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Figure 1: Several examples of Neural Style Transfer: the water and tiger images are the
style images, and the fox images are the content images. The results of executing a Neu-
ral Style Transfer method [20] are shown in this figure, where the style of the water and
tiger images has been applied to the fox images. (Copyright of fox images belongs to Majid
Momeni Moghaddam, faculty member of the Biology Department at Hakim Sabzevari Uni-
versity.) Additional sample images can be viewed at https://github.com/mamintoosi/

MMM-Artistic-photoes.
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Figure 2: A schematic view of the Laplacian of Gaussian (LoG) filter response at dif-
ferent scales and the resulting hierarchical structure. (Image adapted from: https:

//www.wikiwand.com/en/articles/Pyramid_(image_processing).
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Figure 3: Wavelet decomposition of signals and style combination in one dimension: (a)

content signal, (b) style signal with its approximation and detail components, (c) final com-

bination of the content signal and the sawtooth style extracted from the style signal.
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Table 1: Comparison of classical machine learning and deep learning.
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Figure 4: Architecture of the VGG16 model [23] with over 130 million parameters (weights).

The network input is an image and the output is the class label corresponding to the input

image. (Image adapted from Figure 1 in [3]).
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Figure 5: A sample of the response of different filters in Convolutional Neural Networks to
an input image. In early layers, simple features such as edges are revealed; while deeper

layers are sensitive to more complex combinations and high-level concepts [25].
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Figure 6: Illustration of the VGG19 model architecture; reproduced from [29, Figure 8].
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Figure 7: Converting a three-dimensional feature tensor (C' x H x W) to a two-dimensional

matrix C' x M. Each row shows the response of one filter at all spatial locations.
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Figure 8: Formation of the Gram matrix from feature maps: the product of matrix F' with

its transpose yields the statistical relationships between filters.
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Figure 9: Visualization of Convolutional Neural Network filters at different levels (repro-
duced from [28, Figure 2]). The correlation between filters responding to various features—
for example, texture, color, or shape—can indicate more composite structures (such as animal

skins or decorative patterns).
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Figure 10: Schematic view of the texture analysis and generation method from [10]. On
the left, the input texture is passed through the network and Gram matrices are computed
at different levels; on the right, the initial noise image is optimized via gradient descent to

reproduce the same Gram matrices, transforming the noise into a texture similar to the input

image.

G5 53 0L8en 5 3 5 s e Lokt 55 S (5Ll S ST (gl 1S o 5le b L a5 o
by S S 58 S 255 0 sl bl s T gl o 1 0lcee iols 0LE3 [A] 555 sumy

http://dx.doi.org/10.22108/msci.2026.147524.1771 \5


http://dx.doi.org/10.22108/msci.2026.147524.1771

SEx YY=\ — b)\«:l ﬂ(\f"x) X gwl?j ‘5.0\‘4‘_) A:VJ...“..J (s &‘...,4 dLﬂ:J‘

s S Jisl b cdl ad g 5l .0

S lson Ol 655 st ol g flm 0S| ‘(‘;wﬁlﬁ 53 g )bl e e Sy ) e
&> ad h,ma [A] 0l en 5 o3l L s Yo ) 7 Jlu 53 6 oty S 95 8 S5 Ko (65 SC b 1) g
sy L 055505 wls i35l e &> P ol 2 s Shrmaas SLSD 5 oL lede oLl 51 ol
5 o sl Lis 13l snysly | slate Gas s Olies B Xsdion oy plfione Spgoty 3l 5l JunSiy
e s aSis SB3L

st S sl W) p s slgme g o518 sl @ (8 B e S JUiS! 28 ol e
4 ey OB5L 1 ((Salsse CJL LSS0y Al b) 0 s S (o3 g 31 5 S Lais |y (0Ll o L
ol Sl S sLab 5 skl (sla Sy sl rouldd 5 oln B3l (o5 2l 2y el

g o L iy 93 055 iS5 Dot (IS 05 B

(\ Y) »Ctotal(pa a, 37) =« ﬁcontent(py z, lc) + Z wy Estyle(aa xz, l)
lel

:OT)J 4§
EJJ‘&.‘M» 6\.%4.:“\) (48 3o0 ﬁj \)Z:m 64.33] l. o
A&S@M‘)&:;j\}mjétu‘xnﬁjawjﬁ °
ufcmgrbjﬂ» 9 Ggad ki 5L L) le Dol Sl bz g5luang gdivn o5 20 ol (gosel o s 5
LS o 518 (S 0b3) 5 Ugims oLy 23w 55 Ll (o S
toslins (VGG-19 55 convd 2 Uea) o 5| o gV 5l |l s Sy e SUS 51 | g (05
\ i
(') Leonent(p,z,1) = ¢ > (Fij = P)’
.3
ol olen sl S oL s [ saY s plsima gt sl Sis P 5 b s b Sis F il
i Gore b i s s gdoe L ya 0l S

(\Y) Lgtyte(a, z,1) NYMY Z

skl e O3l 83y 5 s ol Sl T 54 53 S0 bl slass My = HW; 5 bk slass N, ol s S
bS5 eSOl Lo 53 g gm0l ol e 51wt o 1y S g 5 ad g 55 L Sy (s
3315 3 5 l—“&\w‘;d}‘ﬁr‘“ & S ok S I s ol
735 73 Oled (el i ‘r"ﬁuﬂ‘ o2l 53 s e Ol 1y e S Jlas] r"wjﬂ‘ SSesrle V) IS8
S SIS T (3955 e (Sl JunSly Jhie g5 5 55d 0 4nils K5 2ol ONN (&8s s slagsy 6 oanl
DL o 5 355050 SUT (s 325 b Ve 2 5o) sl (509 b Vsama a2y 355 S IS )5 6 S 8 o
33 Sion dmlonn Sy 0 e 05 &0
oLt

aEtotal 8 Econtent style
(10) e BZ

\Y http://dx.doi.org/10.22108/msci.2026.147524.1771


http://dx.doi.org/10.22108/msci.2026.147524.1771

YYo) o nled ((VFoX) X cmals 5 25l ) 4,85 o sbismel 3500

, 2
Ey = Z (GL - 4L) Ctota.l - aﬁcontent + /Bﬁstyle

FFJ,‘

: .2=
dE;,
E !
GFL- 1£ T rnnfrnf - IJ

FLfl

I

Gradient
descent

G530 gl al Gl 5la 51 (S 5 (lsone S 4] S Jlal SN Sled Y IS
55k Olesen 1y (S5s § 55 90 4 35800 €l IS SLsl S (g3letg Gab 5l waz (29 g 5
S

Figure 11: Schematic of the Neural Style Transfer algorithm [9]: content and style features
are extracted from separate images, and then a new image is constructed through gradient

optimization to simultaneously reproduce both types of features.
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Figure 12: A part of [12, Figure 4]. Visual comparison is the primary method of comparison

among different Neural Style Transfer methods in the literature.
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