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Ahmad  Dolatkhah,  assistant  professor, and surveillance systems is of particular importance, and today, using
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A;piirtmepr:“:e " OJ:\?:::?;” Tzr:rr::mca,tg:: artificial intelligence, the quality of images can be significantly improved. In

ict.ahmad93@gmail.com this regard, the present paper, focusing on the details of face images, has
improved the image failure detection model in the adversarial generator
network, which led to a suitable performance in the meta-dissolving of face
images. Most of the CNN networks that have been presented in recent years
require a large set of images with appropriate annotations for proper
performance, and they usually perform poorly in the case of degradation
that have not been trained, which is addressed in this research to improve
this challenge. In this work, pairs of high-quality and low-quality images are
used to train the image degradation detection model; This information is
then transferred to real images. The naturalness of the output images is one
of the most important challenges in this field. The obtained results show
that the criterion of perceptual similarity of the obtained image is equal to
38.4%, which is comparable to recent researches. As a result, using the
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Highlights

e Improving super-resolution in face images by modeling image degradation using pairs of high-quality and low-
quality images

e Improving image quality for identification and authentication in security and surveillance systems.

e  Using SynNet and DegNet networks, the image damage detection model was improved and the image details were
preserved.

Citation: A. Dolatkhah, “Improving Super-Resolution in Face Images by Modeling Image Degradation Using Pairs of
High-Quality and Low-Quality Images,” Journal of Southern Communication Engineering, vol. 14, no. 54, pp. 69—82,
2025, doi:10.30495/jce.2025.1993480.1329, [in Persian].



https://doi.org/10.30495/jce.2025.1993480.1329
https://doi.org/10.30495/jce.2025.1993480.1329
https://doi.org/10.30495/jce.2025.1993480.1329
https://doi.org/10.30495/jce.2025.1993480.1329
https://doi.org/10.30495/jce.2025.1993480.1329
https://doi.org/10.30495/jce.2025.1993480.1329
https://orcid.org/0009-0003-1164-0994

olgz> g dexll. aliws 4y 0,02 pglal jo (6 pdy SCSE! 3 Sgups 4

03l b pgaad’ (il 5 (5Ludito dlowgds 0 02 ol )3 (6 0y SUSE1 )8 390
CordeS o 9 CondsS' U a9lad 9 3!

Folgs clgs soxl

100S ol egle alRuN bLi,) g CleMbl (5,5l 59,5
.. . R . e . P o) % ool
W‘ GLQ o )2 2R )‘)}| 5 GLNL-MJ T Ry M A Ict.ahmadg;égmail.com

Eoman ogd 3l oolaiwl b ojg el g 0dgs 05y ol glils il g
Ll ol o ol o F B o ) gl oS g o
2O 0% IR S TP D 032 R D R T OFET | Lyl g SleYbl 55l 09,5 sl g cgs seal”
Peas G‘PWJMsoJ.e}ija;uu)}f;fubfab dJlas Ol el (RS pole 8IS
Ict.ahmad93@gmail.com

30 cowbio 0, 5les 4y orie 4 Cowl 0018 Sgupn 1) ool Wge Al (o
ledls ;o a5 CNN sloasiis ST .0 o0 polal (o pdy SCS&S1,3
)Lu.».) )Jﬁl..a) d.cjw L )L..) WLA .)JS.LQ.C 6‘;: ‘w| o 43|)‘ ).4.7‘
Ol vge a4 Alie ol o AT Wl ewliel o Sae wiloay s
s;:j.a.: tf‘)’ M JJ.A u,o)g.oT 6‘): )15 u)‘ )b w‘ AW 4..>L>)..
U"‘ B w00l solaswl C,‘.c.S@ 9 CLU.D.»S l: Lglb).:ya.: g,\.n.> )‘
797 rolal (99 (rb g oo o3lo JUT (A8ly o glai 4y Sl
olas ot Cawd O mls el dioy cpl 0 35290 Sl il (s pages
059 IYANE l;).:‘).: o..l.c] Cewd )99.@.: L;‘)Q‘ g,\.bla.w )L:.’.A as J.Q:ou.n
ool b azs )0 bl oo amnlie hB 3l slo ol 4 Cos oS

