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(MCNN Layer) i - - -
Padding: same Filter size: 3 x 3 x 25
Filt ize: 3 x 3 1 L3->L4: Convolutional and ReLu activation Stride: 2 x 2
Last128->Output-3: Convolutional and Sigmoid a ! .er e o .
Stride: 1 x 1 Padding: same
(MCNN Layer) . N "
Padding: same Filter size: 3 x 3 x 384
Filter size: 3 x 3 x 64 L4->L5: Convolutional and ReLu activation Stride: 2 x 2
L21->L22: Deconvolutional and ReLu activation Stride: 2 x 2 Padding: same
Padding: same Filter size: 3 x 3 x 512
L24: Concatenate L22 , L1 _ L5>L6: Convolutional and ReLu activation Stride: 2 x 2
Filt ize: 3 x 3 x 8 Padding: same
L24->Last256: Convolutional and ReLu activation| ! .er e o - -
MCNN L Stride: 1 x 1 Filter size: 3 x 3 x 76
( B57eE) Padding: same L6->Lx1: Convolutional and ReLu activation Stride: 1 x 1
Filt ize: 3 x 3 x 1 Padding: valid
Last256->Output-2: Convolutional and Sigmoid a ! ‘er SEe oK o - -
MCNN L Stride: 1 x 1 Filter size: 3 x 3 x 102
( B57em) Padding: same Lx1->Lx1: Convolutional and ReLu activation Stride: 1 x 1
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LL- . Conv ional activati ide: . - Filt ize: 3 x 3 x 8
>LL : Convolutional and ReLu activation Stride: 1 x 1 Lx4-sLastd: Convolutional and ReLu activation S1 .Zr SllZC . x 3 x
2ddine: . t 8
Padding: same (MCNN Layer) ri .e x
Filter size: 31 x 31 x 1 Padding: same
Stride: 1 1 X X . | Filter size: 3 x 3 x 1
LL->Output-1: Convolutional and Sigmoid activaj o t - Last4->Output-8: Convolutional and Sigmoid acti . .
Padding: same Stride: 1 x 1
S (MCNN Layer) .
Padding: same
Filter size: 3 x 3 x 76
Lx4->Lx5: Deconvolutional and ReLu activation | Stride: 1 x 1
. . . & Padding: valid
|~ U-net ,LS ;545 CDAE plod 3 ¢S
¢ ) 2 2 v S N Filter size: 3 x 3 x 512
S My S )| - [ s ""J'Jj_', c’) c)u & 4 LLG Lx5->L7: Deconvolutional and ReLu activation Stride: 1 x 1
: ) - ~ b Padding: valid
S M * ‘ ) ol Jl}r_a‘ .L..n Li.é t’ L’ l;..i K L9: Concatenate L7 , L6 -
S s s =~ 5 zot >
Filter size: 3 x 3 x 8
.. 5% y ‘ . : - L9->Last8: Convolutional and ReLu activation
L'LZ ou\.«sv.:_h.a LSLA J";)‘ JL.«'}JJJJKLSU 4\__3‘}1 GAL“" v Stride: 1 x 1
(MCNN Layer) Paddi
. . . .. . adding: same
U_f‘ JlngLo_m q J&)J.ﬁbﬁobuﬁn\ 1.0e-3 J"‘J" )\J“"‘Jl:’ Filter size: 3 3 % 1
Last8->Output-7: Convolutional and Sigmoid acti Stride: 1 x 1
C«w\ ol aJ‘J QL.;‘.; &.i (MCNN Layer) tri .54 x
. Padding: same
Filter size: 3 x 3 x 384
L9->L10: Deconvolutional and ReLu activation Stride: 2 x 2
Padding: same
el odi L12: Concatenate L10 , L5 -
Decoding » . Filter size: 3 x 3 x 8
L12->Last16: Convolutional and ReLu activation .
Stride: 1 x 1
(MCNN Layer) .
Padding: same
y. — Filt ize: 3 x 3 x 1
Last16->Output-6: Convolutional and Sigmoid ac Sl _Zr sllze 1 o
t E
* | ‘ » » (MCNN Layer) b fe .
Padding: same
Filter size: 3 x 3 x 25
Encod g Encodk Decod el
3 7 7 ¥ L12->L13: Deconvolutional and ReLu activation | Stride: 2 x 2
IMSM S Mg AaImas PerMaE pEmr— ey .
Padding: same
Beiriptien, Parmensies I L15: Concatenate L13 , L4 -
. Convalution and Fielu activasin Reoese =0 e | ' — Filter size: 3 » 3 » 8
| L15->Last32: Convolutional and ReLu activation Stride: 1 x 1
a Y o activad t H
' Decoralution and Relu activation | (MCNN Layer) . r;de x
- | o Concatenate Encoding | Decading 2 | adading: same
| SOOI CIosousy & Decong S I Filter size: 3 x 3 x 1
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Last32->Output-5: Convolutional and Sigmoid ac
(MCNN Layer)

