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MULTI-CRITERIA OPTIMIZATION OF GAS TURBINE BLADE
MATERIALS BASED ON LIFE CYCLE ASSESSMENT: INTEGRATING
ECONOMIC, ENVIRONMENTAL, AND PERFORMANCE METRICS

Material selection for first-stage gas turbine blades has historically prioritized high-temperature mechanical
performance and first cost, while underrepresenting life-cycle environmental burdens, end-of-life (EOL) value,
and time-dependent degradation effects that accumulate over decades of operation. This creates systematic biases
in design decisions under carbon pricing and circular-economy policies. This study develops an integrated multi-
criteria decision framework to identify Pareto-optimal turbine-blade materials by jointly minimizing life-cycle
cost (LCC) and global warming potential (GWP), while maximizing operational efficiency and power density
under realistic degradation trajectories. We formulate a cradle-to-grave life cycle assessment (LCA) and net-
present-value (NPV) life cycle cost model with an explicit coupling to degradation-driven efficiency decay. The
operational efficiency is modeled as depend on temperature, stress, and material-specific kinetics. Environmental
impacts follow ISO 14040/14044 and account for production, operation, and EOL recycling credits. The multi-
objective problem is solved using NSGA-III with feasibility constraints on stress, temperature margin, creep
rate, and oxidation kinetics. For a representative 400 MW combined-cycle-class turbine (7000 h/yr, 25 yr design
life), operational fuel-related impacts dominated both LCC and GWP across candidates (typically 65-78% of
discounted LCC). Incorporating degradation increased discounted operational costs by 15—23% compared with
static-efficiency assumptions, altering rankings and expanding the Pareto set. High-recyclability options (Inconel
718, Ti-6A1-4V) achieved an 8—12% reduction in total GWP versus low-recyclability single-crystal alternatives
under equivalent boundary conditions, while premium single-crystal CMSX-4 became favorable only in high-
temperature, baseload-dominant scenarios where 2—3% efficiency gains amortize over lifetime. Coupling LCC—
LCA with degradation is necessary for robust material selection under carbon pricing and circular-economy
constraints. The proposed framework produces stakeholder-specific Pareto-optimal recommendations and is
extensible to other high-temperature energy systems.

Keywords: Life cycle assessment, Multi-criteria optimization, Turbine blade materials, Pareto optimiza-
tion, Circular economy

Formulation of the problem. Gas turbines
remain a critical technology for electricity systems
due to their high-power density, dispatchability, and
compatibility with combined-cycle configurations.
At the same time, the sector operates under intensify-
ing constraints: higher turbine inlet temperatures are
pursued to improve thermal efficiency, while carbon
pricing and sustainability policies require quantifia-
ble reductions of life-cycle greenhouse gas (GHG)
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emissions. In this context, the first-stage blade is
an archetypal “extreme” component: it experiences
high centrifugal stresses, aggressive oxidation/corro-
sion environments, and thermal gradients, all while
directly influencing aerodynamic performance and
thus fuel consumption over decades.

Conventional blade-material selection is typically
framed as a materials-science optimization problem:
maximize creep strength and oxidation resistance,
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ensure manufacturability, and meet a cost target based
largely on upfront procurement and processing. How-
ever, a blade material is also an economic and envi-
ronmental decision. Small differences in achievable
efficiency, and especially in efficiency retention under
degradation, can dominate discounted fuel costs and
operational emissions. Likewise, end-of-life routes—
scrap value, closed-loop recycling, and substitution of
virgin alloy production—can yield meaningful credits
within a cradle-to-grave boundary, yet are rarely inte-
grated explicitly into early material-choice decisions.

This creates an important methodological issue:
when selection ignores time-dependent degradation
and circularity, the optimization landscape is dis-
torted. Materials that deliver high initial efficiency
but degrade more rapidly may appear favorable
under static assumptions, while durable and recycla-
ble candidates may be undervalued. As carbon prices
increase and circular-economy requirements tighten,
such distortions translate into non-trivial financial
and compliance risks.

