas oy e 0l L...,, Sl 3 > 5 b +DeeplabV3

(b 935 0le 0315 b 53 U-Net (g jlans 5,051, JS

DeepMedic

0/873
0/767
0/808
0/769
0/794

el (slacs lene b5l (slaad jo :Kls fslin Y 8 3los H1D g3

il (slacs jlome duslie Y8 ylods Jgur>

B DeeplabV3+

ElEsba¥ | Sum| sl | boals | ol S B N Y P [
GS Sl 30 Solexs
sl Lo | gdags | U-Net | o canls [O)lane b 585 g isw IS e, U-Net
RS s b VENEE | sl sls | YL Cds | ly b claspe| ol szl
YLl _
PMaIX L;‘j’ Sk|p v» AYEIES J‘ ‘5;% -L:: E) rf L;l.&o:‘: th;}.'.}
oolin g
U‘ Ig (ot <Y esls |l bats candS | oS,
psamplin
Ll g SOl | llS w | AU i glaesls 31731
skip YU dasl>- o Yl S
skip
connection
sl Voo | gumae | VENEE | e w560 | ens (b | sl o it IS e, V-Net
EE LY Degil?:l_\/le Y lbmn | slaosls 51y | plolis csibman | ol el
(S nan i | T OWS | s Slay g s S
Csﬁzigcli?;n © (SYsb 5 eslizul s S sl J2als”
Max s | % ol Residual G5 Sl ibu | e sl
¢ S .
«Connection )
Pooling o )
G2 sl



https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

Upsamplin ka5 Sledb| S,
g
]
Srdw
staeY | YUl [ obios | DEEDME | Lo, | b | s gty | e 55 Jels |DeepMed
nnU-dic Ic
(s SS 3 Net‘_ U lobs | conbdodnr | sbajltle | s5lse 5505,
ooling -
Yorsds| clacols | «SYsb Slpzm> | sl Olojes | 55> DU
(u:-_[l-g 9 Q)‘}mb O Cowlw “_;u\:u.iw d?)j 9 di:;; d’-"ll'i C}.ﬂ)
25 S ke s S s
slaosls S
Ol sb
ey U b ge| ks nnuU- CL:.A @ 5L N oss Sl oS | blbalg e nnU-Net
Net
RECR Rt BT <y ‘ VU Slbe | b Gl Collb| caliies glaesls | U-Net
DeepLab _ Slobs
Max slaesls V3+: B ;;"\‘:’-‘:‘ laesls Clyl Slrosls I Sluziy :
Pooling & L Sy
Gl GBS Glohs | 4l el | s i :
Upsamplin i slaes!
20 . . — 7 GWwosls
g g_s“"L..‘"‘“L‘? )\53? o r:]d.» L;al:.a.mlq-
Laad) 5o o la
ArOUS | VL | (g PUTCI IR BV VTGS ey gl el i | Deeplab
Convolutio o _ N _ _ V3+
ASPP 0 =hs L8 S G| s | s S (SR
sl N Slalbee| oL (owbiodi Atrous
slaad Convolution
L;‘-";'}S_}’Lf (g_;-bu‘tw v.:kd 4 )\:a Cfu_»‘ ‘Sl.hcé ) )‘ g_';’l*.‘.“‘“‘i djj\-ﬂ R
G Sl S oo 5. ASPP
badlgo s | o omldadier (oS g3l
5 Sl
M o Sl g
slresls IS
]

Gl Bl s Vo GSaal i 58 s Slae
Jolse 30 Cow adte ol 3 See CoMestl .l Slalllas
MRI ;55 35 5 oS oz 31 (63 nis Sl
(S 503 55 5 o coonlitel (613 51 p oS (oIl
€315 513 03l Jasl Bl g (5515 5t slas aly 5 il
65 550003 40 gazme (55, 6 oladee > Shas (Jied) sie
e b Yool oty 55 5T BraTS2020 ¢ 5o

FBtlods 25geT Jla b 5SS glaesls g5, &

S5 domi 9 v
dns gr OS5 ST et g0 ol (Slaail
(IS ae GblSE e slas)lere S
3 nnU-Net (DeepMedic V-Net (U-Net ale>
29k 53 SR Sl ge g (s i3 s +DeeplabV3
s e G sy & S (51l g 3 Slas MRI
badie ool 3 Shes (alad 551 5 uiiens S o (b5
R 55 el e (S el e pla - L

