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The growing complexity and uncertainty of multimodal transport systems require the development of advanced
methodological approaches for performance evaluation. This paper presents a structured analysis of
contemporary research on multimodal transportation efficiency, focusing on deterministic, multi-criteria, and
stochastic modeling approaches. The review reveals that deterministic models, although widely used, fail to
adequately capture the inherent variability of logistics processes, leading to overly optimistic performance
estimates. Multi-criteria approaches improve the comprehensiveness of evaluation but often remain limited by
their deterministic nature and subjective weighting schemes.

This study proposes a novel stochastic framework for assessing the performance of multimodal transport
systems based on an Integrated Performance Indicator (IPE) that simultaneously accounts for delivery time,
transportation cost, and reliability.

The proposed approach formalizes the transport process as a stochastic dynamic system, where key
parameters such as travel time, delays, and operational costs are modeled as random variables. To capture the
inherent uncertainty, a Monte Carlo simulation method is employed, allowing the estimation of the probability
distribution of the IPE rather than relying on deterministic point estimates. Additionally, a nonlinear extension
is considered to account for the increased sensitivity of system performance to risk factors.Simulation results
demonstrate that deterministic approaches tend to overestimate system efficiency, while stochastic modeling
reveals a significant reduction in expected performance due to variability and risks.

The findings confirm that incorporating stochastic modeling and integrated performance metrics provides a
more realistic and robust basis for decision-making in multimodal logistics. The proposed framework can be
applied to route selection, risk management, and strategic planning of transport operations, particularly in
environments characterized by high uncertainty and dynamic disruptions.
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Introduction. Modern research in the field of multimodal transport systems focuses on
improving the efficiency of logistics processes in the context of the growing complexity of global
supply chains [1-4]. The main approaches to assessing efficiency can be divided into deterministic,
multi-criteria and stochastic.

Deterministic models, which are widely used in classical transport problems [5], are based
on the use of average or fixed values of parameters, such as delivery time, transportation cost and
infrastructure capacity. In particular, in [6] a cost minimization model is proposed taking into
account time and environmental factors. However, such approaches are based on fixed parameters
and do not take into account the randomness of the transport process, which leads to an
overestimation of efficiency.

Despite the simplicity of implementation and interpretation, such approaches have a
significant drawback - they do not take into account the uncertainty and random nature of logistics
processes. As a result, the resulting estimates may be significantly overestimated and do not reflect
the real conditions of the functioning of transport systems, especially in conditions of instability.

Analisys of recent studies and publications. Multi-criteria models are more flexible, as
they allow taking into account several factors simultaneously. For example, in [7] a combined
approach using DEA and multi-criteria optimization was used, which takes into account time, cost
and environmental indicators. However, most of these models remain deterministic and do not
integrate uncertainty into the evaluation process. A separate direction is research devoted to the use
of stochastic models and simulation modeling methods, in particular the Monte Carlo method [8].
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Such approaches allow taking into account the randomness of the parameters of the transport
process, including delays, weather conditions and technical failures. However, in most works
stochastic analysis is used mainly to assess individual indicators, such as delivery time or the risk of
delay, without integrating into a single generalized efficiency criterion. In [9] a stochastic model of
transportation planning using mixed nonlinear programming was proposed. Similarly, in [10]
Monte Carlo was used to analyze routes and costs. Despite this, most studies apply stochastic
analysis only to individual parameters (time or cost).

Modern research also actively uses algorithmic and intelligent methods. For example, in
[11], an approach based on reinforcement learning is proposed to take into account time uncertainty.
However, such methods are difficult to interpret and do not always provide transparency in
decision-making. Another important direction is robust optimization. In [12], it is shown that taking
into account uncertainty allows to increase the stability of decisions, although this may increase
costs.

In addition, considerable attention is paid to the environmental aspects of transportation. In
[13], route optimization is considered taking into account CO: emissions and energy factors.
However, a literature review [14] confirms that most current approaches face scalability,
complexity, and limited real-time applicability.

Considerable attention in modern research is paid to the digitalization of logistics systems
[15, 16], including the use of information platforms, Internet of Things technologies, blockchain
and artificial intelligence. These approaches are aimed at increasing transparency, coordination and
speed of data processing in transport systems. However, in most cases there is no formalized
mathematical model that would allow to quantitatively assess the impact of digital solutions on the
efficiency of logistics processes.

It should be noted that multi-criteria optimization methods [17], including approaches based
on Pareto analysis and weight functions [18], allow to simultaneously take into account several
efficiency indicators, in particular time, cost, energy consumption and environmental factors.
However, most of such models, such as those shown in [19, 20], consider the criteria in a
deterministic formulation, which limits their applicability in real conditions. In addition, the choice
of weight coefficients is often subjective, which reduces the objectivity of the results obtained.