Analysis of recent research and publications.
Nickel-based superalloys (e.g., Inconel series,
Ren¢ alloys) and single-crystal (SX) superalloys
(e.g., CMSX families) have been the workhorse for
hot-section blades due to their creep resistance at ele-
vated temperature, microstructural stability, and com-
patibility with protective coatings and thermal barrier
systems. Traditional screening emphasizes properties
such as high-temperature yield/creep strength, oxida-
tion resistance, thermal fatigue resistance, and manu-
facturability (casting route, heat-treatment windows,
defect tolerance). Foundational reviews and mono-
graphs [1, 2] summarize the evolution from equiaxed
to directionally solidified and SX alloys, including
the role of y/y' microstructures, refractory-element
additions, and coating interactions [1; 2]. Neverthe-
less, these approaches usually treat performance as a
quasi-static attribute measured at beginning-of-life or
under short test durations.

Life cycle assessment (LCA), standardized by
ISO 14040/14044, provides a structured method to
quantify environmental impacts across production,
operation, and end-of-life stages. In energy technolo-
gies, LCA is routinely applied to fuels, power plants,
and major infrastructure, but component-level LCA
for high-temperature alloys is less common and often
limited by data granularity. The literature documents
[3-7] that operation-phase impacts can dominate for
fossil-based generation, while manufacturing may
become relatively more important as grids decarbon-
ize. Environmental product declarations (EPDs) and
background databases provide emission factors for

metals, but alloy-specific pathways, scrap fractions,
and recycling substitution assumptions can change
results materially [3, 4, 5, 6, 7].

Multi-criteria decision-making (MCDM) methods
(e.g., TOPSIS, VIKOR, PROMETHEE) and evolu-
tionary multi-objective optimization (e.g., NSGA-II/
III, MOPSO) have been widely used in engineering
design to navigate trade-offs among cost, perfor-
mance, and sustainability metrics. In material selec-
tion specifically, MCDM methods provide transpar-
ent ranking but can be sensitive to normalization and
subjective weights, while Pareto-based evolutionary
algorithms provide sets of non-dominated solutions
and allow stakeholder-specific ex post selection [8, 9,
10, 11]. However, many studies treat the evaluation
functions as static and do not incorporate time-de-
pendent degradation that affects both economics and
emissions through efficiency.

Blade degradation arises from multiple coupled
mechanisms: creep, oxidation, hot corrosion, and
thermal fatigue. Creep is often captured using con-
stitutive relations such as Norton power-law creep
and damage mechanics extensions (e.g., Kachanov—
Rabotnov) to represent tertiary creep and rupture.
Oxidation and corrosion kinetics may be approxi-
mated by parabolic rate laws with Arrhenius temper-
ature dependence. When integrated into reliability
and maintenance planning, degradation models sup-
port life prediction and inspection intervals; yet their
explicit integration into LCC-LCA-driven material
selection is not standard practice [12, 13, 14].

To the best of our knowledge, no study has inte-
grated (i) cradle-to-grave LCA with explicit recycling
credits, (ii) discounted life cycle costing, and (iii)
time-dependent degradation-driven efficiency decay
in a unified multi-objective optimization framework
for gas turbine blade material selection. In particular,
the coupling between degradation and both economic
and environmental operational metrics is frequently
simplified or neglected, and recyclability is rarely
treated as a first-class optimization variable rather
than a qualitative discussion point.

Task statement.

This work aims to:

1. develop an integrated LCC—LCA model for tur-
bine blade materials under a cradle-to-grave boundary;

2. incorporate time-dependent degradation (creep
and corrosion/oxidation) into efficiency and cost/
emissions accounting;

3. quantify trade-offs among economic, environ-
mental, and performance objectives;

4. generate Pareto-optimal material portfolios/
choices using NSGA-III;
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5. demonstrate the method on an industrial gas tur-
bine case study.

Outline of the main material of the study.
Mathematical framework.

Life cycle cost (LCC) model. Fora material choice,
the discounted life cycle cost is:

LCC(m) initial (m) + Copcralion (m) + Cmaimcnancc (m

CioL (m) (1)

Initial costs. Let M, (m)=p(m)V,,. be blade
mass based on density p and blade volume V. .

Cinitial(m):Mblade(m)[Pmat( )(1+chrap)+cmfg( ):|’ )

where P, is material price, w,,, is a scrap fraction
in manufacturing, and C,, aggregates machining,
coating, heat treatment, and inspection.

Operational costs (NPV). Degradation affects
efficiency and thus fuel cost over time:
57 R‘ 1 H 1 fu 1 (t)
0 - lon ue! annual €] s 3
et rz (1 + r) )

where T islife in years, H,,., annual operating hours,
P, fuel price trajectory, and r the discount rate.
We relate incremental fuel penalty to efficiency
loss (relative to a baseline):

1 1
AR (mt) = Py [W T ]DF(m,t), 4)
’ base

where P, is rated electric power and DF is a duty-
factor modifier capturing part-load/cycling effects.
Degradation model (efficiency retention).