<
o

VECF 3T/ ool (S ke oSl alone


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

<
<

29

T3

Lo e gla

...JJJ}A})‘S

&\ﬁfdhagzﬂ;&chqtgjﬁ.azfﬁa>ﬂw
S Gl S35 b MBI Ly (g sead (glresls
S Sroteliy 5 el 4 Glaws Gl (el s
2 g dal g odd g il b
S ol

S oSan aalllas oyl plowl 53 &7 Sl 5 oles |

i (15,8 5 S5 dlasans il
Ble o)l

ol 53 e sl & S e el OB i 5
S 5 g g Al
RSy

ST s b 2 g gn laosls gy p a5 b
I B IS 4 (65l
b oo

Cole lojln e Sl adlae cyl el g s
el odis 3L s Je
OB s 9 o5 5l

CS ol e 5K s By el

.x\cb}a}

S o 5 dabiapda Lglia S pl o e lin
ol 3 Ses (ol edle sile o Ses s 1y Gl
S 5 Jeole Sl s ol (6 slene 3l 5L g5 e
Lol bl Yl o oS eSS Blied o
bosls Rl e oS 5 05 @l Sl eslinal dile (63, 5m
dol s Sall (FaiS 5 S o il G
b (al b S 87 glaadl 3o ol Aile) 3513 e
Coeal 5 65 ol b)ls ol b 3 2 5 B
ok T Slalas y5 g5ls g, (sladio dan olis 3,15
o3lu 5:S0be Sl eslizul 550l (Slay 3 gdoma 3> AST
qfswj:.u:xafw@.cbdmglf:ﬂw@bud\j
4 305 385 o= b 2yl (gllast i) 5 ylilal DD
039 G35 slad 5 Al ol cpl g Sl (Ooladllas o s
Bals (SLaelll 3 Cusgimee 5 3K 3T aalllas
e i e Slllas Sy G 4 el S gt
3ol Slaokas JolS 03,5 218 man (3L oks
SFpelr Jdos (Ve (& 3 (L5 L ol i)
35 Hlshsl,

Colin Jube &5 Ol (Ol oyl @ a5 L
Jolas 3 oS ) 0313 ol (gl S5 ol 2 b
oadis b pe s WL Cas 4 5L) b Caldal (DS
5 Sl Sl Slles Galyssiome 5 (g5 S
S b b i 0 o 6355 plal (2513 0L
$lp Sl Ses +DeeplabV3 wile YU Slaloes
Gladas & Jbys sl cwbe A& Slidss
50k 3 plesl gl U-Net disle 5 o 5 35S
b e (b

Db oo T Slaiss i cpl 5 S8k (ol
LS ES skl ob 5y G sl sl (6 g
13 g 00013) OLSS Loyl 3 adue das 00T j3 &8
Gtz (glaosls 3l oslizal . o5 auglis (ob 3l sla jlre
S S ladie (6 2 dyeress 43 Ll 5 o oliecS )5 5
S 3 S o 5 oS slagsslons plesl omen

55t 4 N5 o ST (5, 55L 5 e s 5 Aile Lot


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

References

1.

10.

11.

Khazaei Z, Goodarzi E, Borhaninejad V,
Iranmanesh F, Mirshekarpour H, Mirzaei B, et
al. The association between incidence and
mortality of brain cancer and human
development index (HDI): an ecological study.
BMC Public Health. 2020;20:1696.
doi:10.1186/s12889-020-09838-4.

Wild CP, Stewart BW, editors. World cancer
report 2014. Geneva, Switzerland: World
Health Organization; 2014.

Ranjbarzadeh R, Caputo A, Tirkolaece EB,
Ghoushchi SJ, Bendechache M. Brain tumor
segmentation of MRI images: A comprehensive
review on the application of artificial
intelligence tools. Comput Biol Med. 2023;
152:106405. doi:
10.1016/j.compbiomed.2022.106405.

Jiao C, Yang T. An overview of multimodal
brain tumor MR image segmentation methods.
In: Third International Conference on Atrtificial
Intelligence, Automation, and High-
Performance Computing (AIAHPC 2023);
2023; 12717. Bellingham, WA: SPIE; 2023. p.
725-33. doi:10.1117/12.2685325.
Anantharajan S, Gunasekaran S, Subramanian
T. MRI brain tumor detection using deep
learning and machine learning approaches.
Meas Sens. 2024; 31:101026. doi:
10.1016/j.measen.2024.101026.

llhan U, llhan A. Brain tumor segmentation
based on a new threshold approach. Procedia
Comput  Sci. 2017; 120:580-7. doi:
10.1016/j.procs.2017.11.282.

