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Deepfake Image Detection based on Visual Saliency
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Abstract

‘Deepfake’ refers to a video synthesis technique that utilizes various artificial intelligence
technologies to create highly realistic fake content, causing serious confusion to individuals and society
by being used for generating fake news, fraud, malicious impersonation, and more. To address this
issue, there is a need for methods to detect malicious images generated by deepfake accurately. In this
paper, we extract and analyze saliency features from deepfake and real images, and detect candidate
synthesis regions on the images, and finally construct an automatic deepfake detection model by
focusing on the extracted features. The proposed saliency feature-based model can be universally
applied in situations where deepfake detection is required, such as synthesized images and videos. To
demonstrate the performance of our approach, we conducted several experiments that have shown the
effectiveness of the deepfake detection task.

Keywords: Deepfake, Malicious Manipulation, Visual Saliency, Image Synthesis, Deep Learning

I gy ol Ao ofu 7 7F E] &7 5F 5 & AT (doris5093@duksung.ac.kr)
2 UG g 2) o] 2L SF ! B o] EJALo] O A SFl F(Ghrew@duksung.ac.kr)

Received: Jan. 31, 2024, Revised: Feb. 22,2024, Accepted: Feb. 26, 2024



H.R.Noh and J.H.Rew: Deepfake Image Detection based on Visual Saliency 129

LAE

FH A A A Al 7d W(Generative Adversarial Network, GAN)S 233k | 24
wdow AA AEsE AW fAR A olNAE AMGE JEe Bie sEoR
BUHAT, OEA L GoYo|21 e B G GHE EE QA e A
Az G Bpl ] AlA =& 73 AAE AA2HA FAs8kE 7lsolth dA slE 7=
220 el obd vl Thelo] RS s AAY FAel Wwa Helon, T Bibol ool
Xj_‘ii Xéiﬂ_%} _I_T,__oi ul—;qgﬁ oh;]_ JJ:_ Nxﬂ 04%4_ o].l‘;q‘—oi %L/Bh:sl. d=Z+S

Paps A8e Auel qros Adegy, Ad Az AFA5e] PG AEd
AU RS A R, A G A EE AR Lo A5 Eae]E St
doflolat F2 9 429 % Aolgle] vige] st A9t wonl, gustA Axd
Sollol AMES wclel WAl D 28 MED AN TAEL Fa M) AuEs
Aol Arh. ol ARA, AAA Eag oblskm AU FE qAuel ojuAs HelE
AENIE 5 A24E DHE 98 5 Aok £, AFHOE FASE GBS grER
AR FR e B QoA WalolZ Aol ohgL wg Azail holAck o

Aotk @A, Hullo]A olm A B FF el E{VJEE AR E = MRS D ulgk
(FaceSwap) WH o2 5 7] 2] Auto-encoder & AF-&3}e] A2 o]u| Ao 23H a2 h53)
2 A O]U A, = A tde]l H ol Aol ngkstar v R-of e AN HAHES
ATk WS gen2][3]. o] FAFoNA, A2 ouA 9 A= 5EAES FEoaL B
olmA e A= EXJ Feol dolat= WHoR LS FPgrh. 1% 7] v, dukow
Helola = BAE omAlE &, 3, 45 4= x4 A= via A wiA 3 Ao
A= = A A A o] Bl A °§‘—"‘%°ﬂ’\1 Al ZFA Q1 H-A A 2w gro] dojd 5= 9l

webA 2 = gHlo]A on A o] YA S 7k Huflo] A O]D]X] %]“7(] 71 &
A otstt}, oju x| o] Bl EAS 3537 93l Superpixels ¥} Saliency Map = 53l &= 2]
Fe Y=g A 34 TH 9y %% ©] %, CNN(Convolution Neural Network) 714k9]
ResNetJJr Attention & =3} A}-8-3}o] o] oA & FHF FA| gt} A<t WH-2 Saliency
Map HES &3l ‘ﬂiﬂ ]Ei ojm| A

e

37
27
cE
4 o4 e mumom Fohin, guola

oNA 3

oule]l A7Hq 54 o @B et ¢ A= mRAS AU ED, ResNet 7

Attention &8 Fa Ho] 2L olm N o] 1§ BAL AF Sgete], dE HHLD 452
(o)

s Aol 3
Aol A Al 6} 71 % =2

HlOlEi AE o w vla A3s Wdgstglon, s
7—12:01_031—4_ X LEE_J o }\1
Sl

A7kel7] Slal, thekd "ol ol m A
g AL ol At Aol A5
S ERE!