N (m,t) =1, (0)exp| ~Cley (m)1 — iy, ()1 ] (5)

Creep contribution is expressed as:

Olireep (M) = Ay (M) eXP ‘Qm(m)}’ (6)
and corrosion/oxidation contribution as:
[ B (m)
iy _ L)

Oy (M) = &,y (m)exp_ RT. } (7)

where R is the universal gas constant, the blade
metal temperature T,,..,..) defined by Eq. (22), o
the operating stress, and 4,..,>Oueeps MKy E, o, Material
parameters.

Maintenance costs can be expressed as:

r C_ (m) =
C_. =C,__N. — (1 8
maint (m) nsp nsp + ; MTTF(m) ( + r) 2 ( )
with mean time to failure (MTTF) represented as:
MTTF(m):B(m)[Ga""W(m)] : )
Oy

End-of-life value can be calculated as follow:

[Rm(m) My (m) mp(m)}(lﬂ)fr. (10)

C'EOL (m) = Cdccom -
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In the equations (1)-(10) the next symbols are
introduced: m — material; t — year index; T — lifetime
(years); r — discount rate; n — efficiency; P, — rated
power; H,.. — annual hours; A — density; V. —
blade volume; R, — recyclability fraction.

To build environmental impact (LCA) model we
are focused on global warming potential (GWP) in
kg CO2 —eq.

EI(m)=GWP,

prod

(m)+GWP, (m)+GWP,, (m). (11)

For production phase.

GWPpmd(m) = Mbladc(m)(Echn (m)+ EFrcf(m)+ EFp (

+ EF, (m)), (12)

where EF are emission factors from ecoinvent
v3.10.1 (cut-off system model) and IPCC 2006
default combustion factors for natural gas
(CO2: 56,100 kg/TJ — 0.202 kg/kWh) [15, 16].
Operation phase (fuel penalty due to efficiency
decay).
GWE, (m) = 3" FC(m.0) EFyy (1-d,, )

t=1

(13)

we assume d,,,, =0, with incremental fuel consumption:
1 1
7FC(m,t)= —— | PdH sl
(m ) [ . (m,t) . basc] rated” * annual (14)
End-of-life and circular-economy credits.
GWPEOL( ) GWP,_, . +GWP, —Credit, (m),
Credltrcc ( ) chc (m) Mblz\dc ( )EFvlrgm (m)isub' (16)

Performance metrics are evaluated using: (i)
average efficiency n,, (m) over lifetime, (ii) durability/
lifetime to a critical strain W, (iii) availability
A(m)=MTTF/(MTTF+MTTR), and (iv) power density
proxies such as mass-normalized output.

Multi-objective optimization formulation. We
define the objective vector:

min F(m):[

f,

(m). £ (m). £ (m).,(m)] , (17)

with
f1(m) = LCC(m)/LCChase,
f2(m) = GWP151 (M) /GWPyyse,
fz(m) = 1/77an (m),
ﬁt(m) = Mblade (m)/Pspecific(m)'
Constraints include:

91° Omax (m' Top) = Ocent SFm

92¢ Tmete(M) = Tretal(@cool) + ATsafety:
9s: Ecreep(m op'a'op) < gmax/Tdesign'
9a: ox(m' Top) = dcoat/Tdesignr

gs: LCC(m) < Byygget,

Ye: GWPprod(m) < Bcarbon-

(18)

(19)

Solution methodology.

The solution procedure is implemented as an inte-
grated computational workflow that links (i) phys-
ics-informed degradation, (ii) discounted economics,
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Table 1
Candidate materials matrix
Material Class Tmax (°C) ¢, (MPa) p (g/cm®) Cost (€/kg) Recyclability (%) TRL
Inconel 718 Ni-superalloy 650 1100 8.19 35 90 9
Inconel 625 Ni-superalloy 980 415 8.44 42 85 9
René 80 Ni-superalloy 980 830 8.20 75 70 8
CMSX-4 Single-crystal Ni 1100 900 8.70 180 40 8
Ti-6Al-4V Ti-alloy 315 880 4.43 22 95 9
MarM-247 Ni-superalloy 980 840 8.61 85 65 8
Table 2
Input parameters summary
Parameter Value Unit Source Uncertainty
Discount rate r 5 % Baseline assumption +2%
Fuel price P, 47 €/MWh IEA TTF benchmark (Feb 2025) [17] +30%
Electricity price 89.32 €/MWh 2025 DE day-ahead average (SMARD) [18] +25%
Emission factor EF 0.202 kg CO2/kWh IPCC 2006 default (NG) [16] +5%
Carbon price 75 €/ton CO2 EU ETS 2025 average (market review) [19] +40%
Operating temperature Top 1050 °C Design point +50 °C
Centrifugal stress 350 MPa Design/FEA baseline +10%

