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Abstract

This study investigates the results of the numerical analysis on effect of existing supported excavation on ultimate bearing capacity
(qur) of strip footing adjacent to supported excavation in sandy soil. The influence of distance (L) between the foundation and the
supported excavation was studied as well as the effect of the excavation depth (He). For this purpose, on a full-scale model, a series of
numerical calculations were carried out to determine how (L) and (He) affected the behavior of strip foundation. Based on finite element
approach, the computer software Plaxis 2D code was utilized. Non-linear hardening soil model, a sophisticated elastoplastic stress-
strain constitutive soil model, was used to characterize sandy soil. Based on Mindlin's beam theory, the strip footing and sheet pile wall
were identified as elastic beam components with significant flexural rigidity (EI) and axial stiffness (EA). The sheet pile was installed
at three different distances (L) away from the face of the strip foundation 1B, 1.5B and 2B, where B is the width of foundation. For
each distance, three different excavations (He) were used with dimensions 1B, 1.5B and 2B. The numerical outcomes show that the
ultimate bearing capacity (qur) of shallow foundation is decreased when distance between strip foundation and supported excavation is
decreased, and vice versa. Additionally, (qur) is reduced as the depth of excavation behind sheet pile wall is increased, and vice versa.

Keywords: Finite element methods, Supported excavation, Strip foundation, Sheet pile, Excavation depth

Ozet

Bu ¢aligmada, kumlu zeminde destekli bir kaziya bitigik olan bir serit temelin nihai tasima giictine (qui) mevcut destekli kazi
etkisinin sayisal olarak incelenmesi ve sonuglari aragtirilmistir. Serit temelin tasima giicii iizerinde, temel ile destekli kazi
arasindaki mesafenin (L) etkisi ile kaz1 derinliginin (He) etkisi incelenmistir. Bu amagla, tam 6lgekli bir model {izerinde, (L) ve
(He)'nin serit temelin davramisini nasil etkiledigini belirlemek i¢in bir takim sayisal hesaplamalar yapilmstir. Sayisal analizlerde
sonlu elemanlar yaklasimina dayali olarak ¢alisan bir bilgisayar yazilimi olan Plaxis 2D paket programi kullanilmigtir. Kumlu
zemini karakterize etmek i¢in dogrusal olmayan sertlesen zemin modeli (sofistike bir elastoplastik gerilme-gerinim yapict zemin

iizere ii¢ farkli mesafede (L) yerlestirilmis olup burada B temelin genisligini gostermektedir. Her mesafe i¢in 1B, 1.5B ve 2B
boyutlarinda ii¢ farkli kaz1 derinligi (He) kullanilmigtir. Sayisal sonuglar, serit temel ile desteklenen kazi arasindaki mesafe
azaldik¢a serit temelin nihai tasima kapasitesinin (qult) azaldigini ve arttikga da bunun tersinin olustugunu gostermektedir.
Ayrica, duvarin arkasindaki kazi derinligi arttik¢a tagima giictiniin (qur) azaldigi ve kazi derinligi azaldikga tagima giiciiniin
artt1g1 sonucuna da varilmgtir.

Anahtar kelimeler: Sonlu elemanlar metodu, Destekli kazi, Serit temel, Palplans, Kazi derinligi

1. Introduction

In constructing an excavation, controlling ground surface settlement near excavation area is an important duty. In a
number of instances, it is recommended that buildings in metropolitan areas have basement construction or subsurface
features like cut-and-cover tunnels excavated adjacent to them. The most dangerous constructions are those that are
supported by shallow foundations that do not extend below the excavation's effect zone. When new structure's
foundation excavation depth is larger than existing structure's foundation level, the excavation must be supported by
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a retaining structure while new building's foundation is being built. It is extremely important to prevent or reduce
damage to neighboring building by using different types of support structures [1]. The bearing capacity of strip
foundation near supported excavation is influenced by numerous factors, such as stiffness of excavation support
system, installation procedures of the system, soil conditions, distance of foundation from excavation, and size of the
foundation. Excavation-related limiting requirement depends on shear strength parameters of soil, methods of
excavation, building type, and type of ground support system [2]. Studying characteristics of shallow foundations
near deep-supported excavation is a complicated geotechnical issue. Changes occur as soil is excavated behind the
sheet pile wall or any retaining structures, such as state of stress in soil around the excavation and movement of soil,
and these changes affect also buildings or any structure near the excavation [3]. The assessment of ground movements
has attracted interest in several research due to significant impact that deep excavation has on ground movements on
nearby buildings or structures. These studies have mostly concentrated on predicting lateral movement related to
deep excavation and settlement of existing building foundations [4-11]. The work done by Peck [4] was expanded
by Clough [5] and they proposed analytical settlement envelopes. Oue et al., [6] gathered and examined field data
relating to wall displacement in connection with deep excavation, and characterized the obvious impact range for
estimating damage to surrounding structures. Yoo [8] gathered field data from more than 60 various excavation sites
on lateral wall movement for walls built in overlying rock soils and analyzed the data regarding walls and types of
support. Leung and Ng [11] gathered and analyzed field monitoring data from the execution of 14 multi-supported
deep excavations in various ground conditions on the lateral deflection of walls and settlement of ground surface.
Recently, numerical modelling analysis based upon the finite element methods (FEM) has become very popular in
the analysis and design of geotechnical structures such as tunnels, dams, slope stability, shallow and foundations [12-
16] . Many researchers have used FEM also to study the effects of deep excavation on the existing nearby structures
[17-21].

The purpose of this study is to investigate the effect of supported excavation on the bearing capacity of the adjacent
strip foundation in sandy soil. The FEM code, PLAXIS 2D, was selected as the numerical tool, the studied factors
were the distance (L) between the face of the shallow foundation and supported excavation and the depth of the
excavation (He). For this purpose, sheet pile was installed at three different distances (L) away from the face of
shallow foundation which is (1B, 1.5B and 2B), where B is the width of the foundation. For each distance, three
different excavation was used with dimensions (1B, 1.5B and 2B).

2. Materials and Numerical Modelling

The hardening soil model was employed in this study to simulate the soil's nonlinear behavior. One of the most
sophisticated soil models available, this constitutive model simulates many kinds of soil. Table 1 and 2 provides an
overview of the material properties of sandy soil, sheet pile wall, and strip footing obtained from Plaxis 2D material
model manual [22]. The strip footing and sheet pile wall were defined as elastic beam elements based on Mindlin’s
beam theory with important flexural rigidity (EI) and axial stiffness (EA). Since the full volume element method is
slow from the point of view of computation time, therefore Mindlin's Beam Theory Constitutive Model was used as
it reduces the computation time. Interface components are used to describe the interaction between sheet pile wall
and soil on both sides, allowing for the specification of reduced wall friction relative to soil friction. This study
investigates the bearing capacity of strip footing near supported excavation, the effect of distance (L) between strip
footing and supported excavation and depth of excavation behind supported excavation (He) will be studied. For this
purpose, a series of finite element analyses were done. Two-dimensional finite element method was used with 15-
node plane strain model using Plaxis 2D computer program. The numerical analysis programs with various
parameters are summarized in Figure 1. The impact of mesh dependency on the outcomes of the numerical analysis
was minimized by using a fine enough mesh. The typical produced mesh for full-scale geometry and boundary
conditions is shown in Figure 2. Model boundary conditions were assumed as follows; the vertical boundary is
vertically deformable and laterally fixed while bottom boundary was meant to be certainly fixed. For groundwater
conditions, it is assumed that water table is located deep below sand layer and therefore has no effect on the results
of the analysis.
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Table 1. Parameters of the sand used in FEM analysis [23]

Parameters Value
Drainage type Drained
Dry Unit Weight (yq) (KN/m?3) 17.0
ELS (Pret = 100 kPa) (KN/m?) 43000
ET (Pres = 100 kPa) (KN/m?) 129000
E'¢) (Prer = 100 kPa) (kN/m?2) 22000
Cohesion, (c) (KN/m?) 1.0
Friction angle, (¢) (°) 34.0
Dialatancy angle (y) (°) 4.0
Poisson’s ratio (vur) 0.20
Kpe 0.34
m, Power 0.50
Rinter 0.70