dlole] Al gl gsfo] = TH

Zlsol #ET VE | el M=t 3 ol M= Aljbsk= Saliency 75 ¥4,
[5HAl Aot 4 ol A= ARS8 H o] = o] r]A] Elo]E A,

A% H g gl
2 oz ¥AANE NEH, 5 4 AR, BT

I3 A+
AFE v Folol A= Ao A= wa 9 E s|uko 7 she] thkst e Yol A
o HHE T AF7F &3] o] FojA] a1 Q). HHo] A T2 AF-&-F] = FaceSwap 2]
, Y diite] HE A ou e} ERA o|m|Ae] wRIH S HelA @A AL

3l A7) 7] Hko) ]014[4][5] TﬂJﬂO]i ‘g* T L Az o|u| x| &F BHAl o|u| | o] =0
g ARE A FE9 &, F oY 42 FEHE v e dEste S
F&3slal mA o 2 VAE(Variational Auto-Encoder)l/} GAN I} #2 Ay mds T3
FaceSwap = T3 3= FE] 2 X P& At} FaceSwap = T8 7| == 3714 dlo]H A2 Celeb-

A

A% 7

Lok al7] Wil 42 e g4, w4, e, 7, 950 WE kA 4 E xe 4w
==

T=

=



130 JOURNAL OF PLATFORM TECHNOLOGY VOL. 12, NO. 1, FEBRUARY 2024

DF[6], FaceForensic++[7], Real and Fake Face Detection[8]5 ] <=A3tc}t. i dlolg AEL
Zb7] & vt s, A 7R dolk 5o SAS 7HAT dAl Helola A R 'A
Atokoll A de] &85 glTh

HHo] 3 o]u| x| x| a0k A= CNN(Convolutional Neural Networks) = H|%3F VAE,
GAN 5o] 72 &85 v} g 25 &85 WHES AFH v ool Al 15<t
gr|Aola meh FF¢E S Hogton, Hola ©X B A Fopoll = 7MY @A o w
thFo] A= Rl solth A o2 Hiola gxde | dd BAS &85 A F 7HA
W2 o] AG7F A }"E E], A HAY 2= ‘ﬂjﬂolﬂ ojm A B Yol A7} 3 Y =
AHA & A sk ATt A o] A, F AR Yol A s Uoll 23 A 549
FAA Y 7S J 5ot ' ]E}E AT 2 o] EA gkt

A, o]u|A] -2 7|qke] WbAl e o] am A E o|n| Ao ARl Rt A Ao
ol HE S FAsl] o) E 51_{:]:—3}'7 H7bohe WA o2 ATF7F 28 E =, CNN 7|59

1

Halola ©A 71[9], GAN 59 AAG Rdo] 7 A4S AT o A7]= ol ddes
o] &3sle] T ] E #ASE 7110, wHHlolm o]u|A] 9 PRNU(Photo Response Non-
Uniformity) 318 & B}IR S 2 GAN Rdo] 7[X|= 5o] 725 &&st= A= 7I=[11] T°

L G e o, o o gl el AAE A B Bere A1), A
o W] A5 -5} Kol 9.2 Wakalo] o)L olu] Ao 2A =R HABE S % T A
AYAAHI3). A2 Wl 7, 3, 9 59 FAALUE P Ba) Fulo)2 oA B
A W04, EEAe B4 A4 54 wsE BEW AT PEAs, AuF R e
el e) e d 542 o) gakol &l Q5o 582 B
FAF 24 Mo 592 & ATES EHoR
EEDERRAtEEE S RN

il ]01
o nl
r

L. &

31 A7

o mioll A Aljtete Hullola B4 Rdle] oy = Y 1 3 Zz”jr. A E Jaola
o ml XU o] A -2 Q1 ¥ 23] o 7]”0}04 —rz}oﬂ*aﬂ] A E FE 2 '511‘:L P AFE
Hd 4d 2ds gAY S A
%/\} EQS AYUEIAANES 123} 3 A Sahency Map o
Z35l+= JJrzq S AZ} o714 Saliency Map <
QAR PR T & R RS Eash, o]t 2 Hsfol
o) S Ao B 5 . o1, Resnet & 28511 54 FEeHn, P4 A
Attention = 233t A& &-8-3lo] FHF Hulo] A o|n| x| EA & T l= A S FH )