Stride: 1 x 1
Padding: same




G s (§85 Sl o3l L U gb QR oS 5Lk 5zl sel 035

QR CODESREADINGRESULTS
AFTER SCREEN SHOOTING

B train © tegt

N
X o
3 o %)
=4 N 5~0
= S 385
& S 5
@8 o
= ©
X o% = N
o o o2
@ NG 8
= S 22
=g ]
NS B
SIMPLE SIMPLE QUAD QUAD VOTED VOTED
DENOISED DENOISED DENOISED

R g0l gl pil sl ST 58 Ul dao s Jlaged Vo IS
Lol B 5 ey L3S 9) oles (51 MONN (6 4 b ol

Om093=ri S

J\_Jbu_a QT?‘.’J)b_Ql’Jg"'“‘ J.Lﬁ\}j\.k_a:»o}\}ij)b Sy g0
Laﬁy@))‘.k.&v})\yb;ou)b.L:SJOJAWSJJLJM
LAQTW)J}M‘)&MQ%@&M&@
o3 3l a5 by 3l el (628 (sl ) Al 5 S0, ks
La o313 (555 Lol Lol S5 s ol 5YL ol
5 Le ensn L cilides (61 pgna Bl 3 0 )l e

J;\adﬂidjj‘c«a-g.ﬁ.bwéuﬁifu RL3B]

3 U-net (5452 55 b MCNN (g 6 pold (g amlite Y g

CDAE
) R eadabilit R eadabilit
Trained
y(%) y(%)
model )
Train Test
MCNN
) 72.1 20.8
simple
U net
= 32.2 17.4
simple
CDAE
. 2 0.4
simple
MCNN
65.7 45.3
quad
U net
- 46.8 32.3
quad
CDAE
28.2 30.8
quad
MCNN
80.6 62.1
voted
U net
- 68.3 42.4
voted
CDAE
22.3 19.6
voted

gl Sledis O
&J_al.c (P LaQR e Lo C\Jx_..a\jéjjcq-
2.6 GHz 6-core L;a.u;bﬁw&rf\m@f S S adend
N33 e 5 bzl peal b s 6,88 0le o) 81 5 intel Core i7
S Sl (il oaly ccwl o (55l 03ly R2019b 05,5 s
4z B oLl YV 6 e 05l 0 Ly ol 5 s
5 e S St (Hisal 53 s I3 (Sl iaean. o
N s 5 e el 785 sl (SIS 0l S eslia
Lo s 0l 2 oS IS S0l se ot S8 6 s
] 0 o3l (Lilns *Jﬁ PPy

NVIDIA S8 el 5o S IS 88 (6 ol s oo 52
Tesla SIS (g 0515 0 S& w28 )3) Tesla T4 12GB
aSapd saosls H 3 58 Ll 53 0Kl & g 4 (K80
oS 55,8 51,5 eslieal 540 LSBT RICLIRE U
23 Sl 5 (63 S Sls aal s Syl 5 anes 5 gz Ll fs
s b b sl AbulS Sl eslinal b (Gros (655 )
ol o Lo culad oslmad OF 31755 o csl 5 CwlSe ol s
ot (S S a0 b e sl S (Gl el sl s )
S35 o o 5 S 5 o) 53 Sls SulS 5 MCNN Gaos
'V'*J‘ 03 5o 03lamul

S Yl S o sl Al 5085 2 B sl sl
3lwae « MCNN 5 U-nete CDAE sl ;Lo U ¢ loee
A3 A s (5 00N L s A 85l sV Y e Y] TolsT

RCI PN WA ‘Céjf

Lol ml gl gls QR 2L Ole (Lol & e o2l 03
;)\J'__J@L:stgw)ﬁ@l&\)s.ﬁj\sﬁ&g&kéwgu:ﬁ”
545305, MCNN 6 o8 L odd 5 285 sls QR Ul