Table 2. Parameters of the sheet pile wall and strip footing [23]

Parameters Sheet pile Strip footing
Material type Elastic; Isotropic Elastic; Isotropic
Flexural rigidity (EA), KN/m 12 * 108 11.5* 106
Normal stiffness (EI), kKN m?/m 12 *104 2396 *102
Thickness (d), cm 35.0 50.0
Weight (w) KN/m/m 8.3 0
Poisson’s ratio 0.15 0
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Figure 1. Geometric parameters studied in numerical analysis
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Figure 2. Typical generated mesh for prototype geometry
3. Results and Discussion

After performing numerical analysis to investigate the effects of distance (L) between shallow foundation and
supported excavation by sheet pile wall. To this end, sheet pile was installed at three different distances (L) away
from the face of the shallow foundation with dimensions (1B, 1.5B and 2B). The sand behind sheet pile was excavated
with dimensions (1B, 1.5B and 2B) For each distance. This section discusses the findings from numerical analysis.
Ultimate bearing capacity of strip footing was determined by applying prescribed line displacement on the footing.
It is assumed that the strip footing reaches the settlement value of 25 mm and the required load corresponding to this
settlement value is calculated. The settlement values of 25 mm are considered ultimate bearing capacity loads [24].
After performing FEM analysis, the results were obtained as load-vertical displacement and load-lateral displacement
for shallow foundation and sheet pile wall, respectively. The typical deformation mesh of the soil, sheet pile wall
displacement, and foundation displacement are shown in figure 3. Figures 4 through 9 show the load-vertical
displacement curves of the foundation and load-lateral displacement sheet pile with different distances (L) and
different excavation depths (He).
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Figure 3. Deformed mesh (logarithmically scaled up 150 times)
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@
& 200
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Figure 4. Load-vertical displacement curves for strip footing by 1.0B away from the supported excavation with different
excavation depths (He)
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Load (KN/m/m)
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-20,0
-25,0
-30,0

Figure 5. Load-vertical displacement curves for strip footing by 1.5B away from the supported excavation with different
excavation depths (He)
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Figure 6. Load-vertical displacement curves for strip footing by 2.0B away from the supported excavation with different
excavation depths (He)
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Figure 7. Load-lateral displacement curves for sheet pile by 1.0B away from the strip footing with different excavation depths
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Figure 8. Load-lateral displacement curves for sheet pile by 1.5B away from the strip footing with different excavation depths

(He)
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Load (kN/m/m)
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&
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-12,0

Figure 9. Load-lateral displacement curves for sheet pile by 2.0B away from the strip footing with different excavation depths
(He)

The impact of existing supported excavation with different distances from strip footing and different excavation
depths behind supported excavation on bearing capacity of foundation is presented in Figure 10. It can be seen that
as the distance between strip footing and supported excavation increases, its bearing capacity increases, also, it is
decreased with increasing excavation depth behind supported excavation. The change in lateral displacement at top
of sheet pile with excavation depth/foundation width is shown in Figure 11. It is obvious the lateral displacement of
sheet pile increases with increasing excavation depth/foundation width with different distances from the foundation.
The variation of the maximum moment force of the sheet pile with different distances from the foundation and
different excavation depths is illustrated in Figure 12. It is evident that the maximum moment of the sheet pile is
observed when the supported excavation is 1.0B away from the foundation with an excavation depth equal to 2B.
When the distance between supported excavation and foundation increases the maximum moment of the sheet pile
decreases and vice versa.

280

——| =10B

260

240

220

200

180

160

140

120

Ultimate bearing capacity (KN/m/m)

100
09 11 1,3 15 1,7 19 21

Excavation depth/Foundation width (He/B)

Figure 10. Change in the ultimate bearing capacity of the strip footing with (He/B)
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Figure 11. Variation of lateral displacement of the sheet versus (He/B)
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Figure 12. Variation of maximum moment of the sheet pile versus (He/B)

4. Conclusion

In this study, Plaxis 2D FEM code was used to numerically examine the impact of existing supported excavation on

strip foundation's bearing capacity. The influence of different distances (L) between supported excavation and face

of foundation and different excavation depths (He) was examined. The following inferences can be made in light of

numerical analysis results:

e The ultimate bearing capacity of strip foundation nearby supported excavation is decreased as the distance
between supported excavation and foundation increases and the excavation depth as well.
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e The lateral displacement of sheet pile increases with decreasing distance (L) between supported excavation and
sheet pile. When the (L) equals foundation width (1.0B), the sheet pile is exposed to a considerable displacement
as excavation depth (He) increases, but When the (L) equals (2.0B) the increase of lateral displacement of sheet
pile is small with increasing excavation depth (He).

e The maximum moment in sheet pile wall is increasing with decreasing the distance (L) between supported
excavation and strip foundation and excavation depth behind sheet pile as well.
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Abstract

In this study, Ficus elastica leaves have been reinforced into an epoxy composite and some physical and chemical characterization of
the obtained composite is made. Ficus elastica leaves are ground between 297 and 149 microns. The biomass (Ficus elastica)
prepared as a filler material is kept in sodium hydroxide (% 7 NaOH) solution for 24 hours for alkali activation. It is then washed
three times with distilled water and dried in an oven at 75 °C for 3 hours. Composite production is carried out by reinforcing the
prepared filler to the epoxy resin in certain proportions by mass. The effect of the biomass filler added at the rate of 0 wt.%, 1 wt.%, 3
wt.%, 5 wt.%, and 7 wt.% on the density, Shore D hardness, thermal conductivity coefficient, and activation energy of the epoxy
composite is determined. According to the results obtained, the density of the epoxy composite decreases as the filler ratio in the
mixture increases. Shore D hardness of epoxy composite decreases with the addition of biomass filler. The epoxy composite
produced with biomass reinforcement reduces both the thermal conductivity coefficient and the activation energy. Besides, when the
chemical bond structure of the obtained polyester composite is analyzed by Fourier transform infrared spectrometer (FTIR), it is seen
that there is a physical interaction. According to scanning electron microscopy (SEM) images, 5 wt.% and 7 wt.% reinforcement of
Ficus elastica leaves negatively affects the surface morphology of the epoxy composite.

Keywords: Epoxy composite, Ficus elastica, Density, Shore D hardness, Thermal conductivity coefficient, Activation energy

Ozet

Bu calismada, Ficus elastika yapraklar takviye edilerek epoksi kompozit iiretilmekte ve elde edilen kompozitin bazi fiziksel ve
kimyasal 6zellikleri karakterize edilmektedir. Ficus elastika yapraklari 297 ile 149 mikron arasinda &giitiilmektedir. Dolgu maddesi
olarak hazirlanan biyokiitle (Ficus elastika) alkali aktivasyonu i¢in % 7'lik sodyum hidroksit (NaOH) ¢ozeltisinde 24 saat
bekletilmektedir. Daha sonra distile su ile 3 kez yikanmakta ve 75 °C sicaklikta etiivde 3 saat kurutulmaktadir. Kompozit tiretimi,
hazirlanan dolgu maddesinin epoksi regineye kiitlece belirli oranlarda takviye edilmesiyle gergeklestirilmektedir. Agirlik¢a % 0, % 1,
% 3, % 5 ve % 7 oranlarinda eklenen biyokiitle dolgu maddesinin yogunluk, Shore D sertlik, 1s1l iletkenlik katsayisi ve aktivasyon
enerjisi lizerine etkisi epoksi kompozitte belirlenmektedir. Elde edilen sonuglara gore karigimdaki dolgu orani arttikga epoksi
kompozitin yogunlugu azalmaktadir. Epoksi kompozitin Shore D sertligi, biyokiitle dolgu maddesi ilavesiyle azalmaktadir. Biyokiitle
takviyesi ile iiretilen epoksi kompozitin hem 1s1l iletkenlik katsayisin1 hem de aktivasyon enerjisini diigtirmektedir. Ayrica elde edilen
polyester kompozitin kimyasal bag yapisi Fourier doniisiimlii kiziltesi spektrometre (FTIR) ile incelendiginde fiziksel bir etkilesimin
gerceklestigi goriilmektedir. Taramali elektron mikroskobu (SEM) goriintiilerine gore, Ficus elastika yapraklarinin agirhkga % 5 ve
% 7 takviyesi, epoksi kompozitin ylizey morfolojisini olumsuz etkilemektedir.

