676 WEEe3=EA A299W A5, 20249 92 (JBE Vol.29, No.5, September 2024)

'i) Check for updates

é h=5 (Regular Paper)

£33 =52 412049 A5, 20243 99 (JBE Vol.29, No.5, September 2024)
https://doi.org/l0.5909/JBE.2024.29.5.676
ISSN 2287-9137 (Online) ISSN 1226-7953 (Print)

U-Net 7|9k ojn|&& d78]59 /WA 71«

% 71

r

An efficient Semantic Segmentation Algorithm based on U-Net

Min-Gyun Kim® and Jong-Ki Han™*

B =RoAE U-Net 719k 9uid 22| A6k
& ZAFESR) e EYst] A oA Y HHEE N4
Bxaim, Felo W F3 A4 ARE BEA o @ )
Atk 53], FIAE 7lE> dY oA e dS 2 oud
Az VEYAY A5 Sustsith Ao R, Fi

10
o

_,_
o]
)
e
—u
2o

o Mz )
o o
=
r

o J

it
a
i
o ®
o
oo
oy
£
o
o |0 fo 2
fru ot

rlr Mo
o M
Z o
~ o
St
1—r1
£
Hi
o
LN,
2o
2
fol
o
E)

o MOPJ\EP 3, CBAME %H
& ARt AGHQ Tk

A%E AL % 9ot A3 A, Aokd WHe BCEWlthLog1tsLoss IoU, Dice A+ % E}"oka 3
°] U-Net % T2 H3 BdET 58 A5& Bk 53], Atd WHE IoU% Dice AlFolx @A 45 3
Hc‘i—zr?iﬂtq, ol AA| ouEd AYlM HE4E Fole Eﬂ T8% A4S Sk olHd A AgE ¥

& ) O i

+ o 7 N Mt ofp o o

;mh‘
30 ML o X, oo o o o oF

mlm
AN

pul

o] ©
S S8 Bollel AURE A ST £ gL A, B RS B

Abstract

This paper presents a novel approach to improving the performance of U-Net-based semantic segmentation algorithms. The
proposed method enhances input image resolution using super-resolution (SR) technology, emphasizes key features through the
Convolutional Block Attention Module (CBAM), and preserves global information using Fourier Transform. These improvements
effectively enhance the accuracy of semantic segmentation. Specifically, the super-resolution technology contributes to increasing the
precision of segmentation by preserving details in the input images. Additionally, CBAM maximizes network performance by
highlighting important regions in each feature map. Lastly, the use of Fourier Transform allows for more consistent segmentation
results by maintaining global frequency information. Experimental results demonstrate that the proposed method outperforms
traditional U-Net and other modified models across various evaluation metrics, including BCEWithLogitsLoss, IoU, and Dice
coefficient. Notably, the proposed method shows significant improvement in IoU and Dice coefficients, playing a crucial role in
enhancing the practical applicability of semantic segmentation tasks. These results suggest that the proposed method can contribute
to various applications of semantic segmentation, such as medical image analysis, autonomous driving, and satellite image analysis.

This paper can serve as a foundational resource for future research aimed at further enhancing the performance of semantic
segmentation algorithms.

Keyword : U-Net, Semantic Segmentation, Super resolution, Fourier Transform, Convolutional Block Attention Module
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Table 1. SRCNN (super-Resolution Convolution Neural Network) construction steps
Order Step Function
1 Patch Extraction Extract small patches from the input low-resolution image and map them to a high-dimensional space.

Perform a nonlinear mapping that converts the input patches in the high-dimensional space into

2 Non-Linear Mapping high-resolution patches.

3 Reconstruction Combine the transformed high-resolution patches to reconstruct the final high-resolution image.




A 9] 191 U-Net 719 o 2325 A 7l1E 681

(Min-Gyun Kim et al.: An efficient Semantic Segmentation Algorithm based on U-Net)

% SR 7140] Wol AHEH I ¢lor], 53] ARTH AN
(CNN)°] 2 % 744 FE#R 43hg wol o,
=w A= SRCNN (Super-Resolution Convolutional
Neural Network)!'”, EDSR (Enhanced Deep Residual Net-
works for Single Image Super-Resolution)'"!, ESRGAN

fr o

(Enhanced Super-Resolution Generative Adversarial Net-
works)!'?13} 7+ ThekEk SR 7S A Qs 7%l 44
&ttt