(b} Efficiency Trajectories [Eq.(5}]
tn) Matal Tamp. vs Cooling Fraction t »_min per material

[c} LEC Breakdown [Eq.i1}]
(fadad = u2 infeasible at &_min}
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Fig. 1. Optimization results

(iii) life-cycle emissions, and (iv) constrained mul-
ti-objective search. The workflow is executed at the
material-design tuple level, where each candidate is
defined by material identity m and continuous design/
operation variables (e.g., cooling-flow fraction, coat-
ing thickness, and recycling rate).

Step 1: Decision-space definition and bounds.
For each material m, the optimizer samples a bounded
design vector

X = [XllxerS]T = [d)coolr 8coatr Rrec]T: (20)

with lower/upper limits imposed by engineering
feasibility and manufacturability constraints. These
bounds avoid non-physical candidates (e.g., excessive

—— Inconel 718
oy — InEurlEI 625
—— René 80
— CM5X-4
— Ti-6Al-av
—— MarM-247

Recyclability

Fig. 2. Radar plot of material properties

ISSN 2663-5941 (Print), ISSN 2663-595X (Online) | 147



Bueni sanucku THY imeni B.1. Bepnaacbkoro. Cepisa: Texniuni Hayku

cooling bleed or infeasible coating thickness) and
stabilize numerical search.

Blade cooling model. The parameter T, in Table 2
is the hot-gas temperature at the blade inlet
(Tys = 1050 °C). The blade metal temperature T,
is lower due to internal convective and film cooling
driven by compressor bleed, and is a function of the
cooling-flow fraction ¢, (design variable x, in Eq.
(20)) via the standard film-convection effectiveness
model:

- Tcoolant) (22)

where 7., € [0, 1] is the cooling effectiveness, and
T eooant 1S the compressor-exit coolant temperature. All
temperature-dependent quantities in Egs. (6) and (7)
and constraint g, are evaluated at T, (d.,.,), not at
T, Extracting compressor bleed for cooling carries
a thermodynamic penalty on cycle efficiency. The
corrected beginning-of-life efficiency accounting for
this bleed penalty is:

Tmetal(¢cool) = Tgas - (bcool *MNcool (Tgas

T]O,eff(mr ¢cool) = T]o(m)(l - kcool . ¢cool) (23)

where £k, is the relative efficiency sensitivity to
cooling bleed (typically 0.25-0.45 per unit fraction;
here k., = 0.30). In Eq. (5), ,(m) must be replaced
by 705, Peoo) from Eq. (23). The additional symbols
introduced in Egs. (22)—(23) are: T, — hot-gas inlet
temperature; T .., — blade metal temperature; T ., —
compressor-exit coolant temperature; 7, — cooling
effectiveness; £, — relative efficiency sensitivity to
cooling bleed.

Step 2: Forward performance and degradation
evaluation. Given (m, X), the model computes life-
time and average efficiency by propagating (5) over
the design horizon. The degradation module returns
time-resolved efficiency #(m,?), from which life-
time-averaged efficiency #_,,(m) and reliability-re-
lated indicators are obtained. This step is the key cou-
pling point between material physics and life-cycle
outcomes.

Step 3: LCC and GWP objective evaluation.
Using the outputs of Step 2, the framework computes
objective values with (1) and (11). Operational terms
are explicitly linked to efficiency retention, so can-
didates with similar beginning-of-life efficiency can
diverge significantly in total LCC/GWP once deg-
radation is included. End-of-life credits are applied
through recyclability-dependent recovery factors.