Anahtar kelimeler: Epoksi kompozit, Ficus elastica, Yogunluk, Shore D sertlik, Isil iletkenlik katsayisi, Aktivasyon enerjisi

*Corresponding author
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1. Introduction

Today, the use of bioresources in the production of pure polymers and composites is becoming more and more common.
Especially environmentally friendly, economical, and some mechanical properties improved polymers are preferred. For
example, inorganic industrial wastes are used to increase thermal stability in the production of polymers such as
polyester and epoxy. After the boron factory components and wastes are ground very finely, they are reinforced in
polymers as filler. Thus, the density, hardness, and thermal stability of the polymer composite are increased.
Improvements are also observed in mechanical properties when used at optimum rates [1-4].

In the literature, inorganic fillers such as colemanite, ulexite, tincal, and borax are used as fillers to obtain polyester and
epoxy composites. To work at optimum ratios in the production of composites, such fillers are used in the range of 0
wt.% to 15 wt.%. The addition of 10 wt.% or more inorganic filler negatively affects both the surface morphology and
the pore structure of the produced composite. It also increases the coefficient of thermal conductivity, density, and Shore
D hardness. Therefore, optimum ratios (usually between 3 wt.% and 6 wt.%) of inorganic filler can be used in the
polymer composite [5-9].

Besides, clay, diatomite, pumice, perlite, micro-glass spheres, and nanoparticles are used in the production of
composites. To reduce the density of polyester and epoxy composites, low-density inorganic fillers are used. To improve
mechanical properties, fillers such as alumina, graphene, carbon nanotube, silicon carbide, and multi-walled carbon
nanotubes are preferred in polymer composites. Porous fillers such as pumice and perlite are used to increase the
porosity of the composite material [10-18].

There are also studies in the literature on the reuse of industrial polymer wastes in polymer composites. For example,
polymer wastes such as polyethylene terephthalate, tire rubber, cable, polyethylene, mask, and polyurethane can be used
in composite production. In this way, both economical composite production is realized and polymer wastes that cause
environmental pollution are eliminated [19-26].

Many composites are being improved, especially by reinforcing biomass wastes into polymers. Especially plants with a
fibrous structure are involved in the production of composites such as polyester and epoxy composite components.
Biomass wastes such as sunflower stalk, apricot stone shell, corncob, Cornus alba, and Asphodelus aestivus have been
reinforced into polymer composite [27-32]. The fibrous structure, elastic property, density, economy, workability, and
compatibility of biomass wastes are very important. The leaves of rubber trees can be given as an example of the
biomass wastes to be used in the study. Rubber trees, whose Latin name is Ficus elastica, are used as natural polymers in
many sectors. Ficus elastica is an ornamental plant originating from tropical Asia. The plant is morphologically shiny
and has a thick epicuticular vax layer on the green leaf surface [33-38].

The original direction of this research is the reinforcement of leaves of Ficus elastica as filler in the epoxy composite. In
this study, biomass is used as a filler to obtain economical, environmentally friendly, and low-density composite
materials. Epoxy composite with both low density and low thermal conductivity coefficient has been obtained. Biomass
reinforcement at optimum rates (3 wt.%) does not negatively affect the porosity and surface morphology of the
composite.

2. Materials and Methods
2.1. Materials

The epoxy resin components used in this study are supplied by Polisan Company. The leaves taken from the rubber
ornamental plant (Ficus elastica) are prepared for epoxy composite production. Sodium hydroxide (Merck NaOH)
is used for alkali activation. Figure 1 shows the dried leaves of Ficus elastica.
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Figure 1. Dried Ficus elastica leaves

2.2. Methods

Biomass is reinforced in Epoxy A as filler at 0 wt.%, 1 wt.%, 3 wt.%, 5 wt.%, and 7 wt.% ratios. Ficus elastica
leaves prepared in certain proportions are added to the resin, which is heated from room temperature to 55 °C. After
providing a homogeneous mixing at 750 rpm and 5 min, Epoxy B is added to the mixture, mixed for 2 min, and
cast into standard molds. After the curing process (24 hours) of the obtained epoxy composite is done, the
necessary physical and chemical tests are carried out. The properties of the composite are determined by FTIR,
SEM, density, Shore D hardness, thermal conductivity coefficient, and thermal stability tests [39-41]. Table 1
shows the amounts of components used in the epoxy composite production process. In Figure 2, the production
scheme for the biomass reinforced epoxy composite is briefly shown.

Table 1. Epoxy composite preparation plan

Epoxy A (g) | Epoxy B (g) | Filler (9)
6.6 34 0.0
6.5 34 0.1
6.3 34 0.3
6.1 34 0.5
5.9 34 0.7

Filler (Biomass)

Heating and Mixing Heating and Mixing Curing time: 24 hours

Figure 2. Biomass reinforced epoxy composite production scheme

14



Firat Univ Jour. of Exp. and Comp. Eng., 2(1), 12-22, 2023
A. Buran, M.E. Durgun, E. Aydogmus, H. Arslanoglu

3. Results and Discussions
3.1. Densities of the epoxy composites

Since the volume occupied by the obtained epoxy composites in standard molds is known, the matrix density is
calculated from the mass/volume ratio. As expressed in Figure 3, the density of the epoxy composite decreases with

biomass reinforcement. Biomass reinforcement reduces the density of the epoxy composite from 1134 kg/m?® to
1106 kg/m?3,

1135+
1130 +
1125+
1120 +

1115+

Density of epoxy composite (kg/m®)

1110+

0 1 2 3 4 5 6 7

Biomass ratio (wt.%)
Figure 3. Effect of biomass reinforcement on the density of epoxy composite
3.2. Shore D hardness of the composites

The variation of Shore D hardness values of biomass reinforced epoxy composite with filler ratio is expressed in
Figure 4. As seen in this figure, the biomass filler reinforced with epoxy reduces Shore D hardness of the
composites. While the hardness value measured in the pure epoxy polymer is 77.5 Shore D, the hardness of 7 wt.%
filler reinforced composite decreases to 75.6. Ficus elastica leaves can be said to reduce the hardness of the epoxy
composite and increase its workability.
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77.5 A

77.0

76.5

Shore D Hardness

76.0

0 1 2 3 4 5 6 7

Biomass ratio (wt.%)

Figure 4. Change of hardness of epoxy composite with reinforcement of Ficus elastica leaves
3.3. Thermal conductivity coefficient of the epoxy composites

It has been determined that the thermal conductivity coefficient of the epoxy composite obtained by reinforcing
Ficus elastica leaves decreases. In Figure 5, the thermal conductivity coefficient of the epoxy polymer is about
0.112 W/m-K, while it drops to 0.092 W/m-K with biomass supplementation.

K)

: 0.110

0.105

0.100

0.095

Thermal Conductivity Coefficient (W/m

0 1 2 3 4 5 6 7
Biomass ratio (wt.%)

Figure 5. Effect of Ficus elastica leaves reinforcement on thermal conductivity of epoxy composite
3.4. Activation energy of the epoxy composites
In this section, the thermal stability of epoxy composites has been evaluated by calculating their activation

energies. Weight loss of composites has been measured with temperature increase in an inert environment in a PID
(proportional integral derivative) controlled experiment system. Activation energy (Ea) values are calculated
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according to Coats-Redfern method. In this method, the highest correlation coefficients (R? > 0.9895) are found
with the three-dimensional diffusion equation. The activation energies (conversion rate («): 0.15-0.85) of biomass
reinforced epoxy composites are calculated from room temperature to 600 °C with a temperature rise rate of about
10 °C/min. Ficus elastica leaves are found to decrease the activation energy values of the epoxy composite.

In thermal decomposition experiments, physical impurities are removed from the samples in the range of about 25
°C to 150 °C. After a temperature of about 200 °C, the chemical decomposition region of the epoxy composite
begins. It refers to the region where chemical decomposition occurs rapidly in the temperature range of 300 °C to
400 °C. Chemical decomposition appears to slow down in the temperature range of 450 °C to 600 °C. Figure 6
shows the variation of the activation energy of the epoxy composite with the biomass reinforcement ratio [42,43].