SRCNN' 7] 79 3 17 22 357 o] v ESjA=
TR, 4 (4)sh o] EAHL.

l:}:l

F(Y) = Wy*max(0, Wy*max (0, W* Y+ B,) + B,) + B, (4)

om)A, Wisk B 2t dlolole] 74545} wpo
BT o)gt 2 VST FRE AR
HME RS ERHoz Helde, ojuRae How
ol | slelaith,

EDSR!e] 7% wal A olulA g 44als] Slal 23t
YESAE Zae 2ot of BYL /)& 2L
YEge] w3l o A P22 AT 3Lon, WA A
32 AAs A5E A4S T EDSRE ©|E &

oA71M Y= dE A= olvA, F= =9 sl
I
olm

& 9 olmA e AN AFFS H e Hske, A3t
Aoz VadE olvAedM T AWt AEd 28
7Ve sl skl itk EDSRE o#jeh 5442 53] 253}
T ARE FA L st= nE T APl M FEaHA A

2 T AUtk

ESRGAN!"2 perceptual lossS 7] 413}, Residual-in-
Residual Dense Block (RRDB)S =93te] 1 242 U ES
A5 Ao E FHAZ ¢ =S Tk Perceptual loss
T VGG VIEAE] F7F 54 Wis AHg-ate] F34< 5t
Al

42 woly, £HORE teH Zo] EAH:

N
pfl(fp E )\ ” q) (IHR )7(1)1 (I%R )”g (5)

i=1

o714 ¢, VGG MES A9 iwA] gojojel|l ] 57
-‘—‘qﬂi U]E‘% L}E}LHU:], ]HRT—— _LYSH O_J_(g['()und tl'llth) O] U]ZL

~ B (X)) (6)

714 B, 7} Residual Blocks YERNH, Fppppe 2
Al Residual-in-Residual Dense Block®] &3-S 2|u|3tt},
o] B8 9 x¢ 5 HolA vHEHCE Ak 28
gate HF 282 A

ESRGAN-> 3 23} 71740l A relativistic discriminatorS
AHEBte] A E olmA| ek AA| o]m|A] 7] AlolE T A
A7 Al 5 F AEF Stk Relativistic Discrimina-
tor®] Loss& Tha3t 72ro] AejHrh

Ly tativistic = E110g (D, (L L) )] @)

ANM D, Ly Igp) & 3HAR]D AAEE Yepl = ¢
F&, o] I AAl olHA g A olrA] ¢ i}olgé %
7Fsit). o818t 7143 /MAS 8] ESRGANS

IFTE AHE Gs 2 BESIL AR HAPE Hold
e ojnAE AT F AUtk

3. ZA=ZFM 25 ot 2E (Convolutional
Block Attention Module, CBAM)

874 55 ol EE(CBAM)< JEXE A8
FA 273 s W A dEEA e &3
Al o'l REo|th CBAME T7F 94 WS ¢go=
Hhol Zd o'l Ik o'l S AR A4t
A IJx WS FL2H 072 HA(refinement) 3t CBAM
- A% EEE, 79 EE CNN op[El Ao viIIgA 5%
g 4 9lom 712 CNN# 3| End-to-End 202 85
g 4 Atk CBAMY thekst Rdox dad A5
HoFom, B/ 9 AE Ase NAdste v Fslst
A AEgE 4 dfol dTHAHY



682 T

Input Feature
Ma
(b) CBAM ::’

A A29A A5Z, 20249 92 (JBE Vol.29, No.5, September 2024)