D g (65 sl pglal (golpiinn Joe

VELY Cpoga YA 1B 0 &9 ,U
S8 1,8 ¢ conolBs Wge aSLl 0 > pgeal S ol 8l (e lgunds YEOY (22958 V105,505 &)U

]5 L . VEY (25,8 YA s iy )6
G S0k (S ey

https://doi.org/10.30495/jce.2025.1993480.1329

doddo—)

Glopns )0 pglai CoaS (il wle li8lesen oo )0 0L ladije 5 )l Elecen slacussae ol Sl 5o
St wlgi 0 095 45 010 (6 i (55l 0,055 (sLiad 4 5L o)lged oS Gl 381 (nl ogdle 09l se (5510 9
slo Sl cdidi )0 Lol 009 ol yon JUozd (Sl FgalS dnugi b Jlzoms pg—al (A3l g b il L
gy (Ko Jlemmd pg—al 3l 0592 50 S8,y o5 wiws (63b) (Slwlbre (g5 g aladl> wiejls Sl
solyy ISel ol 45 4538 sams wiz 51 ocsle JUl 5 ialed ooty (g5Lu 0,055 Julis g Jlimms sl Spmrals
Sl 295 o)l (Ll jre (Slaslns L8, (gilwand L]y jo wilaislo ol 3 1) Slaslrs glaps )65l (55l
ple 5l glaslis o dagl 5 b a8 el 0as £9,5 laplandl) (mizean 5 (rmsdipe il psle raasie o |l
c Sl oad ganaiib (egias (onae SlaaSd (lyie Cou Sluale (Agm a3l ) )0 9 (ghas (Aee


https://doi.org/10.30495/jce.2025.1993480.1329
https://doi.org/10.30495/jce.2025.1993480.1329
https://orcid.org/0009-0003-1164-0994

Ve FA-AYNVF ¥ linne; [l 5ol o)l [ gz Jlo fmginr &l e swsiges dlxe

T, cali 5 (PSNR) V555 4y JUuSimw s gl sl lne 5l ool ol b ailgi oo oS 00 5 Skt ST slcs
5055 4 JUS s S 45 e Optl s il YU PSNR pyolie (lls oyl Jle coptS b sl s S5 (SSIM)
il AL (kS L) @ po gl b (6 a8 ey st 5 a8 slallas slls sl sl g5 ) il YU [l
sl g o S Ly st LYl (6 bl alisd saims ol ol il ) a4y o3 SSIM gl asls oS L sl
9k Iy S e CeaS L psai by ooy Sledlbl 5 g bl sla S 5l ook e polal &5 (cae (ol
5 oS dgete S8 )0 wiilgi oo 5 g oo ool pslial CodnST (b)) ln me Loyl Olsie 4 b jlre Gl S
3P 2l 97y (Bt Slo by, kS o prglal oS SRl (gl S 18 eolii il 5 90 pslal by iy
Snll) gl CubeS Sgne o) 2ol 5 Cnl ST il asile pgal 10 slethid g b ;51 Sl eslanl b o b,
G2 1) g gshaw a5l oo g Bd> (slaild Sl eslitul b w5 g pe o Slangs b aS 0)lge 5l (B 0 S
SLSESS 5l b magt o0 a2lge pgal 1 edzy SlaolS b oS Gloy deiil o g ed APEN) poal CodsS g ool
Sl 631 5l oolaiwl b aiiles o (o9, ol 45 09— oalazwl (SUper-resolution) (s pdy Sl 3 aile yg—al Go3ls
Sl oS sl et Sl e e @ it d5ue |y Ol 290 9 00,5 ALl gl 4 ) (s Sledbl ey
D9 oolaiwl gras oAl 5 Baas (5 S0l paolie 3l Wl s cdzey b ol >