Step 4: Constraint screening. Each candidate
is checked against feasibility constraints in (19),
together with minimum-performance thresholds
(€8, Mavg = Mmin)- Infeasible candidates are rejected or
heavily penalized before entering Pareto ranking.
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Step 5: Multi-objective search and Pareto con-
struction. To map stakeholder preferences, we solve
a sequence of weighted LCC--GWP subproblems
over a grid of weights w, ., Wy With

min/(m, x) = wycc LCC(m, x) + wewp GWP(n, x),  wice + wowp = 1. (24)

Each weighted subproblem is solved using con-
strained nonlinear programming (SLSQP) with mul-
ti-start initialization to reduce local-minimum bias.
The union of feasible solutions across weight combi-
nations is post-processed with non-dominance filter-
ing to obtain the final Pareto set.

Step 6: Sensitivity and uncertainty analysis.
After generating Pareto candidates, uncertainty is
propagated through Monte Carlo sampling of key
exogenous parameters (fuel price, discount rate,
degradation coefficients, carbon price, and recycling
credit factors). Global sensitivity is then quantified
(e.g., Sobol-type decomposition) to identify the dom-
inant variance contributors in LCC and GWP and to
test robustness of Pareto ranking under parameter
perturbations.

Algorithmic summary.

1. Initialize material set and decision-variable
bounds.

2. For each material and each weight pair, run
constrained optimization with multi-start seeds.

3. Evaluate degradation-coupled #(m,?), then
compute LCC and GWP.

4. Enforce all thermomechanical, durability, and
budget/carbon constraints.

5. Aggregate feasible solutions, apply non-domi-
nance filtering, and extract Pareto front(s).

6. Perform uncertainty propagation and sensitiv-
ity ranking for final decision support.

Numerical implementation details. The opti-
mization workflow is implemented in Python (SciPy
optimizer with SLSQP for constrained subproblems;
pandas/NumPy for post-processing). Results are
exported as full candidate tables and Pareto-only
tables for direct inclusion in figures and manuscript
tables. The implementation is reproducible because
all bounds, parameter values, and weight grids are
explicitly scripted.

Results and discussions.

Figure 1 summarizes hypothetical but realistic base-
line results consistent with a 400 MW class turbine and
the model structure defined above. The pattern that
emerges is that a single “best” material does not exist
across objectives; rather, each candidate occupies a dif-
ferent region of the trade-off space (fig. 2).

High-performance SX material (CMSX-4)
tends to minimize operational penalties because it
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supports high-temperature capability and compar-
atively lower degradation-induced efficiency loss.
However, these advantages come at the expense
of high initial cost and low effective recyclabil-
ity under conservative closed-loop assumptions,
which increases the production-phase GWP and
reduces EOL credits. In contrast, commodity
Ni-based alloys such as Inconel 718 and 625 are
mature (high TRL), exhibit strong recyclability
pathways in existing scrap markets, and provide
comparatively lower production-phase environ-
mental burdens per functional unit once recycling
substitution is credited. Their limitation is that the
operating window is narrower (temperature/stress)
and efficiency retention can be more sensitive to
creep/corrosion parameters unless coatings and
cooling strategies are improved.

The Ti-6Al-4V option illustrates a different trade-
off: its low density improves mass-related metrics
and can reduce centrifugal loading, yet its maximum
temperature capability is substantially lower than
Ni-based superalloys. Consequently, it is feasible
only under cooler metal temperatures (e.g., different
stages or with aggressive cooling), otherwise violat-
ing constraint g, (temperature margin). When feasi-
ble, high recyclability and low mass can provide a
favorable environmental profile; when infeasible, it
should be eliminated automatically by the constraint
handling in the optimizer.

Conclusions.

1. An integrated LCC-LCA—degradation frame-
work is developed for first-stage gas turbine blade
material selection. In this work it couples the tem-
perature-feasibility constraint g and all Arrhenius
degradation terms to the blade metal temperature
T etal(®eo0) Tather than to the hot-gas temperature To.
This makes the cooling-flow fraction ¢, a genuine
design variable with a direct and quantifiable influ-
ence on feasibility, efficiency, LCC, and GWP, rather
than a fixed input.

2. At a hot-gas temperature of To = 1050 °C and
centrifugal stress of 6 =350 MPa, only four of the six
candidate alloys satisfy the temperature-margin con-
straint (gz) within achievable cooling-flow bounds (@
<0.35). Inconel 718 (T, = 650 °C) requires @,,in =
1.07 and Ti-6Al1-4V (T,ax = 315 °C) requires @, in =
1.87, both physically unachievable; these materials
are categorically infeasible for first-stage duty at this
design point and must be excluded before any eco-
nomic or environmental comparison is made.