S e odalin 1) O Jlages Vo IS5 5 oS
) MCNN&&J:J&wdww@uu\s\);
5 U-net s libnl g &8s 55 Jolie 53 QR gl IS U1

o Sl 0l 0305 3,135 Y Jsd> )3 CDAE

! Google Colab (https:/colab.research.google.com)
2 Jupyter Nottebook

 pyTorch

“ TensorFlow

® keras

® Opencv

” Adam optimizer

8 epoch

® Batch size




HIGHLEVEL QR CODES REM OVED
READING RESULTS
AFTER SCREEEN SHOOTING

1 (<
- M train tcest 2
3 S o
0 o oo~
e} = oR
o B N
S N~
~
<5 &
o o
S Do BN
~ el =R
< R0
2 I <
R A
XA
No I
SIMPLE SIMPLE QUAD QUAD VOTED VOTED
DENOISED DENOISED DENOISED

JGLQ; (5')? AJ&G"J:'-L.J ‘5\.3 QR@U‘,"MJ:JB}Q \ Jﬁ.‘é
S8 T 58 lil 59 93-Sl gl 351 s L8 3,0

‘g

A e Bl B .
cdﬁj_,ﬁT‘gw‘_;lAc @U\\'JS&
Tl 5 S8 5l JSS col (50 0953 3 Ko 4o 2 51
2olas 1ol Lo .cmclﬁz.»ltﬁj-\aﬁ‘ﬂggﬁgy.amdﬁfdb

MCNNM&@&M}QU}&oM 03 e

S s ¥
e St o o (6, Ry SQ sy S s i s
0 S § s o Gl by o Gres IS
Al e Gws plasel )l 5 Ll sl QRO 00
Slesliul Lo oyl (6 450 555wy (o ee ol
S b oy b sl 53 0dd )& a3 sl QR ¢l 3
ol (555 6l 5 ler LSS coslu s g an by 9l
e gz e 5l ok 855l (5 4 el B odd o))l
e sl 5 slanel LBl ol (3l 4l 8 (s 215
S5s L Lol s> sla ¥ G L 0l 5 g O
AL el e gl (B ralS b e Gl (IS8 gl
s 03 3l (6 4 bl Sl Gaas mas 5 S gla
031> 535 0 Fsd LB L @j,é-axfc,ﬂul;iagp“ﬁj b
oS Jils 31 SG 5 ol 0 1 em@j@?&u
Sl el 038" o g a |y Bl s s 51 Ml

Sl sS ol 2 i 3Vho

Ts=435 4 MCNN ¢ &bl 6,5, Y sl o
s e 2 MONN (§ 450 31 ook I gyl el 0ol
s o S5 1) MCNN (gl (g 4l <8 U-net s &5
Olgy sle ¥ pud Lol s 4 5 ol s il g sl
il gy L

sl 2 5L s w0 e 48 0l el ) b
J= o ST o)l e b QRO s U7 5550 03 520y
QR 555 w850 51 (S5kmy 53 ¢ L QR s () L5 (ST 5
Sl 2 0B cae 6 4G 5 255 0 Ll 5 Olge
o aS ol dsl L o055 52y L ol (5l s 55 s s O
Sl Gt g o3l siss L QRN g o (2l Ol
sl 48 ol p53 5 el S0 b O 5 w5 5 (2L3L sl
S by SISE 5 e LS oa b la e 2
3 052 YL sla ISl 51 (SO S e 36 g )
L s (5 4502 S5 35 5ol ¢ sdn sls 031 6,800
ol g eslecul 5 QR g o= sl LS el YL sluss
OB 95 et 33 S ol os sla &8 LS 3 (Gl oy see
il dal g 15 L 6 okl sla

Sy g 3 s 05 B Shas 3 Olebl 61
S 1) Sl e sl QR (68K 033 3,150 oS lex
45(,.3;)5::.,\,@\..:.4 '("’J;w)ﬁ L do)s Olpe 503 5L 5055
o by O o 5 asdy VL 3 lee 6 aen Ul Aoy
o2 (5 e g 15 Lol ek 0l (6,8 ¢l Bl 30,
AvF sla Ao s spime sdalin 4 IS5 3 S jshilen 51 S5 5
sla doys e gl osls (61, ?Y,\juiijdLa osls sl
b W, VY,V s AT