Jardim S, Anténio J, Mora C. Image
thresholding approaches for medical image
segmentation—short literature review.
Procedia Comput Sci. 2023; 219:1485-92. doi:
10.1016/j.procs.2023.01.439

Kashyap R, Gautam P. Modified region-based
segmentation of medical images. In: 2015
International Conference on Communication
Networks (ICCN); 2015 Nov 19; Gwalior,
India. Piscataway, NJ: IEEE; 2015. p. 209-16.
doi:10.1109/ICCN.2015.41.

Liu HX, Fang JX, Zhang ZJ, Lin YC. Localised
edge-region-based active contour for medical
image segmentation. IET Image Process.
2021;15:1567-82. doi:10.1049/ipr2.12126.
Abidin ZU, Nagvi RA, Haider A, Kim HS,
Jeong D, Lee SW. Recent deep learning-based
brain tumor segmentation models using multi-
modality magnetic resonance imaging: A
prospective survey. Front Bioeng Biotechnol.
2024; 12:1392807.
doi:10.3389/fhioe.2024.1392807.

Swathi VN, Sinduja K, Kumar VR, Mahendar
A, Prasad GV, Samya B. Deep learning-based
brain tumor detection: An MRI segmentation
approach. MATEC Web Conf. 2024,

12.

13.

14,

15.

16.

17.

18.

19.

20.

21.

22.

392:01157.
doi:10.1051/matecconf/202439201157.
Shrestha A, Mahmood A. Review of deep
learning algorithms and architectures. IEEE
Access. 2019; 7:53040-65.
doi:10.1109/ACCESS.2019.2912200.

Shinde PP, Shah S. A review of machine
learning and deep learning applications. In:
2018 Fourth International Conference on
Computing Communication Control and
Automation (ICCUBEA); 2018 Aug 16; Pune,
India. Piscataway, NJ: IEEE; 2018. p. 1-6.
doi:10.1109/ICCUBEA.2018.8697857.
Ganaie MA, Hu M, Malik AK, Tanveer M,
Suganthan PN. Ensemble deep learning: A
review. Eng Appl Artif Intell. 2022;
115:105151. doi:
10.1016/j.engappai.2022.105151.

Samee NA, Ahmad T, Mahmoud NF, Atteia G,
Abdallah HA, Rizwan A. Clinical decision
support framework for segmentation and
classification of brain tumor MRIs using a U-
Net and DCNN cascaded learning algorithm.
Healthcare. 2022;10:2340.
doi:10.3390/healthcare10122340.

Kamnitsas K, Ferrante E, Parisot S, Ledig C,
Nori AV, Criminisi A, et al. DeepMedic for
brain tumor segmentation. In: International
Workshop on Brainlesion: Glioma, Multiple
Sclerosis, Stroke and Traumatic Brain Injuries;
2016 Oct 16; Athens, Greece. Cham: Springer
International Publishing; 2017. p. 138-49.
d0i:10.1007/978-3-319-55524-9 14,

Rehman MU, Cho S, Kim JH, Chong KT. Bu-
net: Brain tumor segmentation using modified
u-net architecture. Electronics. 2020;9:2203.
doi:10.3390/electronics9122203.

Chen S, Ding C, Liu M. Dual-force
convolutional neural networks for accurate
brain tumor segmentation. Pattern Recognit.
2019; 88:90-100. doi:
10.1016/j.patcog.2018.11.0009.

Kermi A, Mahmoudi I, Khadir MT. Deep
convolutional neural networks using U-Net for
automatic brain tumor segmentation in
multimodal MRI volumes. In: International
MICCAI Brainlesion Workshop; 2018 Sep 16;
Granada, Spain. Cham: Springer International
Publishing; 2019. p. 37-48. doi:10.1007/978-3-
030-11726-9 4.

Turkmen Y. Brain lesion segmentation using
deep learning [Master’s thesis]. Ankara:
Ankara Universitesi; 2023.

Raza R, Bajwa Ul, Mehmood Y, Anwar MW,
Jamal MH. dResU-Net: 3D deep residual U-Net
based brain tumor segmentation from
multimodal MRI. Biomed Signal Process
Control. 2023; 79:103861. doi:
10.1016/j.bspc.2022.103861.

Aboussaleh |, Riffi J, El Fazazy K, Mahraz AM,
Tairi H. 3DUV-NetR+: A 3D hybrid semantic

VECF 3T/ o3l (S ke oSl alons


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

<
pry

29

T3

Lo e gla

...JJJ}A})‘S

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

architecture using transformers for brain tumor
segmentation with MultiModal MR images.