185 H
180

175+

170

165 H

Activation Energy (kJ/mol)

160

Biomass ratio (wt.%)
Figure 6. Change of activation energy of epoxy composite with biomass reinforcement

3.4. FTIR spectra of the epoxy composite

In this research, Ficus elastica leaves are used as filler in the epoxy composite. According to FTIR spectra results,
there is no chemical bond between the biomass and the epoxy resin, but there is a physical interaction. When the
FTIR spectra in Figure 7 are examined, C=0 stretching vibrations of the ester groups are seen at a wavelength of
1715-1730 cm?, and a wavelength of 2850-3000 cm™ attributed to the aliphatic C-H stretching band. It indicates
the presence of the peak hydroxyl (OH) group seen at a wavelength of 3450 — 3550 cm™.
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Figure 7. FTIR spectra of biomass (3 wt.%) reinforced epoxy composite

3.5. SEM image of the epoxy composite

In Figure 8, SEM image of the composite is given when the leaves of Ficus elastica plant are reinforced into epoxy
resin at a rate of 1 wt.%. In Figure 9, it is seen that the high ratio of biomass reinforcement (7 wt.%) has a negative
effect on the surface morphology of the epoxy composite and creates an irregular pore structure.
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100 pm EHT = 15.00 kV Signal A = SE1
— WD = 7.5 mm Mag= 300X

Figure 8. SEM image of epoxy composite reinforced with leaves of Ficus elastica (1 wt.%)

100 pm EHT = 15.00 kV Signal A = SE1
— WD = 7.0 mm Mag= 300X

Figure 9. SEM image of epoxy composite reinforced with leaves of Ficus elastica (7 wt.%)

4. Conclusions

In this research, economical epoxy composites are produced from renewable resources by using biomass (Ficus
elastica leaves). Both environmentally friendly and low carbon footprint composites are being improved. In this
study, 0 wt.% 1 wt.%, 3 wt.%, 5 wt.%, and 7 wt.% biomass is reinforced into epoxy resin as filler. The thermal
conductivity coefficient, activation energy, density, Shore D hardness, surface morphology, and chemical bond
structure of the produced epoxy composites have been evaluated. According to the results obtained, biomass
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reinforcement reduces the density of the epoxy composite. It is seen that the thermal conductivity coefficient of the
composite decreases as the filler ratio increases in the epoxy resin. Since biomass reinforcement reduces the
activation energy of the epoxy composite, it also reduces its thermal stability. Also, biomass reinforcement reduces
Shore D hardness of the epoxy composite. The surface morphology and pore structure of the epoxy composite
obtained with the optimum rate (3 wt.%) biomass reinforcement are not negatively affected.
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Abstract

One of the most dangerous diseases in the world is a brain tumor. A brain tumor destroys healthy tissue in the brain and then
multiplies abnormally, causing increased internal pressure in the skull. This can lead to death if not diagnosed early. Magnetic
Resonance Imaging (MRI) is a diagnostic method that is frequently used in soft tissues and gives successful results. In this study,
a brain tumor was automatically detected from MR images. For feature extraction, a pre-trained Convolutional Neural Network
(CNN) model named MobilenetVV2 was used. Then, the ReliefF algorithm was used for feature selection. The features extracted
with MobileNetV2 and the features selected with the ReliefF algorithm are given separately to the classifiers and the system
performance is tested. As a result of experimental studies, it was seen that the highest performance was obtained with the
combination of MobileNetV2 feature extraction, ReliefF algorithm feature selection, and KNN classifier.

Keywords: Feature selection, ReliefF algorithm, MobileNetV2, brain tumor, Magnetic resonance imaging

Ozet

Diinyadaki en tehlikeli hastaliklardan biri beyin tiimoriidiir. Bir beyin tiimérii beyindeki sagliklt dokuyu yok eder ve daha sonra
anormal sekilde ¢ogalarak kafatasinda i¢ basincin artmasina neden olur. Bu erken teshis edilmezse dliime yol acabilir. Manyetik
Rezonans Goriintilleme (MRG) yumusak dokularda siklikla kullanilan ve basarili sonuglar veren bir tani ydntemidir. Bu
calismada, MR gériintiilerinden bir beyin tiimorii otomatik olarak tespit edildi. Oznitelik ¢cikarimi icin MobilenetV2 adli 6nceden
egitilmis bir Evrisimsel Sinir Ag1 modeli kullanilmigtir. Daha sonra 6znitelik se¢imi igin ReliefF algoritmast kullanilmistir.
MobileNetV?2 ile ¢ikarilan dznitelikler ve ReliefF algoritmasi ile segilen 6znitelikler ayr1 ayr1 simflandiricilara verilerek sistem
performansi test edilmistir. Deneysel ¢alismalar sonucu MobileNetV2 6znitelik ¢ikarimi, ReliefF algoritmasi 6znitelik segimi ve
KNN simiflandirict kombinasyonuyla en yiiksek basarimin elde edildigi goriilmiistiir.

Anahtar kelimeler: Oznitelik secimi, ReliefF algoritmasi, MobileNetV2, Beyin tiimorii, Manyetik rezonans goriintiileri
1. Introduction

The brain is one of the body's most intricate organs. A brain tumor is a clump of tissue that develops and multiplies
uncontrolled in the brain [1]. The American Society of Clinical Oncology estimates that between 85.0% and 90% of the
brain, cancers are malignancies of the central nervous system [2]. Despite being less frequent than other tumor forms in
the central nervous system, brain tumors in particular have a high death rate. Therefore, the efficacy of treatment and the
reduction of mortality from brain tumors depend greatly on early identification [3].

MRI is superior to other imaging methods like computed tomography (CT) and positron emission tomography in several
ways (PET). Magnetic resonance imaging (MRI) technologies offer researchers more detailed, increased contrast images
of the brain for the detection of brain malignancies. Additionally, MRI is a non-invasive method that is safe for the human
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body. Additionally, MRI technology is quick and takes less time to finish treatments. Consequently, MRI has emerged as
the method of choice in clinical practice for finding brain tumors [4].

The use of clinical information and qualified radiologists and other specialists is essential for the early diagnosis of brain
tumors. Decision-making processes for the detection of brain tumors might be time-consuming due to the shortage of
professionals in healthcare. Computer-aided systems powered by artificial intelligence can lessen professionals' workloads
and help them make decisions [4,5].

Traditional approaches could work well for one dataset but poorly for another since the right features must be extracted
for each data format. Convolution filters found in deep learning architectures eliminate the requirement for manual feature
extraction. Because of this, deep learning-based studies have excelled at several tasks involving the classification of
medical images [6-20]. A pre-trained CNN-based model was utilized by Lu et al. [21] to identify brain cancers in MRI
images. The MobileNetV2 model's deep features were extracted. The random vector functional-network approach had a
classification accuracy of 96.0%. The binary classification had a classification accuracy of over 95.0%. For brain MRI
classification, Talo et al. [22] used five pre-trained CNN networks, including AlexNet, VGG16, ResNet (18, 34, and 50)
models. ResNet50 had the best accuracy, 95.23%. A unique strategy for brain MRI categorization including various
processes was reported by Kumar and Mankame [23]. For segmentation, a combination fuzzy structure and a sine-cosine
algorithm were employed. The segmented images were then utilized to extract features using a statistical method and a
local binary model (LBP). In order to categorize data, a deep CNN model that was built from scratch was used. The
method's highest degree of accuracy was 96.23%.