Eloml G 3513 355 48 (5,505 el Sl (g oS0
L3 5 ey 48 lilen Sl QR 2l (sl o S
05 0L o o pyzbar (g asbuls 3 adlis ool j5 ad
sl @)ﬁﬂdumw ool b s Lal o eslinul
S 4563 g0 5l (Sokms <ol on sl (55 (505 g2 s
ol B G SBulS bug ae s S L s o)
L L YL Gla doys Ol oo 5 Al g3 oo (Sl ) 340
Sty ol on (5La (25 055 s Ol QR 0,5 (sl
Rl e ol s ¢ a3y SNl S 6l Ll 5yl
0 3 03,06 LS ol

b et oded sd ady s Ol sl 0500 VY JSS 0
G5l C\,&a.«\;«.’-lf)l,@_g-)\ﬁ coslu 5 Sy am a6l
oaiie 45y ghailan L dol e edalin 1) a8l 1SS 5l e
aby il Ghle iy 5 jes=id 5o VL @yl LS el
S, QR



G s (§85 Sl o3l L U gb QR oS 5Lk 5zl sel 035

(VY]

[VA]

[V4]

[¥f]

[¥o]

[¥#]

Z Yang, Z. Dai, Y. Yang, ]. Carbonell, R.
Salakhutdinov, and Q. V. Le, "Xlnet: Generalized
autoregressive pretraining for language understanding,”
arXiv preprint arXiv:1906.08237, 2019.

A. Brock, J. Donahue, and K. Simonyan, "Large scale
GAN training for high fidelity natural image synthesis,"
arXiv preprint arXiv:1809.11096, 2018.

R. Luo, F. Tian, T. Qin, E. Chen, and T.-Y. Liu,
"Neural architecture optimization," arXiv preprint
arXiv:1808.07233, 2018.

H. Jin, Q. Song, and X. Hu, "Auto-keras :An efficient
neural architecture search system," in Proceedings of the
25th ACM SIGKDD International Confeérence on
Knowledge Discovery & Data Mining, 2019, pp.
1946-1956 .

L. N. Smith, "A disciplined approach to neural network
hyper-parameters: Part 1--learning rate, batch size,
momentum, and weight decay," arXiv preprint
arXiv:1803.09820, 2018.

X.-y. Wang, C.-p. Wang, H.-y. Yang, and P.-p. Niu,
"A robust blind color image watermarking in
quaternion Fourier transform domain," Journal of
Systems and Software, vol. 86, no. 2, pp. 255-277,
2013.

S.-C. Pei, J.-J. Ding, and J.-H. Chang, "Efficient
implementation of quaternion Fourier transform,
convolution, and correlation by 2-D complex FFT,"
IEEE Transactions on Signal Processing, vol. 49, no.
11, pp. 2783-2797, 2001.

M. Monfared, A. Koochari, and R. Monshianmotlagh,
"QR-DNI1. 0: A new distorted and noisy QRs dataset,"
Data in Brief, p- 107605, 2021.

P. Vincent, H. Larochelle, Y. Bengio, and P.
Manzagol, "Proceedings of the 25th international
conference on Machine learning," 2008.

D. Lee, S. Choi, and H.-J. Kim, "Performance
evaluation of image denoising developed using
convolutional denoising autoencoders in  chest
radiography," Nuclear Instruments and Methods in
Physics ~ Research  Section  A:  Accelerators,
Spectrometers, Detectors and Associated Equipment,
vol. 884, pp. 97-104, 2018.

Z.-Q. J. Xu, Y. Zhang, and Y. Xiao, "Training
behavior of deep neural network in frequency domain,"
in International Conference on Neural Information
Processing, 2019: Springer, pp. 264-274 .

N. Rahaman et al, "On the spectral bias of neural
networks," in International Conference on Machine
Learning, 2019: PMLR, pp. 5301-5310 .

K. Stiiben and U. Trottenberg, "Multigrid methods:
Fundamental algorithms, model problem analysis and
applications," Multigrid methods, pp. 1-176, 1982.

F. Wang, A. Eljarrat, J. Miiller, T. R. Henninen, R.

Erni, and C. T. Koch, "Multi-resolution convolutional

S ob‘)é\.‘«jwj)ﬁ dode gla Lo 5l eslal Lv 45:_9)@
il e 5 La ool SR 51 5 pama s i (5
S o3leul 5 QR I s 2 6l smae S5 a )l
sglrse) ) o 53 (S P8 0l e a3 Ll 51 (6510

ol QR Libe b sla S50 s g

&

[\] T.J Soon, "QR code," Synthesis Journal, vol. 2008,
pp- 59-78, 2008.

[¥] O. Russakovsky et al, 'Imagenet large scale visual
recognition challenge," International journal of
computer vision, vol. 115, no. 3, pp. 211-252, 2015.