Channel Attention

Spatial Attention
Mechanism

Mechanism
(b) CBAM F .
1o [T | Global Avg Pool | | Global Max Pool |
Input MLP MLP
Image
tile T

| Generate Channel Attention Map |

3x3 Convolution

128128 l

| Multiply with Spatial Attention Map |

| | Multiply with Channel Attention Map |

Output
Feature Map

T2l 5. CBAMQ| XME1} EEC
Fig. 5. Application and block diagram of CBAM

79 59 A% B =29 ololtie] F CBAMO| AHEH
E 3 2255 vehdth CBAMY] 4%4 ° Jm m o
A2 ot A Sl H T oid
A Bk A4 ofeA :+zg4
3§, 0= JHE
A ZFome AA 6}71 =t} o)
3 Fato] MY 207t 48 o=
S AR, 27k odlA #ge] A%
AFE FAA shte] 9=
] EH°H 3x3 $HA

:_
Y

E

filo

__' Olm

= 2 g

b = o

i ﬁo

AN
) g‘& >{'E rulo
2o N

B

ox

oX

oft

o0
2o &

(<

3
)

(Rt
([
il

g

_‘>:l =
Ml
tlo o

2 o
o0
oo
o

o Q-

¢
P

L
=]

=0

T

9l

:L
12 it
r}LéE

ol

2
2
o

4
n
o

7+ o #), H(g—ol), W(LM)A 3 %
Fe R xH XW)O] FojA W, CBAME Ald ojdl A
Me e R (€ x1x1) J}_,_ﬂ, Oﬁﬁﬂ/\q oLl Ms € R (1xH xw)%
Ax oz FEH AA oA FHS et Lol £
g 4 ek

2 Hy 2 2 N

F=Mc/(F)®F

S |

(Down sampling) (

Fourier
transform

)

=
by
™
®
ﬁ\

o
[

2
- 2
sz
fror

A71H ®E &
B 2 At
AF 2uqd

CBAM®] 72 Ad
T T8 A SAR 9
I|A e A 2 AAE ol-gste] A
A HEE R 7 ), A
AelM F23 Ads gk 2
= Axtstr] fsl
B £93 Al E9<

i)
X
jus
Fu
[ -
Y
[
i
rh,
o

o

o
Y
o

X

o r
2o I = 2

Soopy J 2 o

2 9
oX rlo

.—Q:ﬁ‘éol:l

oX
i

9 iy X
=

>
.m0 e o

ﬂLu
<
)
A
rlo
N
=)

=2

2
i)
rx
o
o B

)
(o,
e
rl
i
o

CEERD
£9% A8}l
o2 Ed) 44T T Ao T3 1Y
f WEY I Aol D ofulA
o] HHL T3 o] A0 e

ofd of
)

o
[
i
ey
X
o

1?

m% fm
O
[
Hu

4 =

wo

£oox
ox L
rot il

e
=

Mc(F) = o(MLP(AvgPool (F)) +
ML P(MazPool (F)))

AAET. B2 oad



AU 9 191 U-Net 719t oujEd gve5e] /A 7€ 683
(Min-Gyun Kim et al.: An efficient Semantic Segmentation Algorithm based on U-Net)

Zyzgth §7F RS Aty 8, Ad £ e 4. ZF2|0f| H=} (Fourier Transform)

A 293 Ao 23S A8t F 719 2D B A3

I olE AFsE 7, 7x7 TY A7]e] ALEFA Asks FE 2] W3 (Fourier Transform)< ©] v x| A 2] A] F=3}

ste] HF 2 o'l W] MsE A sttt o] AL o T ErQle g Mlste] A o|a Mgt JRE FA 5}

5 o] #402 erd 4 gt = R Eolnl B ERAAE ojniae) Agre
=

{

zol7] $J8 FElo] WIS U-Netd 2% AA(Skip
Ms(F) =0 (f;..,([AvgPool (F);Max Pool (F)]))  (11) Connections)ol] &2t} 904 AF3s CBAM #H4< 7