To identify the two types of brain tumors that fall under the deep autoencoder model, low- and high-grade gliomas, Raja
and Siva [24] developed an architecture. First, a median filter was used to preprocess MR images. Second, segmentation
was accomplished using a Bayesian clustering approach. An end-to-end learning deep autoencoder model was used to
classify the MR image samples. The approach had a 98.5% accuracy rate. A unique CNN model was chosen by Devi and
Gomathi [25] for automatic brain tumor identification. For preprocessing, a canny edge detection technique was applied.
Then, MR sample saliency map representations were created. A CNN model with five convolutional layers was used for
the prediction procedure, yielding 91.0% accuracy. For the 3-class (glioma, meningioma, and pituitary tumor) brain MRI
classification, Alhassan and Zainon [26] suggested a deep CNN structure based on a hard swish-based ReL.U activation
function. The classification performance was enhanced by 3.5% accuracy thanks to the hard swish-based ReL.U activation
function, with the highest accuracy being 98.26%. For the classification of brain tumors, Kumar et al. [27] used a
ResNet50-based method that included the glioma, meningioma, and pituitary classifications. The accuracy results were
97.48% and 97.08%, respectively, with and without data augmentation. A unique method for classifying brain tumors into
three categories was devised by Kokkala et al. [128]. To identify glioma, meningioma, and pituitary samples, a deep dense
initial residual network was trained. The model had a 99.26% average accuracy. A unique strategy for 2-class brain MR
image categorization was put forth by Mesut et al. [29]. In this method, deep feature extraction was carried out using two
pre-trained CNN models, VGG16 and AlexNet. Moreover, all CNN models' convolutional layers were subjected to the
Hypercolumn method. As a result, the deep feature set now includes local discriminative features. Out of the 2000 features
collected, 200 features with good representativeness were chosen using the recursive feature elimination (RFE) algorithm.
The SVM classifier's greatest accuracy was 96.77%. A strategy based on deep feature extraction was put out by Kang et
al. [30] for the classification of 4-class brain MRI images. Popular pre-trained CNN models like ResNet, DenseNet-169,
VGGNEet, AlexNet, Inceptionv3, ResNeXt, ShuffleNet, MobileNet\/2, and MnasNet were used to extract deep features.
In order to achieve the best feature performance, DenseNet-169, ShuffleNet, and MnasNet models were combined. Several
classifier techniques, including Adaboost, Gaussian Naive Bayes, K-Nearest Neighbor (KNN), Random Forest, and
Support Vector Machine (SVM), were utilized in the classification phase. The SVM classifier produced the best
classification results. 93.72% accuracy was the highest. A novel method for tumor detection and tumor classification from
brain MR images was developed by Ar et al. [31]. First, a Gaussian filter is used to preprocess MR images of the brain.
Then, using the proper threshold and morphological operations, malignancies were found. Different combinations of deep
features were recovered from the fc6 and fc7 layers of the AlexNet and VGG16 models. In the classification phase, ELM
was utilized. On three datasets, the proposed method's effectiveness was evaluated.
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2. Preliminaries

Classifiers

The Linear discriminant (LD) method is frequently used in both classification and feature reduction. LD assumes that each
class produces different Gaussian distributions. LD then finds the best decomposition by considering the maximum
variance between classes [32]. SVM is a commonly used supervised machine learning method. The main idea behind
SVM is Vapnik's statistical learning theory. SVM projects the input data into higher dimensional space and builds the
hyperplane to separate classes in the projected space. Basically, SVM solves linear problems. For solving nonlinear
problems, SVM uses nonlinear kernel functions such as Gaussian, sigmoid, and polynomial [33]. KNN is a fundamental
and widely used supervised machine learning technique. KNN uses local knowledge of the predicted input data, so it is a
feasible and adaptive method. KNN solves the problem by considering the input data point neighbor relations. KNN uses
distance metrics such as Euclidean, Minkowski, Manhattan, Manhattan, Cosine, Hamming, etc. to detect the neighborhood
relationship. The k closest instances are selected from the input data, then any class is assigned according to the majority
relations. The number of neighbors, k, should be an odd number to avoid ambiguity [34]. Decision Trees (DT) are a tree-
based algorithm used in classification and regression problems and are one of the most widely used predictive methods.
Each node in the tree represents a test on a feature. Node branches indicate the result of the test. Tree leaves contain the
class labels. Decision tree inference consists of tree construction and tree cleaning phases [35].

MobileNetV2

Sandler [36] has suggested MobileNetV2, a CNN architecture for mobile devices. The initial version, which was created
for face feature detection, was tested and trained using data from Google [37]. An inverted residual and a linear bottleneck
are used in the network structure that was created. It is intended for generic feature extraction as well as image
categorization. This network implements bottleneck operations, mean pooling, 3x3 and 1x1 convolution. Layers in
MobileNetV2 total 154. Compared to other popular CNN models, MobileNetV2 employs fewer parameters [38]. An
effective network design with rapid execution is MobileNetV2. Figure 1 displays the MobileNetV/2 convolutional blocks.

Add conv 1x1, Linear

f f

conv 1x1, Linear Dwise 3x3,

i stride=2, Relu6
Dwise 3x3, Relu6 T

Conv 1x1, Relu6

Conv 1x1, Relu6
1
< input >

( input
Stride=1 block Stride=2 block

Figure 1. MobileNetV2 convolutional blocks

Relief family of algorithm
Kira and Rendell developed the Relief algorithm in 1992, which is highly sensitive to feature interactions and uses a filter-

method approach to feature selection [39]. It was initially intended for use in discrete or numerical feature binary
classification issues. Each feature in Relief has a feature score, which may be used to rank and select the features with the
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highest scores. Further modeling can be guided by these scores, which can also serve as feature weights. Relief feature
scoring is built on the identification of feature value differences between nearest neighbor instance pairs. If a close instance
pair of the same class exhibits a variation in feature value, the feature score is reduced (a "hit"). As an alternative, the
feature score increases if a neighboring instance pair with a different class value exhibits a feature value difference (a
"miss™) [40].

3. Method

The framework of the proposed approach is given in Figure 2. In this study, a novel approach for automatic ophthalmologic
disease detection from MR images is proposed. In the first step, deep features are extracted from the pre-trained
MobileNetV2 ESA model. In the second step, discriminative features are selected using a multi-level algorithm with INCA
algorithms[41-43]. This algorithm improves the classification performance and reduces the computational cost of the
classifier. At the third level, the selected features are passed to the SVM classifier.

MR image

MobileNetV2

r
FeDaiz fes _{ \ | |
U S

~

Relieff [
Feature
Selection |

Figure 2. Proposed approach architecture

4. Experiments and discussion

On a dataset that is available to the public, the suggested approach was assessed. The collection included MR pictures of
both brain tumors and healthy individuals [44]. 155 cases of brain tumors and 98 cases of healthy tissue resulted in the
collection of 253 MR images. The MR pictures were stored in JPEG format with various resolutions and size settings. The
dataset examples are provided in Figure 3.
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Brain Iumor

Figure 3. Samples for each class on the datasets

The study's entire coding was carried out using Matlab software. The PC used in the study has 16 GB of main memory,
an Intel i5 processor, and a 4 GB video card. A fully connected layer of the MobileNetVV2 ESA model called "Logits" was
utilized for the extraction of deep features, and 1000 deep features were recovered from it. After that, the ReliefF feature
selection technique was applied to boost classification performance while lowering computing costs. The number of
nearest neighbors, a crucial parameter in this technique, was set at 10. Figure 4 provides a representation of the feature
weights computed using this technique.
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Figure 4. Feature weights calculated with the ReliefF algorithm

The weight values of these computed attributes were used to choose the first 300 attributes. The Matlab Classification
Learner tool received these features for classification. The evaluation method was 10-fold cross-validation. This procedure
was repeated twice, once before feature selection and once after. Table 1 provides the categorization accuracy results from
this technique.
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Table 1. Classification performance

Classifier All features Selected features (with ReliefF)
DT 0.88 0.91
LD 0.86 0.90
SVM 0.92 0.94
KNN 0.95 0.99

As shown in Table 1, the ReliefF feature selection algorithm improved the performance of all classifiers. The best
classification performance was obtained with the KNN algorithm (0.99).

The complexity matrices in Figure 5 are given to see the effect of feature selection on classification performance. As
demonstrated above, the ReliefF algorithm increased the number of predicted instances in both classes and as a result, the
accuracy was improved by 4%.