é
_>L
:"’
"!3
a
@
>
‘l
w2
~
II.
f
O

Saliency map Guided filter Resnet34

Real

— | Attention
layer

7 x 7 conv
bnl
RelLU
=
o
2
=3
=
=3
2
=5
o
g
=3
=
53
2
=3
Fc layer

Linear layer

Fake

Figure 1. Model Architecture
29 1. 29 o}7) e 7]

329302 FAE A% o|m|A] HA

Hiflol= "gAE flal |H 2 EES 285 A, Y FRIGS HEseE A S



H.R.Noh and J.H.Rew: Deepfake Image Detection based on Visual Saliency 131

Tt ool o|u x| o] Bg-, Abgo] Sfetow e wf, A Ao w HA| ojw|A| et
B2 Ftol A mAlg AlZbA Zpol 7 Al gkt[18]. o] 2l gk M AIAlol & FHA|E7] 913,
SLIC(Simple Linear Iterative Clustering) ¢85S 4

Map T3 FHEH19]. A, olm A A g JJr”J B 2 ALY
X o2 P 918 SLIC &5 S AFEEESith 017l o] gL
OO}O:] ojm#] o E&= T, ‘ﬂt-@} A7l g2 obgiel Zvh A (1) &
ag]Fol AHEE A ALY OS2, Superpixels S8 ~EHH S 913 ARE AFsth d. &
A 7N S AR, dgpgee s ©THIA W, x,y3H3E &3 A 9] 7

At3} JAAE YERi T

3~F0

_ \/d% 4 (dsz;ace)2 . m? (1)

m-< SLIC ol A ZU]J‘(Compactness)g A= Aow, M FAME I F7HE 24 A Aol 9
AA F oS A3 mate] IW F7HE 2o o Fod A U Ee] Superpixels 7}
e ar, wrf o] A= A=l Superpixels 7F A€ D = S 2H A E A
kel Al ARE UEHY D = FE2E A AE A e HF A S ?ZJO]'IC
AR, g FHA JRE B a8 ske] 884 < Superpixels &S 7Hs kAl gt 1™
2’ U Ed & Superpixels i3 oA & HERATE Hilo]a ©XE 9% o|v|A] AAHYE
el & ATl A= 2 FE 71350, 2 EE 3 02 AT
Superpixels -3 ©] %, Saliency Map *g” = flall A4 7Igke] ojux] 5H F

Ayg st omx]9] A7 & Saliency Map = 74 W w9 T8¢k G3FS v x| =dl, A}
AbE S QIA8HE W o] Pixelwise 3HA] @0, Abgho] AMES Q1A e wf Wk A A=
gt Al ol woll He d9ES WA A st % %5}71 o iE o] TH20]. HEFdte 992
sl A 7H woll B o=, A ko] W3t 54 g R 58 FolA UH:'JF*” s
HAeth wEhA, B =AM e A4 T2 992l Foreground-Saliency-Map(FSM)9} A& 5 Q.

ot o2
O, tlo

1

G992 Local-Saliency-Map(LSM)E  2t7} FZEske] dxjg] AAo] wkdgity. wA, dlib
dolnelel & Agetel AL AAen 47 Goe] B AL AgHTL A4 A= T
,L'J/H]oﬂ o 9L E gy, HolASGE FALE AATE Ao A )8 2o
FSM = :rL/“?fhﬂr Ix,y)= 1A x,yoﬂfﬂo A FAES YEHIT Gxy) = :L'L'ﬂol 2
1‘:’]7401]"1 A xyel HA 27| gholvh pi= A7 A9 U] FwkolH, o= TH-AISE
Lm A ﬂx}e YEHHTH o= FMS o] H &3} =8 430
1 G(x,y) —
1y) = exp (-5 CED "y @)

1 (2)9F Zol, T3] A wy] ghol A4 Al=e) Fet 9] fhell TbEeE T8t
AV, Wl 0 A A Ho 455, 2 W) 48] el 255 Fa7} b
25 AR 77t A Az a wjAd e FAES Ao 7aw