3. CMSX-4 is the sole fully feasible candidate
under all six constraints. As a single-crystal Ni
superalloy with T, .« = 1100 °C, CMSX-4 satisfies

g1—gs and the n-retention constraint at the minimum
cooling fraction @ = 0.05 (T ..,y = 1029 °C), deliver-
ing a beginning-of-life efficiency of no = 0.353 and
a lifetime-average efficiency Nay, = 0.344. Inconel
625, René 80, and MarM-247 satisfy gz only at ¢ >
0.286 (T, = 930 °C), but their beginning-of-life
efficiency drops to 0.303—0.313 and their strength
constraint g: remains violated, classifying them as
partially feasible.

4. Degradation coupling increases operational
costs by 22-46 %. Replacing the static-efficiency
assumption with the time-dependent degradation
model (Egs. 5-7) increases the discounted opera-
tional cost by 21.8 % for René 80, 25.7 % for MarM-
247, and 59 % for CMSX-4 relative to the static-n
baseline (the large CMSX-4 figure reflects its higher
beginning-of-life efficiency relative to the refer-
ence). For the partially feasible Ni alloys (Inconel
625, René 80, MarM-247), degradation-induced
efficiency loss raises discounted C,p from 476-656
ME to 580-958 M€. These results confirm that stat-
ic-efficiency LCC models systematically underesti-
mate operational expenditure, with the magnitude of
the error depending on both the material's degrada-
tion kinetics and its operating temperature relative
to the design limit.

5. The Pareto front is populated exclusively
by CMSX-4. The LCC-GWP Pareto search (Eq.
21, optimising ¢%, and R, jointly) identifies 31
non-dominated solutions, all corresponding to
CMSX-4. The optimal configuration (¢ =0.05,R,..=
1.0) simultaneously minimises both LCC and GWP,
so no trade-off between economic and environmen-
tal objectives exists within the feasible set at this
design point. This outcome is a direct consequence
of the temperature-feasibility constraint: once the
constraint is applied at the metal temperature rather
than the gas temperature, only CMSX-4 reaches full
feasibility, collapsing the Pareto surface to a single
material.

6. For combined-cycle turbines operating at To >
1000 °C, minimising cooling-flow fraction is opti-
mal provided the selected alloy satisfies all thermo-
mechanical constraints (gi—ga) at the resulting metal
temperature. CMSX-4 achieves this at ¢ = 0.05, lim-
iting the efficiency penalty to 1.5 % relative, while
any increase in ¢ to accommodate lower-grade alloys
incurs an immediate and compounding efficiency loss
that dominates both LCC and GWP over the 25-year
design life. Maximising recyclability (R,,, — 1.0)
reduces EOL environmental burden but has a sec-
ond-order effect on total GWP given the dominance
of the operational phase.
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Kaumenko B.M., ABaeeBa O.I1., Yeatuii O.I1. BATATOKPUTEPIAJIBHA OIITUMI3AILIIA
MATEPIAJIIB JIOITATOK I'\30BUX TYPBIH HA OCHOBI OIIIHKH ) KUTTEBOI'O LIUKJIY:

IHTET'PALIS EKOHOMIYHHUX, EKOJIOT'TYHUX TA TPOAYKTUBHUX ITIOKA3HUKIB

Y emammi nasedeno eubip mamepianis 0ist 1ONAMOK 2a306UX MypOiH NEPULO20 CMYNeHst iCMOPULHO HA0A8As8
npiopumem GUCOKOMEMNEPAMYPHUM MEXAHIUHUM XAPAKMEPUCTNUKAM MA NOYAMKOSIl 8apmocmi, 800HOUAC
HeO0OYiHIOI0UY eKOJIO2IUHe HABAHMANCEHH NPOMAOM HCUMMEBO20 YUKLY, KiHyesy eapmicms (EOL) ma
3anexcHi 6i0 yacy eghekmu decpadayii, AKi HAKONUYYIOMbC RPOMALOM decamuiimos ekcniyamayii. Lle cmeoproe
cUCTMeMamuyHi ynepeoxtceHHs 8 KOHCMPYKMUBHUX PIUEHHAX 8 PAMKAX NOMIMUKY YIHOYMBOPEHHS HA 8yelleyb
ma YUpKYIAPHOI eKOHOMIKU. Y YboMy O00CHIONCEeHHT pO3POONAEMbCs IHMeSposana 6a2amokpumepiaibHa
CmMpyKmypa piwiens 05 UsHa4en s onmumanbhux 3a Ilapemo mamepianie 1onamox mypoin Wiaxom CRinbHoi
Minimizayii sapmocmi scummesoeo yuxny (LCC) ma nomenyiany enooanvrozo nomenninus (GWP), oonouacto
MAKCUMIZYIOHU eKCHITYAmayiliny eqheKmueHicms ma WilbHICMb NOMYICHOCMI 30 PealicCmUudHuUX mpaekmopit
Oeepaoayii. Mu ¢hopmynioemo mooenv oyinKu dHcummeso2o yukay 6i0 xoaucku oo ymunizayii (LCA) ma
yucmoi npueedenoi eapmocmi (NPV) scummeso2o yuxiuy 3 SAGHUM 38'3KOM 31 3HUICECHHAM egekmuenocmi,
3yMo6neHum oezpadayicto. Excniyamayitina eghekmusnicms MOOeOEMbCA AK 3A1€NHCHICMb 610 meMnepamypu,
HanpysceuHs ma Kinemuxu, cneyugiunoi ons mamepiany. Bnaus na naskonuwne cepedoguuye gionogioac 1SO
1 40%/1 4044 ma epaxosyc supodbnuymeo, excniyamayiio ma kpedumu Ha nepepooxy EOL. Bazamoyinvosa
sadaua supiuyemocs 3a oonomozoio NSGA-III 3 obmedicennamu 0oyinbHOCMi w000 HANPYIHCEHHS, 3aNdacy
memnepamypu, wWeUOKocmi noe3yyocmi ma KiHeMmuKu OKUCIeHHs. [nsi penpeszenmamueHoi mypOiHu
KombOiHoganozo yukiay nomysxcricmio 400 MBm (7000 200/pix, pospaxynkoguii mepmin ciyxcou 25 pokie)
BNIUB eKCnyamayii, no8'a3anull 3 NAIUEOM, OOMIHY8A8 AK Y noxazHuxy scummesoeo yukny (LCC), mak i 6
nomenyiani enobaiero2o nomeniinua (GWP) y ecix kanouodamis (3azeuuati 65—78% 6i0 OUCKOHMOBAHO2O
LCC). Bpaxysauna Oezcpadayii 30inbuuno OUCKOHmMos8ati excniyamayitini eumpamu va 15—23% nopiensano
3 NPUNYWEHHAMU WOO00 CINAMUYHOL ehexmueHocmi, 3MiHUGUU (Speﬁmquu ma poswupusuiy Haoip Ilapemo.
Bapianmu 3 eucokoro npuoamnicmro 0o nepepooxu (Inconel 718, Ti-6A1-4V) docaenu 3nudicenns 3a2aibH020
GWP na 8—12% nopigHuano 3 MOHOKPUCMALIYHUMU ANbMEPHAMUBAMU 3 HUZbKOIO NPUOAMHICIIO 00 nepepooKu
30 eKBIBANEHMHUX SPAHUYHUX YMO8, MOOJI K npemianvhull moHokpucmaniunuti CMSX-4 cmas cnpusmausum
Juule y BUCOKOMEMNEPAmypPHUX CYEHAPIAX 3 NePeBaNCAHHAM 06A308020 HABAHM AN CEHHS, Oe 2—3% niosuuyeHHs
epexmusrocmi amopmuzyemucs npomscom mepminy caycou. loeonanns LCC-LCA 3 deepadayicto neobxione
07151 HAOIUHO20 BUOOPY MAMEPIAI6 8 YMOBAX L;iH()byn’IGOPQHHﬂ Ha gyeiieyb ma 00MexceHb YUPKYIAPHOT eKOHOMIKU.
3anpononosana cmpykmypa cmeopioe pekomeHoayii wjo0o onmumaibHo2o 3a llapemo piens, opicnmoeani na
3ayIKasieHi CMOPOHU, i 11 MOJICHA POUUPUMU HA [HULL BUCOKOMEMNePamypHi eHepeemuyti CUCmemu.

Knrouosi cnosa: oyinka scummegozo yuxiy, bazamoxkpumepianioHa ONmMumisayis, Mmamepianu 015 10NAmoK

mypoOin, onmumizayis napemo, YUpKyIsapHa eKOHOMIKA.
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