Accuracy: %95.2 Accuracy: %99.2
= =
= 94 4 = 96 2
1] 1]
— =] — &
= T -
T T
=L =L
S S
£ 8 147 < 1565
= =
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Figure 5. ReliefF impact of feature selection on performance

When the studies conducted with the same data are examined, Table 2 presents the general summary. Nanda et al.
[45] emphasized that they used a new hybrid saliency k-mean segmentation (Saliency-K-mean-SSO-RBNN) by
taking advantage of the social spider optimization (SSQO) algorithm in their study in the Radial Basis Neural Network
(RBNN). The salience map focuses on the relevant point in the target image. It was reported that 96%, 92%, and 94%
accuracy were obtained in the study, in which processes were tested with three different data sets. Demir and Akbulut
[46], used the convolution and fully connected layers of a new R-CNN model in the deep feature extraction phase.
Among the features obtained, the 100 most dominant features in terms of distinctiveness were selected with the
LINSR algorithm. The best performance in the classification phase was obtained with SVM using the Gaussian
kernel. In addition, in the study, the method was tested with another data set with four classes and 96.6% accuracy
was achieved. Alnabhan et al. [47] wanted to reduce the complex relationship of CNN parameters by using Egyptian
Vulture Optimization (EVO) technique in their study. They also tested their methods, which they tested with ANN
and deep learning-based classifiers, on another data set with four classes. Asif et al. [48], tested their proposed method
with two different data sets in their study. Preprocessed MR images were exported to Xception, NasNet Large,
DenseNet121, and InceptionResNetV2. They used ADAM, SGD, and RMSprop algorithms as optimizers when using
MR images for testing. They obtained 99.67% accuracy by using the Xception model with the data set having a larger
sample size.
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Table 2. Comparison of current studies with the same data set [43]

Reference Method Classification (Acc.%)
Nanda et al. (2023) Saliency-K-mean-SSO RBNN %92
Demir and Akbulut (2022) R-CNN, LINSR SVM %98.8
Alnabhan et al. (2022) CNN-based EVO model CNN 9%93.51
Asif et al. (2022) Xception, ADAM optimization Xception 9%91.94
Proposed Method MobileNetV2, ReliefF algorithm KNN %99

5. Conclusion

In this study, a deep learning-based hybrid technique for the classification of brain tumors is presented. In the study, deep
features were extracted with the pre-trained MobileNetV2 architecture. It is desired to reduce the computational cost and
processing load without transmitting the features to the KNN algorithm, which is a powerful classifier. The ReliefF
algorithm is used for the mentioned feature extraction step. In order to see the performance effect of the algorithm on the
designed model, the model in which all the features are added to the system and the situation after the feature selection is
given to the classifier separately. As a result of the comparison, it was concluded that the classification performed 2%
better, and ultimately a high accuracy of 99% was achieved. The mentioned success rate can be a helpful system for experts
since the treatment and diagnosis stage of brain tumors is considered to be of critical importance. In future studies, it is
planned to test CNN models trained from scratch on the same dataset to improve classification accuracy.
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An examination of synthetic images produced with DCGAN according to the size of data and
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Abstract

In recent years, the popular network of adversarial networks has increased in studies for computer vision. The lack of data used
in the studies and the lack of good training for the resulting model draw attention to techniques such as data enhancement and
synthetic data generation. In this article, synthetic data was produced using Generative Adversarial Networks (GANSs). The data
in the dataset used consists of 10000 faces from the CelebA dataset available online. The impact of the increase in the number
of data on fake images created by DCGAN, one of the GANS, is the main topic of the article. In the study, the data is divided
into two parts. In the first study, fake data were generated from 5000 data, and in the next study, fake data images were forged
using all of the data meaning 10000 data. The result was found that the number of data and the increase in epoch were accurately
proportional to the success of the fraudulent images created.

Keywords: Generative adversarial networks, Synthetic data, Generative model

Ozet

Son yillarda Bilgisayarla Gorii i¢in yapilan ¢alismalarda Cekismeli Aglar’in popiilerligi artmuistir. Yapilan caligmalarda
kullanilan verilerin yetersiz olusu ve bunun sonucunda olusturulan modelin iyi egitilememesi veri arttirma ve sentetik veri iretme
gibi tekniklere dikkat gekmektedir. Bu makalede yapilan ¢alismada Cekismeli Uretici Aglar (GANs) kullanilarak sentetik veri
tretimi yapilmistir. Kullanilan veri setindeki veriler ¢evrimigi olarak bulunan CelebA veri setinden alinan 10000 yiiz
goriintiistinden olusmaktadir. Veri sayisindaki artisin GANs ¢esitlerinden biri olan DCGAN tarafindan olusturulan sahte
goriintiiler {izerindeki etkisi makalenin ana konusudur. Yapilan ¢alismada veriler ikiye ayrilarak kullanilmistir. {lk yapilan
calismada 5000 veri, sonraki ¢alismada ise 10000 verinin tamami kullanilarak sahte yiiz goriintiileri olusmustur. Alinan sonugta
ise veri sayisinin ve epoch sayisinin artisinin olusturulan sahte goriintiilerin basarisiyla dogru orantili oldugu gorilmiistiir.

Anahtar kelimeler: Cekismeli iiretici aglar, Sentetik veri, Uretici model

1. Introduction

Machine learning has been one of the key areas that we have recently faced in solving problems. Most of the work
done in this field requires a large data size and with a large number of data, it is accurate to learn the model created
in machine learning. However, there has also been an increase in the direction of this area, especially due to the lack
of data sets and the difficulties in obtaining ethical board permits for the data used in the field of health. Researchers
have started to look for a variety of solutions. Offering multiple solutions to these issues. Data Augmentation, GAN,
and similar algorithms are examples of what can be given to these methods.

Generative Adversarial Networks, GANSs, are one of the best and most useful topics in the production of fake data,
first proposed by lan Goodfellow in recent years [1-2]. Although there are many computer programs used to generate
data, GANs stand out from the rest with their results and versatility. The GANs are used in many different areas, with
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many different types. StackGANSs [3], CycleGANSs [4], Age-cGANs [5], DCGANSs [6], InfoGAN [7], Laplacian GAN
[8] is just a few of them. To increase the number of data, as well as increase the resolution of the low-resolution
image, Ledig and his friends recommended the SR-GANs model [9]. In addition, Xiaodong and his friends
recommended the DualG-GAN model in 2022 for synthesizing from text to image [10].

In this article, DCGANSs were used to produce successful face images. This DCGAN model used is the most common
type of GANs model. This type of GAN is to look at the effect of the data increase on the quality of images produced
by GAN.

2. Materials and Methods
2.1. Dataset
The dataset used in the study consists of 10,000 faces acquired from the dataset, CelebA, shared online [11]. Facial

images are mixed as men and women in the dataset. Examples of facial images with glasses, hats, curls, straight hair,
different facial shapes, and facial expressions are shown in figure 1.

FJ&WE&Gw

Figure 1. Examples of actual face images in the dataset

Deep Convolutional Generative Adversarial Networks (DCGANSs)

GANSs are a machine learning technique consisting of two neural networks that are simultaneously trained [12]. The
first of these networks is the Generator network, which produces the fake data, and the other is the Discriminator
network, which is used to distinguish the generated fake image from the real image [13]. In general, if you look at
words one at a time, the word Generative represents the purpose of the model, to produce new data. The word
Adversarial represents a game between two neural networks. When the generator tries to produce the best fake image,
the Discriminator tries to distinguish the generated fake image from the actual images. This struggle between the two
neural networks is summarized as a game. The word Networks represents two neural networks, called the Generator
and Discriminator networks at the base of the model.
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Sekil 2. Generative Adversarial Networks (GANS) architecture

The GAN architecture is briefly represented as shown in figure 2. The generator receives the noise vector z first as
the network input and tries to produce an image. The generated G(z) dummy image is supplied as an input to the
Discriminator network with the Xy actual image. In this section, the role of the Discriminator network is to perform
a binary classification to distinguish the actual image (X4) from the fake image produced by the Generator network
(G(2)). The data are given as input, Generator mesh returns a numerical value close to 1 and accepts it as a real image.
The generator considers the data from the network as a fake image and returns a numeric value close to 0.

Proposed Method

The DCGAN model used in the article consists of two boundary networks that conflict with each other, as with other
GAN models. The generator network uses the Transposed convolution layer when trying to produce the fake image.
The Transposed convolution layer mentioned is the exact opposite of the standard convolution process, but the
process on the modified input map is the same. In addition, the Batch norm is used in the Generator network. In this
process, which is called Batch Normalization, simultaneous learning is done because layers on the network do not
have to wait for the previous layer to learn. This allows acceleration in the training. In general, ReLu and Tanh are
used as the activation function. ReLu, one of the activation functions used, functions in intermediate layers, while
Tanh functions in the last layer.