N O, Hir
o _fi b

SEE ZHA H&E FSM(x,y) & <t LSM JFe-A o BEE AL AATe ¥y
Apolel wh

o
Zan2 Aty A4 e 4%% %;% ToxE, A4 gk Ael7t 2
HAL gk Ters 2 dn. A4 A= 9} z¥ A4 xys &t 74 A d=
7H-AIQE B E A Eske]l ATAE LSM(x,y) & D=

% A& 9 Saliency Map(SM) 2] (3)3 o], FSM I LSM 9] 7tE HdS AlLteked
ATt zbzo] wieo] 54 what i}‘: gk, oo A AlZFAH o7 FAEE RS
EEHo R Fxd ¢ 9low o7]M ai= Saliency Map B/ & 9170 3+ 1 AFo] o] 7k 4] A=
ol v gt

aX FSM(x,y)+ (1 —a) X LSM(x,
SM(x, y) = (x,y) +( ) (x,y) 3)

2



132 JOURNAL OF PLATFORM TECHNOLOGY VOL. 12, NO. 1, FEBRUARY 2024

o] Guided Filter 2 A4 3T}, Guided Filter = 13
= 985 st A = HF A Y Guided Filter
/‘“ %}0 P(x,y), Saliency Map 2] 3l =4 gkl

. 91714 B+ Guided Filter & AAS 3% 0 3

Saliency Map = &3l H& A2 o] ”]
o] 1] %] &} Tﬁ‘i}% Aol AAAS A
olmj#e] A G, =, L on]H]

SM(x,y)° 7ts @A 398 + 9

1 Akol o] 7V A] A& o] gkt

N
= FN
ﬂ&f—

G,y)=BXP(xy)+(1—p)xSM(x,y) (4)

No. of Segments (250) No. of Segments (250) No. of Segments (350)
Compactness(2) Compactness(10) Compactness(3)

Figure 2. SLIC Superpixels Segmentation on Sample Images
7% 2. SUC Fa e FS o] &3t o] A o] 732 A b

33 gJH o] ©XE ¢ 3} Attention 7| ¥ B3 2

Hojlol a2 &A1& Brd st A 4-33}7] €13, ResNet 2} Attention Layer & 3 AF-8-33ith.
Attention Layer = R0l J= oju]x] U T3 54 ¢4 &S FuL AT F UA=F
3, 91 B4 YoM Fa%o WE JtEA BREE % zv} g 1w o], ResNet34 7]
T-%°|| Attention Layer & F7}eto] 7 Ad M= F 83 5SS Axdte 7t & ALtsta
A& 7R AAS 919, diib ghol B g HER A= v JRE ARSIl o
T8 5] A= Gl =2 7t AE F Z‘LE} 7t Ao A o O}h 7t A m A=
A= vha SA A HoA D55 72| 7F adts WA o= ALtE, 4 (5)F o83l 7 d=
uk= Lol ek A E St A7 i je O] Ll B = R R = L}E}‘ﬂl‘jr[Zl].

o, 1%

(6))

20?

-_- 2 ._. 2
Ml(i,j)=exp<—(l D"+ 0 ]1))

HE 7t A M Mignamari S dlib[22]S F3 AEE ZE A= whadl dja] Aqtd 7k
M, 2] o2 GO H T Mygnamark © Attention Map A} AH-8-5 0 &2 54 W 05 AA4tst=d
AH-8-F T} Attention Map A+ Query Map Q2 Key Map KT o] && o2 7 "]'Q Et] zy Apge 4
FTREE U= 2307t "ok &9 0© AF 7F A HE Miggamar s 831 &
Aol Axd 54 Hes ¢t g5S s 2de wix] A7E 64, 4%5}“
Adam(Adaptive Moment Estimation)< A}-8-3}3L, Epoch & 7]+ 250 & AF&3t3loH, 35ES
0.001 2 skl Holo]a o] #] ©x|:= AH}7} Real ¥ Fake -+ 7FA] eh¥lE 757
ujofl, &4 R = wak AEZ I E ARSI