Results Eng. 2024; 21:101892. doi:
10.1016/j.rineng.2024.101892.
Kharaji M, Abbasi H, Orouskhani Y,

Shomalzadeh M, Kazemi F, Orouskhani M.
Brain tumor segmentation with advanced nnU-
Net: pediatrics and adults tumors. Neurosci
Inform. 2024;4:100156. doi:
10.1016/j.neuri.2024.100156.

Bonato B. From BraTS Challenges to an
Extended Glioma Dataset: State-of-the-Art
BrainSegFounder Model Optimization and a
Decade of Insights into Multi-Class Glioma
Tumor Segmentation.

Hashmi S, Lugo J, Elsayed A, Saggurthi D,
Elseiagy M, Nurkamal A, et al. Optimizing
brain tumor segmentation with MedNeXt:
BraTS 2024 SSA and pediatrics. arXiv
[preprint]. 2024, arXiv:2411.15872.
doi:10.48550/arXiv.2411.15872.

Vossough A, Khalili N, Familiar AM, Gandhi
D, Viswanathan K, Tu W, et al. Training and
comparison of nnU-Net and DeepMedic
methods for autosegmentation of pediatric brain
tumors. AIJNR Am J  Neuroradiol.
2024;45:1081-9. doi:10.3174/ajnr.A8293.
Kazerooni AF, Khalili N, Liu X, Haldar D,
Jiang Z, Zapaishchykova A, et al. BraTS-PEDs:
Results of the multi-consortium international
pediatric brain tumor segmentation challenge
2023. arXiv [preprint]. 2024,
arXiv:2407.08855.
doi:10.48550/arXiv.2407.08855.

Asiri AA, Shaf A, Ali T, Aamir M, Irfan M,
Algahtani S, et al. Brain tumor detection and
classification using fine-tuned CNN with
ResNet50 and U-Net model: A study on TCGA-
LGG and TCIA dataset for MRI applications.
Life. 2023;13:1449. doi:10.3390/1ife13071449.
Aish MA, Igbal A, Ahmad J, Nasim F. Brain
MRI Classification and Segmentation on
TCGA-LGG and TCIA Dataset. JICET. 2025;
5:1-16.

Shomirov A, Zhang J, Billah MM. Brain tumor
segmentation of HGG and LGG MRI images
using WFL-based 3D U-net. J Biomed Sci Eng.
2022;15:241-60.

Mutasa S, Sun S, Ha R. Understanding artificial
intelligence-based radiology studies: CNN
architecture. Clin Imaging. 2021; 80:72—6. doi:
10.1016/j.clinimag.2021.06.033.

Anwar SM, Majid M, Qayyum A, Awais M,
Alnowami M, Khan MK. Medical image
analysis using convolutional neural networks: a
review. J Med Syst. 2018;42:226.
doi:10.1007/s10916-018-1088-1.

Kumar A. Study and analysis of different
segmentation methods for brain tumor MRI
application. Multimed Tools Appl.

34.

35.

36.

37.

38.

39.

40.

41,

42,

2023;82:7117-39.
13636-y.
Ronneberger O, Fischer P, Brox T. U-net:
Convolutional networks for biomedical image
segmentation. In; International Conference on
Medical Image Computing and Computer-
Assisted Intervention  (MICCALI); 2015;
Munich, Germany. Cham: Springer
International Publishing; 2015. p. 234-41.
doi:10.1007/978-3-319-24574-4_28.

Isensee F, Jager PF, Full PM, Vollmuth P,
Maier-Hein KH. nnU-Net for brain tumor
segmentation. In: International MICCAI
Brainlesion Workshop; 2020 Oct 4; Lima, Peru.
Cham: Springer International Publishing; 2021.
p. 118-32. doi:10.1007/978-3-030-72087-2_11.
Huang L, Miron A, Hone K, Li Y. Segmenting
medical images: from UNet to res-UNet and
nnUNet. In: 2024 IEEE 37th International
Symposium on Computer-Based Medical
Systems. IEEE. 2024, 483-9.
doi:10.1109/CBMS61543.2024.00086.

Jyothi CK, Awati A, Torse D. Optimizing Brain
Tumor Segmentation in MRI images with

d0i:10.1007/s11042-022-

Enhanced nnU-Net. In: 2024 Second
International  Conference on  Networks,
Multimedia and Information Technology

(NMITCON); 2024 Aug 9; Belgaum, India.
Piscataway, NJ: IEEE; 2024. p. 1-6.
doi:10.1109/NMITCON62075.2024.10698771

Guan X, Yang G, Ye J, Yang W, Xu X, Jiang
W, et al. 3D AGSE-VNet: an automatic brain
tumor MRI data segmentation framework.
BMC Med Imaging. 2022;22:6.
doi:10.1186/s12880-021-00728-8.