A7|M o= ALRCIE O, f,. v TX7 BH =719 nA o] Y RS xR, BE8% AFs JRs
AEFA A4S YeERATh CBAMS] Ad ofdld 3} ¥ AAs JAYE APt o] 23] A4S T A
PRl RES FAH R A Hol o U AT ForA oquE el Aee FIAIh
gt} o] HES 58 EYIE TR JAE 7 I8 69 A5 & =i ofelte] F FEo] wIke]
z33 2R E IAL G quE T FHEE  ALHE PG BEEE et # 2RAE ¥
FAAZ 5 ATk B =B CBAMS d3d @A o WSS A83 wale] AAs Ane gga Pk 94
A 7t BEo 2o Hese, 228 A9 2 £ CBAME A3l Y ojujxe] 7 A el tls) o) xkel
ARE AxFoZN guEdde ASS FAAZIT 2o W 2H2D Fourier Transform)< T3 3ted T3k T
CBAM< Q13T E%°] 283 #uelsty, o5 ¢ 1o WBgIt}. o] F Ful FAS A ZESf] AFs
of 183 Afelel UIHR AP Ao 28 ARS AART TFT QRS Fxach waE Fae
&L 3t} TS o Fo] HEk(Inverse Fourier Transform)ate]

( Input Feature Map )
with CBAM
(c) Fourier Transform —1
Apﬂ{gi?{gﬁt:riﬂ Skip Connection
(c) Fourier Transform F,Equeni Domain Upsampling and
Map Merging

High-pass Filter

== |

Final Qutput Feature
Map

+

|| | 141 1
- I |
I’I'I I | I-i-l Apply Inverse
i'iv-l u H "'-»ﬁ.—f Fourier Transform
[ g +

- i - - w—

Enhanced
Feature Map

Ol 6. Felo| wae| M8 22

Fig. 6. Application and block diagram of Fourier transform



684 WeEe3 =R A299 A5, 20249 92 (JBE Vol.29, No.5, September 2024)

Ol 37 ErQle 2 B9t o spelA

AellM o] AFat AEe AATFLZA, AHH<
HE NESUAE AUE 24 JuE adhos
T Slth 53, 139} tFY Atele] 23] A7l
Hes Hgdomn, Tl
HHow AL +

<

A

=
et}
Q
°

2 1% o E

2]
FEo] AT JEE Hoh &
27 "k

6

A& [5]914 AAH U-NetZ
7o 2 o g Bd A E &8sk s 7E
A= GitHubol A A|F== youtube-cnn-002-pytorch-unet
g ZAEL oA 7EAgTh o] RO R, YR Vs
(SR} ZAEFA BE ot EE(CBAM)S F7t519]
U-Net +Z2& 7HA3teh #AH 22, SR ZdS A-E-3t
o Y onAE e FERE HSs & WskE oA &
U-Net9] Yo AR B3 CBAM2 7 13H
ol F7tste] Fo% 54 Xk, Feld Heks
10'5}0:1 Fukr ErQlellA A9 JEE BESITH
d8d A¥ES $3] “ISBI 2012 EM segmentation
Challenge”ol| 4] AH&-¥ membrane B o]EJAlS &-8-3}5 T}
dlolBAl2 §] GitHub @l £AE2] Woll 238 tif L=
FH 7EA gt o] ftdell& 512x512 2719 o] P A7} 30
N ZFEH] JoH, o] 747t npy A E WEsto] S,
A%, HIAE HolH 2 /st 7t ojr| A& S5 o]
B 2470, A5 dlelEe 370, HIAE HelHe 30 E
Fozity wgk F74HQl A5S 918 Broad Bioimage
Benchmark Collection (BBBC)%l|A] #|3-3= BBBC007
dolel & ARg-ste] A3 JPatich o] vlo]HAlE Al
230 FFYML on|AE X HolHAM O R, §F

e 99 onAEE =] o

U=

TruePositive ( TP)

AA BdE AHSHH shEA7e o
R 2dS& ARgate] g oW A& Zald

= H olu|AE U-Netd] YHO = A3}
Atk o] FgE T3l 71E] U-Net 730 CBAM# F¢

H3S Ae 2L F2E fine-tuningdtAth U ES
A9 seprlH e Z7|sglom, StEES 1e-30E AHs}
3 Adam FE[HIOI A E ARE-ste] A stslde B, S
Ao A= BCEWithLogitsLossE €4 g2 A3
™, ZF o xFneh B e] d5s Bk Sl A el
HE A123le] 10U Dice AlG-E AlLtatth

2. Ml 20t EM X|E

om £ Bd o] A5 Hriskr] flsl v 7k A
E7F AHEETE o] A-to A& Binary Cross-Entropy with
Logits Loss (BCEWithLogitsLoss), Intersection over Union
(IoU), 18] 3. Dice AITE T8 ARE ARSI 2 A
F9] et 54L& v Zrh