=

34950012 §X 99 243}
ZAH oz, Yool §H 2A¢ Ug AZA BHEE 918 GradCAM[231E AHE-3hgit



H.R.Noh and J.H.Rew: Deepfake Image Detection based on Visual Saliency 133

GradCAM & CNN 5 9] ¢
A2t o 2 e 7

Bdo A #AA g A= d5S Y FEE T3 o
] o P

=
A el & 4= vk &

o], Gradient & &-8-3lo] dS4} of Ot A& A4
|3 CNN 59 54 o] Al dof digh J& 3tar, 2t

W oAge FeEE AE WA og A, B Ao A= ResNet & whA| = Lay

S5 Ao AEFH Folojo 54 WS Uldo slon, 54 WEY e dd TS

0] -8-3}il ReLU & %] -8-3}¢] Real/Fake e} of st 3 A& dslqlet <Oy 372 &3}

g 9e et 7] 98 A4 H GradCAM A 34 S yERdI T

ox N, @
e o, iy ol
Jm o 18
o K tlo

o

e i 4o

o
o

S

Resnet34
Feature Maps
Saliency f=—— 5 Attention
map T layer
FC Layer
o ||
k

RelU

Figure 3. Application Process of GradCAM
713 3. GradCAM 4§ 7174

Iv. 43 23 2 97}

4.1 3012 FAE A3 HolE A

Aol A AjkeE Yol A ©A] REo) s HULE 98, 7HE Wol &€& HiL =
x4 F 7FA] Yoleo]A dlo]E AlQl ‘Real and Fake Face Detection’ U|©]E] Al(RFFD)<}
‘FaceForensics++ Hlo]E] A (FF++)& A3}t RFFD & % 8,000 72 oln| 3| & -4 5] o]
RO, A7 M A = o] m Ao W Aok A 2 A= oA 2 A o Utk
53], §A ol Ao A9 dolm=rt AA 3 7HAE A EM, ‘easy’, ‘mid’, ‘hard’E L o] A
g} <y 49 53 2ol ‘mid’, ‘hard’ IFoE2 FAH oJuAEL dubH o7 Hot
T&ol I Aol EXolt) T AR AS-E FF++ tlo]E Al 977 719] f-7FH H|t] 9ol A
2% 1000 7Ho] A& Al Ao 3| oA o] A WS 3L JUth. FF++ tlo] B Ale
Face2Face, FaceSwap = AF-&3|A A ¥ 23, DeepFakes 9} NerualTexture & AF8-3}e] 8h54H
Adoltt, s g5 2 A 7ol A& °F 3,000 7 o] Fe] oy AMow A5 HItE
Hagslict. 71 Holg Al Z]¥to g2 fo]E F7-2 RandomHorizontalFlip, RandomRotation,
ColorlJitter & AF-8-3ko] 215, 3], W], thH], M=o W5 F7tste] Rdlo] A3 sh5a
g = QI E St o Huo] 3 o|n] x| Bx] Rdl o] %S 93], Intel Xeon Sliver 4125 8
Core, Quadro RTX 8000 & A}-8-3} At}



134 JOURNAL OF PLATFORM TECHNOLOGY VOL. 12, NO. 1, FEBRUARY 2024

Real faces Fake faces

easy

=42 )

- a4 .

Figure 4. Examples of RFFD and FF++ Dataset
1% 4. RFFD 9} FF++ d]o]E] Al o A]

42 o|v =) A2 A3}

SLIC %3125} Saliency Map = -3l ¢ o|n| x| &} Huflo]| A5 F3 A H Z=2E o] n] %]
2re] Apol & AlZb stk it Adeke] Y o] m X9 4 -, FSM ¥} LSM 18] 3L Saliency Map °l| A1
Aol o, b7t T, B G Tl A A7 o] @3 ¥ AS 89l 3@ 5 AT
Z7F olu| A &} o}l o] olm| 2] o] A9 RFFD o] %33 H#o] 3 o] w2 2} Face2Face = A3 ¥
ol A& yEpATh HHo]Z o] 4§, Saliency Map ©] Bz} 7 Alole] AAFL, 3}3tol
AFEo] Vbt AL #Held 4 QAL Face2Face & 29 Ao oA w$-
FaHo R 5ol AEHE AL Y 5 9 o] 33l & 5= 9lt}. o] = Saliency Map < %3
259} 7h#; o] u) &] Apolof| A A S 4= Q= Al Q1 Bl A 2o 7F EA TS B 5

=



H.R.Noh and J.H.Rew: Deepfake Image Detection based on Visual Saliency 135

Foreground- Local Final

i . Adaptive 2
based Feature salien
Original SLIC image Threshold 3 : iency
saliency saliency map