On the other hand, the second neural network, the Discriminator AG, tries to distinguish between the fake image
produced by the Generator network and the actual image. This network has a standard convolution layer, known as
the exact opposite of the Generator network. The activation function in the intermediate layer is LeakyRelLu, and the
function that functions in the last layer is the Sigmoid function. The real image of the fake image produced in the
GANSs is compared to the Loss function. The Loss function can be defined as what is being tried to optimize or
minimize. It is a mathematical function that takes the root of the square of the difference between the actual value of
an example and the prediction made and gives the error rate.

loss = maximizelog ( D(x)) + log(1 — D(G(z)) ) (D)

D(x) = Discriminator output of input
D(G(x)) = Discriminator output of fake image

In the training part of the model, the best result is to create fake images by selecting 30 epochs. To summarize the
operations carried out in the study:

Min max V(D, G) =[Ex - psaaes [10gD(X)]] + [Ex-peex [10g (1 - D(G(@)))]] )

Part (1) of the equation tries to maximize output, while part (2) tries to minimize output. x is the actual image sample,
and z is the noise given to the generating network to generate the image. The probability of a real picture being real
is 1. The probability of a fake picture being real is 0. The values of the discriminant network are at each iteration
during the training; It is updated to change the value it gives to the real image to 1 and the value it gives to the fake
image to 0. The producer network is trained to ensure that the fake images it produces are close to the truth, that is,
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it is evaluated as 1. The Generating Network also wants to reduce this error to 0 at each iteration. In this way, as the
training process progresses, the discriminating network becomes more successful in distinguishing between real and

fake images. The generative network produces more realistic fake images.

3. Experimental Results

Fake face images were created using DCGAN from face images from the CelebA dataset performed in the study.
The operation consists of two parts. In the first part, 5000 faces, half of our data set, were used. When the data was
trained during operation, work was carried out using different epoch numbers. The increase in Epoch has positively

impacted the success of false images (fig. 3, 4, 5, and 6).
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Figure 3. Fake face images produced with 5,000 data ~ Figure 4. Fake face images produced with 5,000 data
(10epoch) (20epoch)
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Figure 5. Fake face images produced with 5,000 data Figure 6. Fake face images produced with 5,000 data
(30epoch) (40epoch)
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In the second part of the study, all the data contained in the dataset, all 10000 data, are included in the study. Fake
images produced have become clearer with an increase in the number of data. This section has also tried different
epoch numbers, and the best result is when 40 epoch is selected (fig. 7, 8, 9, and 10).

Figure 7. Fake face images produced with 10000 data Figure 8. Fake face images produced with 10000 data
(10epoch) (20epoch)

Figure 9. Fake face images produced with 10000 data Figure 10. Fake face images produced with 10000 data
(30epoch) (40epoch)

4. Conclusion

As a result of the study, it was seen that the amount of increase in the number of data caused a significant change in
the clarity of the fake images. Likewise, the effect of the increase in the number of epochs on the result of the study
is noticeable. In future studies, significant changes can be made in the clarity of the fake images to be produced with
GAN, with a higher number of data and the addition of changes in the number of epochs. This study can be the basis
of many studies.
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Abstract

Recently, many studies have been carried out on the use of waste materials in bitumen modification. In this way, environmental
and economic benefits are obtained and a field of use is created for waste materials. In this study, magnesium lignosulfonate
(MLS), which is an organic waste material released during paper production from wood, was added to B50/70 bitumen.
Penetration, softening point, rolling thin film oven test (RTFOT) and rotational viscometer (RV) tests were performed on
modified binders. As a result of the experiments, it was determined that MLS increased the consistency, softening point and
short-term aging resistance of the asphalt and decreased the temperature sensitivity. In addition, the activation energy values
were determined using the Arrhenius equation and the flow properties were evaluated.

Keywords: Bitumen, Recycling, Organic additive, Lignin, Magnesium lignosulfonate

Ozet

Son zamanlarda atik malzemelerin bitiim modifikasyonunda kullanimi konusunda ¢ok sayida c¢alisma yapilmistir. Bu sayede
cevresel ve ekonomik faydalar elde edilmekte, atik malzemeler i¢in bir kullanim alani olusturulmaktadir. Bu ¢alismada, odundan
kagit tiretimi sirasinda agiga ¢ikan ve organik bir atik madde olan magnezyum lignosiilfonat B5S0/70 bitiime ilave edilmistir.
Magnezyum lignosiilfonat (MLS) ilave edilmis baglayicilar iizerinde penetrasyon, yumusama noktasi, donel ince film halinde
yaslandirma (RTFOT) ve doénel viskozimetre (RV) deneyleri uygulanmistir. Yapilan deneyler sonucunda MLS ilavesinin
bitimiin kivamini, yumusama noktasini1 ve kisa siireli yaglanma direncini arttirdigi, sicaklik hassasiyetini diistirdiigii tespit
edilmistir. Ayrica Arrhenius denklemi kullanilarak aktivasyon enerjisi degerleri belirlenmis, akis 6zellikleri degerlendirilmistir.

Anahtar kelimeler: Bitiim, Geri doniisiim, Organik Katki, Lignin, Magnezyum lignosiilfonat

1. Introduction

Highways constitute the majority of the world's transportation network, and highways are generally built as flexible
pavements. As it is known, flexible pavements generally consist of bituminous binder which obtained by refining
petroleum and aggregate. Since these two materials are non-renewable, their overuse creates both economic and
environmental consequences. Therefore, it is important to improve the properties of the materials used in the mixture and
to reuse them with recycling approaches [1-6]. The most common method used to improve the properties of bituminous
binders is the modification. With this method, various additives are added to the binder to improve its properties. The high
quality bitumen obtained will make the pavement stronger against heavy and repetitive traffic loads, environmental effects,
temperature differences [7-10]. A wide variety of additives can be used to modify the bitumen. The most commonly used
additives are polymers such as Styrene butadiene styrene (SBS), Styrene isoprene SIS, Ethylene vinyl acetate (EVA) etc
[11]. Studies have shown that these polymers, which are grouped as thermoplastic elastomer and plastomer, give very
good results on bitumen performance [12-17]. However, the researchers focused on using waste materials in bitumen
modification due to the difficulty of obtaining and expensive additive materials.

*Corresponding author
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Industrial by-products emerge as a result of various productions, and these waste materials have negative effects on our
environment. These materials, which cause a wide variety of pollution such as soil, water and air pollution, need to be used
in various processes or recycled [18-20]. Recently, there have been many studies on the use of waste materials as a
modifier for bitumen or hot mix asphalt (HMA) [4, 21-24]. In the study carried out by Shafabakhsh et al. for the use of
waste rubber powders in HMA, the resistance to rutting was measured with a dynamic shear rheometer (DSR). In the
results obtained, it was determined that the rubber powders added at the rate of 10% of the bitumen weight increase the
resistance against rutting on the bitumen and increase the service life of the pavement [25]. Yan et al. inspected the
rheological features of asphalt using waste tire rubber and ethylene vinyl acetate, one of the most widely used waste
modifiers, and concluded that its high temperature performance was improved [26]. In addition, organic wastes are also
used in bitumen modification and very successful results are obtained. Bostancioglu investigated the usability of activated
carbon obtained from hazelnut shell wastes and furan resin obtained from vegetable wastes in bitumen modification. Both
modified mixtures were noted to provide resistance to rutting and fatigue strength. It has also been stated that furan resin
is a more resistant additive to moisture resistance compared to activated carbon [27, 28]. In another study, Yu et al. used
waste packaging polyethylene (WPE) and organic montmorillonite (OMT) in asphalt modification and investigated the
storage stability and rheological properties. WPE increased the rheological properties and permanent deformation
resistance of the binder at high temperatures, while the combined use of WPE and OMT formed an exfoliated structure
and increased the storage stability due to the high activity and adsorption properties of this structure [29].