BCEWithLogitsLosst ©]17 &/ Aol A
A ol o] e o)Xl WAl AERET E&4(Binary
Cross-Entropy Loss)# 231 2~(Logits)
e 58 &5 ol AIRE s A8s7] A

o
9] zkolt}h. BCEWithLogitsLoss©= TR} 7+o] AlAHE T

o M

BCEWith Logits Loss

N
_ _Tb;[yilogmxi))m— (2

vi)log(1—o(x;

rE dZE A2 gk AT

o1 B, N Holelel Ale o £4 B gt
4255 B9 dZo] AA| Aol ks A2 9
v g

True Positive (TP) + False Positive (FP) + False Negative (FN)



AW 9] 12 U-Net 718t om28 dagEe MM 71¢ 685

(Min-Gyun Kim et al.: An efficient Semantic Segmentation Algorithm based on U-Net)

2« TruePositive ( TP)

AukA © & [oU Zro] 0.5 o]Atold o] =0 &-oju]sltty
7 IoUs Bdo] A4 AR E duh} & gA)6t
A e Hrishes | f-8sit

Dice AFE F AZ 70e] S ZHoE X, F
}

2 olx & FAlAM AHEH T Dice Al 0914 1 AL

e
Dice A1 53] Hloeiflo] 2# 3 o o 23 B}
AR A4Ah o AXE BT oo THEE A7k}

1>
.
-
n
2
%S
M
o
X,
r
i
iu)

F 23 I9 72 193 SR 7142 AL S wle 9n)
& Jgr g vue 235 Yepdoh oqrjAs 712
U-Net 2493} SR 7|4 % SRCNN, EDSR, ESRGANS 7}
7} Agtsted A #skE w48tk Losse 3% A%
o} AA| ol & 7] £4E St ARE, Frol FEF

E 2. OjUB SR 7| HE0| ME on2g M &4
Table 2. Analysis of semantic segmentation accuracy using various SR
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Fig. 7. Comparison of the qualitative results of semantic segmentation according to various SR technologies



686 WEasdw=EA A299 A55, 20243 92 (JBE Vol.29, No.5, September 2024)

SR 7]%o] JETH, o] Agste S FE v
1

£ SE-Net?} CBAME 717} U-Net 120 A@Hsto]
WSS AT
T 3. CIkS} Attention 7|& M20]| [IZ o|0|2E Mz 2AM

Table 3. Analysis of semantic segmentation accuracy according to var-
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Fig. 8. A comparison of qualitative results of semantic segmentation
according to various Attention technologies
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Table 4. Analysis of performance of the proposed algorithm according
to the applied core technologies

Loss loU Dice
U-Net 0.2186 0.8985 0.9464
U-Net with SR(ESRGAN) 0.2079 0.9021 0.9485
U-Net with CBAM 0.1990 0.8980 0.9462
U-Net with Fourier Transform 0.2131 0.8986 0.9468
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Table 5. Analysis of semantic segmentation accuracy to the combina-
tions of the core technologies

Loss loU Dice

U-Net 0.2186 | 0.8985 | 0.9464

U-Net with ESRGAN, CBAM 0.1940 | 0.8998 | 0.9473

U-Net with CBAM, Fourier 0.1982 0.9042 0.9497

Transform
U-Net with ESRGAN, Fourier 01992 08995 0.9471
Transform
Proposed method 0.1895 0.9049 0.9499
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Fig. 11. Comparison of qualitative results of dataset semantic segmentation for BBBCO07 dataset
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Table 6. Analyzing the accuracy of semantic segmentation for
BBBC007 dataset

Loss
U-Net 0.1522
Proposed method 0.1262
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Table 7. Comparison of the accuracy performances of various seman-
tic segmentation algorithms

Loss loU Dice
FCN 0.2277 0.8933 0.9436
U-Net 0.2186 0.8985 0.9464
U-Net++ 0.2105 0.9016 0.9483
Proposed method 0.1895 0.9049 0.9499
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Fig. 12. Comparison of semantic segmentation qualitative results by network method
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