5 oSl W0l os5 4 mas oS o lo goaxin LYo polial oS g ¢l g e—as slraSd ] ool
bl o Sz ge sl oS o 5 allas anlsny a5 555 e el el l ain a1 skl 1o sduz b S
Iy emas aSls (jlgi o w9250 (5 pgual sloosls (YL w4y az g b copl o ogdle iy Sguge g 00,5 ollil |,
CoisS 5 g 3, Shes @ i Wlgige ol al s gl 00 F g (2 (o disel slaedls L sloal oS S5 sl
GAN) " ol o (sloaSt aile Groe (o (st (s3sIyiS5 iy L oy 31 055 les sl 1o 5V
Sgetr 5 Vb S b jyslaat adgs sy Lol jsb 4y boaSs cyl o o 1, sl CoineS Sgads (lp1 (8 sty LIS
g go ool Bl yyslal CudsS

OISt 5 Qlide 5l ()l 4z 95 g 009 Som 990 Sl 23l Sla L ;o &5 ol Solos dlex Sl e 5 550L
Jlo 1 e VAT Jlow (500 @B8lg )3 sl 03503 Bslane 355 @] laojom 500 L 4z 9 (egiman (S92 (s0)9>
VAV Jlo 55 53,5 ke LeNet oS (oizman 5 CNN T iiglgls’ pme (54 3850 (saiged (pnlsl 45T Cenils
a5 (63,90 y0 Cdyinn 9 oS Lo a4 p 3l sl Jlo o Ll a7 dae ¢ gl RNN iS5l mae sl S 55
V] wlodgs Baos (6,50l Cou B, wald wd salys 53

SgroS Mos aS cwl ImageNet asle sulic sloosls degore yon] 35391 ¢ 5ros (6 5ok H5els 13 ptes 3lge dlos |
aisle g oo ke 0l (500l g pas loj ,0 4T bjgel OMSie g 0ged Bl y Jg8 BB o U1, g6l (sleesls
S0z (Sl (0 e 5ol (5 slo iy %00 By iy 1, Jas el S8 5 Bl e
as il Jos sl |, 428080 oS Slosslre (Sl Ly 4 5 Vsb Ly 0518 Slos a5 s S5l 5 5 GPU
IVASUINE OX SN v

St i 3 oSl 25 o 1B oolisid 550 o el 03,58 Bane (6050l 92l K gl e S
BiS (CoaBge 39l bl Sbo, Je (6,50 seaie) jo ol o bl go ool sLdl aseis Slles gl
53 503 0 l5e 6rlm 5 G ndSESE 18 s (03] oz DLl Al (g (5 p BT (e parAS
IV] sl go o 035051

5 Pooling oldee aliwg 0 5 Conl ool JuSCis gl ilS aliee sloas 5l as el Y S aiile CNN oSl G sl

4 b ou wdlel (gami 09 o o Jeaio SLlS 40 S5 4y 2,5 Cales s bl e 5T 5 oS0l Relue mlys

! Peak signal-to-noise ratio

2 Structural similarity index measure
3 Generative adversarial networks

4 Convolutional neural network



olgz> g dexll. alws 4y 0,02 polal [0 (6 pdy S8 3 Sgups \A

Sl Ly sile (ot 980N Lasgh (s 3950 dslone 250 @ Lasgd ool 3925 slla (e g 425 anylie ogllas
Sy B lagyyg ool Jolpe 095 o S 1,85 Sy al>po cpl plonil )b 52 40,5 o0 plowil Lagy 59 Dol Wy dla>
OolS ez (ilwaiatr Loy, 5l Hsbie (s 35— coe—) (See Clla o g e aS S pdyee Syp—o

V] 08 oo oolainl [0 glyil b « Adam ialS

— CAR

— TRUCK

— VAN
D D — BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN O rerep SOFTMAX
FEATURE LEARNING CLASSIFICATION

skl (sonais Gus L CNN oot IS il o) JSCs

Figure 1. General schematic of CNN network with the purpose of image classification
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Table 2. Simulation results of the proposed model
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Table 3. Quantitative comparison of the proposed model with recent research
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