Original | N
image o & -
- el
" Na?:
" 5 '(_@'pf
 —

Nyexexs),

S

Deepfake | SN

Face2face
image

Extracted Saliency Map
Saliency Map 2 3}

4.3 Saliency Map 4] L A TR J9 A&

4.2 oA FZ3F Saliency Map FH <} dlib 2ho]| B2 E T3] &Y 9= vl 9] AAALS
gelstr] flall, d= A FA4s Aol i A4S s " 60 2 dlib
goluel g FF 7hed 4= A= vk 9], A we wE He dEdds
Yepdth a2y 72 AA HaolA o ME oA FE% Saliency Map 57 o]
drebt A= whA fJelA A st HA=A ] e SAHQ EXE vtk <Y 7 oA
7hE & 1~68 WO W= maE ow|stal M2 F g HA= vz 243}
HEES Uehin A= w3 @43k SAH BEE 4% 23 8 1173 o 73
W= wh(48-67)7F BF A= mpe] H3) A4 o= w2 &A% &S e AT o]=
el =] A= v Jao] A oju| X @Ao] FfA o R Fadt FA FH FHol d
T Aea HERAT

ft
o,
N

flo
R
i ofN b 7



136 JOURNAL OF PLATFORM TECHNOLOGY VOL. 12, NO. 1, FEBRUARY 2024

Face Landmark Landmark Number
Right Eye 37 to 42
Left Eye 43to 48
Mouth 49 to 67
Nose 28 to 36
Eyebrows 18 to 27
Jawline 1to 17
Eyes (both) 37 to 48

Figure 6. Dlib Landmark
13 6. Dlib = w2

Activation Percentages of Each Landmark

Percentage(%)

Figure 7. Percentages of Landmark Activation in Saliency Map.
1% 7. Saliency Map ol 4] = vl &4 3 A&,

4.4 J¥ 0] 32 &3] A5 L GradCAM A Z}3}

Ao Aoty nds 3 Hiola ©x Aol ug ArtE AdPs ® 1S
HAE Ao tjgh €% o Aot} Real/Fake FH22 AEeA o3 H9e= 2250w
22 A B3 9= A o 2 el @l Saliency Map ©] 2485 %] 948 Resnetl8 I VGG16
o] Real Fe|~ F&3H#A] H3l= A7F SRS 21691, Fake Z 22 45,
Aty Bd o]9je] Hlw RAELS ek @ x| 7} g FE A9 A5 B FQlr) i 20
Hl 1L 22l ResNetl8, ResNet34, MobileNetV2, VGG16 = Saliency Map 73S A ¢ st 7 -2}
233 A5 st HE A34E e AT AljbsteE 292 RFFD ©F FF++ & 7}H4]
tlo] g Aol A Aoz e fuo]F 12 A e S HolF%lth 53], RFFD 4l o] & A12] mid,
hard Z15- oA ZF2E oF 94%9} 95% = =2 ©A] oS HoFRom, o= &eto & 714 7]
3= dolo] A o] n x| 2] 49, Saliency Map ©] &34 o2 A& = 4= &S YERAT o]
ek €A o A= < E 30l = YER QAT



H.R.Noh and J.H.Rew: Deepfake Image Detection based on Visual Saliency

Table 1. Deepfake Detection of Test Images
E 1 HFo] A oW A '] At
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Fake Image Fake Image
Real Image Real Image (Easy) (Mid)

Fake Image
(Hard)

Resnet18
(w/o
Saliency
Map)

Resnet34
(W/o
Saliency
Map)

MobileNetV2 '
(W/0 y
Saliency
Map)

VGG16
(w/o
Saliency
Map)

Proposed
Model
(Saliency
Map +
Attention)

Table 2. Performance of Deepfake Detection
® 2. Hollola &4 4

Model RFFD FF++

Total

Resnet18 (W/O Saliency Map) 0.8552 0.8343

0.8447

Resnet34 (W/O Saliency Map) 0.9085 0.9315

0.9200

MobileNetV2 (W/O Saliency Map) 0.9284 0.9222

0.9253

VGG16 (W/O Saliency Map) 0.9247 0.9113

0.918

Proposed Model
(W/O Saliency Map + Attention) 0.9328 0.9418

0.9373

Proposed Model
(Saliency Map + Attention) 0.9438 0.9633

0.9535
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