[¥] Y. Li, X. Gao, and H. Ji, "A 3D wavelet based spatial-
temporal approach for video watermarking," in
Proceedings Fifth International Conference on
Computational ~ Intelligence =~ and  Multimedia
Applications. ICCIMA 2003, 2003: 1IEEE, pp. 260-
265 .

[¥] Y. LeCun, Y. Bengio, and G. Hinton, "Deep learning,"
nature, vol. 521, no. 7553, pp. 436-444, 2015.

[6] C. Dong, C. C. Loy, K. He, and X. Tang, "Image
super-resolution using deep convolutional networks,"
IEEE transactions on pattern analysis and machine
intelligence, vol. 38, no. 2 ,pp. 295-307, 2015.

[#] K. Zhang, W. Zuo, Y. Chen, D. Meng, and L. Zhang,
"Beyond a gaussian denoiser: Residual learning of deep
cnn for image denoising," IEEE transactions on image
processing, vol. 26, no. 7, pp- 3142-3155, 2017.

[V] P. Isola, J.-Y. Zhu ,T. Zhou, and A. A. Efros, "Image-
to-image translation with conditional adversarial
networks," in Proceedings of the IEEE conference on
computer vision and pattern recognition, 2017, pp.
1125-1134.

[A] Y. D. Hezaveh, L. P. Levasseur, and P. J. Marshall" |Fast
automated analysis of strong gravitational lenses with
convolutional neural networks," Nature, vol. 548, no.
7669, pp. 555-557, 2017.

[4] A. Sinha, J. Lee, S. Li, and G. Barbastathis, "Lensless
computational imaging through deep learning," Optica,
vol. 4, no. 9, pp. 11171125, 2017.

[V+] K. Hornik, M. Stinchcombe, and H. White,
"Multilayer feedforward networks are universal
approximators," Neural networks, vol. 2, no. 5, pp.
359-366, 1989.

[V\'] G. Cybenko, "Approximation by superpositions of a
sigmoidal function," Mathematics of control, signals and
systems, vol. 2, no. 4, pp. 303-314, 1989.

[\¥Y] Z. Lu, H. Pu, F. Wang, Z. Hu, and L. Wang, "The
expressive power of neural networks: A view from the
width," arXiv preprint arXiv:1709.02540, 2017.



B ‘) )}5- .«\...:3)‘ d.gl;..iJK&).u 3,&;40 b)\:\ﬁ
2 Fman an S S elS g el
‘_;.&Aj}:r LsLhA;:.Ajij;QLf)J AN de
‘u:‘":L‘;;.fL‘:‘ uﬁjﬁa:u:)bﬁ S SeM)e Sy40

el el 5 ot 55

v 5o by 255 (6,55 )z oS b
S il S 5eslS gady 53 VYA
s obsteul o528 (3 03 505 A3l o s
s pske Al ST ol&sils los cin saae
S50 gy Saaie) AL o Slidos
elbanln e Rilo g 55 sde
AL 5 oab sLaoL 5 LS Bl

sl GGaas

[¥v]

[YA]

[¥a]

[*)]

[¥¥]

[*¥]

Sl sS ol 2 i 3Vho

neural networks for inverse problems," Scientific
reports, vol. 10, no. 1, pp. 1-11, 2020.

G. E. Hinton and R. R. Salakhutdinov, "Reducing the
dimensionality of data with neural networks," science,
vol. 313, no. 5786, pp. 504-507, 2006.

O. Ronneberger, P. Fischer, and T. Brox, "U-net:
Convolutional networks for biomedical image
segmentation," in International Conference on Medical
Image computing and computer-assisted intervention,
2015: Springer, pp. 234-241 .

T. Karras, T. Aila, S. Laine, and ]. Lehtinen,
"Progressive growing of gans for improved quality,
stability, and variation," arXiv  preprint
arXiv:1710.10196, 2017.

S. Nah, T. Hyun Kim, and K. Mu Lee, "Deep multi-
scale convolutional neural network for dynamic scene
deblurring," in Proceedings of the IEEE conference on
computer vision and pattern recognition, 2017, pp.
3883-3891.

S. loffe and C. Szegedy, "Batch normalization:
Accelerating deep network training by reducing
internal covariate shift," in International conference on
machine learning, 2015: PMLR,, pp. 448-456 .

Y. Wu and K. He, "Group normalization," in
Proceedings of the European conference on computer
vision (ECCV), 2018, pp. 3-19..

D. P. Kingma and J. Ba, "Adam: A method for
stochastic optimization," arXiv preprint
arXiv:1412.6980, 2014.