Lignin is an organic molecule found in the structure of the cell wall together with cellulose and gives the plant its woody
structure. Lignin, which is found in many trees and plants, enables the plant to stand upright and to transmit water to the
higher leaves and branches by repelling water molecules. However, lignin is mostly encountered as a waste material in
papermaking and is thrown into the environment as magnesium lignosulfonate as a result of the kraft method. Magnesium
lignosulfonate (MLS) is an organic waste that is a dark liquid. However, lignin can provide various benefits when utilised
in various applications. A major benefit is that it can absorb UV rays due to the benzene ring it contains. In addition, it can
be used as a dispersion element for rubber materials due to its hydrophobic structure (benzene ring and carbon chain) [30—
32].

In this study, magnesium lignosulfonate (MLS) obtained from lignin, which is a paper production waste, was used as a
bitumen additive. In this context, it has been modified by adding 2, 4, 6 and 8% MLS to the bitumen. Then, conventional
binder tests were applied and flow properties were determined by rotational viscometer test (RV). Flow characterization
was supported by the activation energy value obtained by the Arrhenius equation.

2. Materials and Method

In the study, bitumen with a penetration grade of B50/70 supplied from Tiipras Izmit Refinery and magnesium
lignosulphate, a waste material from paper production, were used as additives. The physical properties of the bitumen used
are given in Table 1.

Table 1. Properties of bitumen

Test Standard Value
Penetration (100g, 25°C, 5sn), dmm ASTM D5 57
Softening point, °C ASTM D36 50

Ductility (25°C, 5cm/min),cm ASTM D113 100+
Flash point, °C ASTM 92 248

Specific Gravity, (25°C), g/cm® ASTM D70 1,022
Fraass Breaking Point, °C 1P80 -10
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Modified binders were obtained by adding 2%, 4%, 6% and 8% MLS to the pure binder, mixing at a mixing temperature
of 155 °C and a speed of 1000 rpm. Penetration, softening point and rotational viscometer (RV) tests were carried out to
determine the physical and rheological properties of modified asphalt binders. The viscosity values of the samples were
obtained at 105°C, 135°C, 165°C, and 180°C using a Brookfield DV2T rotary viscometer device. RV test device was
shown in Figure 1. Subsequently, to simulate short-term aging of pure and modified bitumens, Rolling Thin Film Oven
Test (RTFOT) was performed. RV test was applied to RTFOT aged samples to determine flow characteristics of aged
bitumens.

Figure 1. Rotational Viscometer (RV) test device

The resistance of the binder’s molecules towards flow decreases with temperature increase, and molecules begin to move.
In flowing liquids, the molecules that slide on each other must defeat the intermolecular forces that resist movement. This
resistance power is called activation energy (Ez), and this value must be exceeded for the flow to begin [33, 34]. A large
Ea value indicates that the viscosity of the bitumen is more sensitive to temperature [11]. This relationship is explained by
the Arrhenius equation, and many successful studies have been carried out so far [35-37]. The Arrhenius equation was
given in Equation 1.

Ea

I = A X err @

Here, 1] is the viscosity of the binder (Pa.s), A is the regression coefficient, E, is the activation energy (kJ/mol), T is the
temperature of the test, and R is the universal constant of gas (8.314 J. mol. 2.K™%).
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3. Results

3.1. Penetration test results
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Figure 2. Penetration test results

Penetration test results of pure and 2, 4, 6 and 8% MLS modified bitumen was given in Figure 2. A regular decrease was
observed in the penetration values up to the 6% additive addition, and the penetration value increased at the 8% additive
addition. In general, it is seen that the penetration values of all samples increased compared to the pure binder. According
to these results, it can be said that the additive hardens the bitumen. Using this bitumen will perform better at high
temperatures and will provide higher strength than pure bitumen.

3.2. Softening point test results
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Figure 3. Softening point test results

The results of the softening point test applied to pure and modified binders are given in Figure 3. When Figure 3 is
examined, a regular increase was observed until the addition of 6% additive, then this value decreased in the binder with
8% additive added. The results confirm the penetration test results. According to these results, it can be said that the additive
material hardens the bitumen and starts to melt at higher temperatures.
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3.3. Rotational Viscometer (RV) Test results

RV test results which performed on non-aged and RTFOT-aged samples was given in Figures 4 and 5. According to Figure
4 and Figure 5, the viscosity values of the binders decreased with the increase in temperature. As the temperature increased,
the molecular mobility increased, the resistance to flow decreased. However, this decrease was limited by the increase in
the contribution rate. In other words, the addition of MLS provided higher viscosity values than the pure binder at the same
temperature. Viscosity values after RTFOT were higher than non-aged samples. With the volatilization of the light
components in the bitumen, the heavy components increased proportionally, which increased the viscosity. At the same
time, it is pleasing that the viscosity values are higher than the pure binder with the increase in the additive ratio. The higher
the viscosity value, the higher the rutting resistance.

Viscosity (cP)
=
8

10

Pure 2% 4% 6% 8%
#105°C #135°C #165°C #180°C

Figure 4. Rotational viscometer test results of non-aged pure and MLS modified binders
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Figure 5. Rotational viscometer test results of RTFOT-aged pure and MLS modified binders

The activation energy (Ea) results which obtained by applying the Arrhenius equation to the viscosity values was given in
Table 2. To see more clearly the effect of the additive ratio and the aging process Figure 6 was plotted.
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Table 2. Activation energy values of non-aged and RTFOT aged bitumens

Pure 2% 4% 6% 8%
Non-aged Ea (kJ/mol) 68.681 68.224 67.738 67.699 69.399
R? 0.9414 0.9452 0.904 0.9272 0.8914
RTFOT- |Ea(kJ/mol) 76.203 72.24 71.21 70.451  70.388
aged R? 0.9609 0.9989 0.9894 0.9721 0.9829
) 8 76,203
< 76 A
wl
§ 74 \..72,24 o
S 72 A - = 70,451 70,388
uﬁ § 20 ""--—.A ........ A
s g. A — A -
2 68 | & T — Ak — A — — A 69,399
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5 66 67,738 67,699
< 64
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Figure 6. Activation energy (Ea) values of pure and modified binders

Activation energy is a threshold value that bitumen molecules must exceed in order to start moving [11]. Activation energy
is an important parameter since the material needs to be liquefied for flexible pavement construction. An increase in this
value means an increase in energy consumption. When Table 2 and Figure 6 are examined, the activation energy (Ea)
value decreased with the increase in the additive ratio. It can be said that the decrease in Ea facilitated the occurrence of
viscous flow. According to the traditional test results, it is seen that the material has hardened, but it has become easier for
the material to take action for the flow phenomenon. Thanks to the activation energy analysis, in-depth evaluations can be
made. It is seen that the Ea values after the RTFOT test increased compared to the unaged samples. The aging of the
material adversely affected the flow character and increased the amount of energy required for flowing. However, it is
pleasing that the Ea value decreases regularly with the use of additive. In general, it can be said that the material has become
resistant to aging, in other words, it has not lost its flow properties despite aging.

4. Conclusion

In this study, the usability of magnesium lignosulfonate (MLS), a waste material released during paper production, in
bitumen modification was investigated. For this purpose, 2%, 4%, 6% and 8% MLS were added to the pure bitumen and
the effects were investigated. The results are given below in items:

- When the penetration test results were examined, it was observed that the penetration values of bitumen decreased
with the increase in the additive ratio. This shows that the addition of MLS increases the consistency of the
bitumen and increases its strength.

- According to the result of the softening point test, with the addition of MLS, the temperature value at which the
bitumen starts to lose its properties, in other words, at which it starts to melt, has increased.

- RV results showed that the viscosity values of bitumen decreased with the increase in temperature values, but
higher viscosity values were obtained compared to pure bitumen at the same temperature values with the use of
MLS.
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According to the RV test performed on RTFOT-aged samples, the addition of MLS made the bitumen resistant
to aging.

Viscosity results are analyzed in depth with the Arrhenius equation. Activation energy values were obtained with
the Arrhenius equation, and it was observed that the use of MLS caused a decrease in the activation energy values.
A decrease in the activation energy means a decrease in the energy required for the bitumen to start flow.

In general, a usage area has been obtained for this waste material, which is released as a result of paper production. In this
way, not only economic and environmental benefits are provided, but also the properties of the bituminous binder are
improved.
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