Chen W, Liu B, Peng S, Sun J, Qiao X. S3D-
UNet: separable 3D U-Net for brain tumor
segmentation. In: International MICCAI
Brainlesion Workshop; 2018 Sep 16; Granada,
Spain. Cham: Springer International
Publishing; 2019. p. 358-68. d0i:10.1007/978-
3-030-11726-9_32.

Hua R, Huo Q, Gao Y, Sun Y, Shi F.
Multimodal brain tumor segmentation using
cascaded V-Nets. In: International MICCAI
Brainlesion Workshop; 2018 Sep 16; Granada,
Spain.  Cham:  Springer  International
Publishing; 2019. p. 49-60. doi:10.1007/978-3-
030-11726-9 5.

Hua R, Huo Q, Gao Y, Sui H, Zhang B, Sun Y,
et al. Segmenting brain tumor using cascaded
V-Nets in multimodal MR images. Front
Comput Neurosci. 2020; 14:9.
doi:10.3389/fncom.2020.00009.

Chandra S, Vakalopoulou M, Fidon L,
Battistella E, Estienne T, Sun R, et al. Context
aware 3D CNNs for brain tumor segmentation.
In:  International MICCAI  Brainlesion
Workshop; 2018 Sep 16; Granada, Spain.
Cham: Springer International Publishing; 2019.


https://sjimu.medilam.ac.ir/article-1-8675-en.html

[ Downloaded from sjimu.medilam.ac.ir on 2025-11-27 ]

43.

44,

45.

46.

47.

48.

49.

50.

p. 299-310. doi:10.1007/978-3-030-11726-
9 27.

Rahmat R, Saednia K, Khani MR, Rahmati M,
Jena R, Price SJ. Multi-scale segmentation in
GBM treatment using diffusion tensor imaging.
Comput Biol Med. 2020; 123:103815. doi:
10.1016/j.compbiomed.2020.103815.
Kamnitsas K, Ledig C, Newcombe VF,
Simpson JP, Kane AD, Menon DK, et al.
Efficient multi-scale 3D CNN with fully
connected CRF for accurate brain lesion
segmentation. Med Image Anal. 2017; 36:61—
78. doi: 10.1016/j.media.2016.10.004.

Saeed T, Khan MA, Hamza A, Shabaz M, Khan
WZ, Alhayan F, et al. Neuro-XAl: Explainable
deep learning framework based on DeeplabV3+
and Bayesian optimization for segmentation
and classification of brain tumor in MRI scans.
J Neurosci Methods. 2024; 410:110247. doi:
10.1016/j.jneumeth.2024.110247.

Berghout T. The neural frontier of future
medical imaging: a review of deep learning for
brain tumor detection. J Imaging. 2024;11:2.
doi:10.3390/jimaging11010002.

Ahuja S, Panigrahi BK, Gandhi TK. Fully
automatic brain tumor segmentation using
DeepLabv3+ with variable loss functions. In:
2021 8th International Conference on Signal
Processing and Integrated Networks (SPIN);
2021 Aug 26; Noida, India. Piscataway, NJ:
IEEE; 2021. p. 522-6.
d0i:10.1109/SPIN52536.2021.9566128.
Saifullah S, Drezewski R, Yudhana A.
Advanced brain tumor segmentation using
DeepLabV3Plus with Xception encoder on a
multi-class MR image dataset. Multimed Tools
Appl. 2025:1-22. doi:10.1007/s11042-025-
20702-8.

Piboonthummasak T, Yamcharoen N, Nobnop
N, Charoenpong T. A Method for Brain Tumor
Segmentation Using DeeplabV3+: Learning
Rate Optimization. In: 2024 16th Biomedical
Engineering International Conference
(BMEICON); 2024 Nov 21; Bangkok,
Thailand. Piscataway, NJ: IEEE; 2024. p. 1-4.
doi:10.1109/BMEiICON64021.2024.10896264.
Akagic A, Kapo M, Kandi¢ E, Becirovi¢ M,
Kadri¢ N. Brain Tumor Segmentation of MRI
Images with U-Net and DeepLabV3+. In: 2024
IEEE 3rd International Conference on
Computing and Machine Intelligence (ICMI);
2024 Apr 13; Dhaka, Bangladesh. Piscataway,
NJ: IEEE; 2024, p. 1-6.
d0i:10.1109/ICM160790.2024.10585749.

VECF 3T/ o3l (S ke oSl alons


https://sjimu.medilam.ac.ir/article-1-8675-en.html
http://www.tcpdf.org