Thus, the analysis of modern scientific approaches allows us to identify a number of
unresolved problems. First, there is no universal indicator that would simultaneously take into
account the time, economic and risk characteristics of multimodal transportation. Second, there is a
gap between stochastic modeling methods and multi-criteria approaches to assessing efficiency.
Third, the impact of digital logistics systems on the parameters of transport models in a formalized
form remains insufficiently studied. In this regard, the development of an integrated approach that
combines stochastic modeling, multi-criteria optimization and assessment of the impact of digital
technologies is relevant.

Purpose and objectives of the study. The object of the study is the process of functioning
of multimodal transport systems under conditions of uncertainty, characterized by variability of
delivery time, transport costs and reliability of logistics operations.

The subject of the study is methods and models for assessing the efficiency of multimodal
transportation, taking into account the stochastic nature of transport processes, as well as the impact
of digital logistics solutions on their parameters.

The choice of research methods is based on the analysis of modern scientific approaches,
which revealed the limitations of deterministic models, insufficient integration of multi-criteria and
stochastic approaches, as well as the lack of formal consideration of the digitalization of logistics
systems.

The aim of the research is to improve the efficiency of multimodal maritime transportation
by developing an intelligent risk-based decision support system that combines stochastic modeling,
multi-criteria optimization, and assessment of the impact of digital technologies.

To achieve the set goal, the following tasks have been formulated:

— construction of a formal model;
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— development of a simulation apparatus;

— quantitative assessment of efficiency.

Main Section. Multimodal transportation is considered as a complex stochastic system in
which different types of transport, infrastructure elements and information flows interact. In the
conditions of modern logistics chains, such systems operate under the influence of numerous
random factors, in particular delays, changes in speed, infrastructure overload and external risks,
which is confirmed by modern research in the field of multimodal transportation [21, 22]. Risk
modeling is carried out using probability distributions to describe delays, cargo losses, weather
effects and technical failures [23]. The main tool is the Monte Carlo method [8], which is one of the
key tools of stochastic modeling and has significant advantages over deterministic and classical
analytical approaches, especially when studying complex logistics systems. This method allows for
the explicit consideration of random factors by using probability distributions of parameters. Unlike
deterministic models that give one fixed value, Monte Carlo allows you to obtain a distribution of
possible outcomes, which is especially important for transport systems where delivery times are
random, delays are stochastic, and costs vary under the influence of external factors. In addition, it
allows you to estimate not only the average value, but also the variance, confidence intervals, and
probabilities of achieving a certain result, since probabilistic approaches demonstrate greater
resistance to errors and biases compared to deterministic models. It also allows you to determine
which parameters have the greatest impact on the result and how changing one factor changes the
entire system, because unlike deterministic models, where there are 1-3 scenarios, Monte Carlo
allows you to analyze thousands of scenarios and obtain statistically sound decisions.

The primary advantages of Monte Carlo simulation, as outlined in [24-26], include its
rigorous, comprehensive, and probabilistic nature. This approach is particularly well-suited for risk
management and making complex decisions. It is highly valuable in analyses where precision is
critical. Relying solely on deterministic methods for significant strategic decisions without
accounting for uncertainty can be risky.

Therefore, according to [26] and [27], multimodal transportation can be represented as:

MM:{Sl,Sz,...,Sn}, (1)

where §; is transport segment (river, sea, road);
n is number of route segments.
Total delivery time is defined as the sum of the travel times of individual route segments:

n Li
T = ;(Vi +A), )

where: L; is length of the i-th route segment;
V; is random speed;
A; is random delay (port, weather, operational);
n is number of segments.
Speed is modeled as a normally distributed random variable:

Vi ~ N(uV;, aV;). (3)

where: u is the mathematical expectation;
o is the square deviation;
N is normal distribution law (Gaussian distribution).
The distributions of random variables 4; can be determined by the exponential distribution:

4; ~ Exp(ud;, 04;) “4)
The probability of a missed deadline is then determined by the formula:
Pdelay = P(Ttotar > Trmax)- Q)

where: T, 4, 18 maximum allowable delivery time;
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Ttotar 1s the total delivery time. It can be determined by:

Teotar = Xi=1Ti- (6)
Total transportation costs are determined:
¢ = Cfuel + Cport + Cdelay + Crisk- (7N

where Cryer, Cport> Caetay> Crisk these are fuel costs, port costs, time costs and unforeseen costs

respectively.
We get the expected value:

E(C) = yIio C(h). ®
Reliability is defined as the probability of meeting the delivery deadline:
R = P(T < Terie), )

where T,,;; — maximum allowable delivery time.

Construction of a formal model. There is a methodology for multi-criteria optimization of
maritime transport under conditions of uncertainty of the external environment [10]. Also, many
researchers determine that the most rational way to solve transport problems under conditions of
uncertainty is multi-criteria optimization. in which there is a vessel loading, delivery duration,
transition speed, load on the main engine, fuel consumption, deviation from the route, transportation
cost [10-13].

We propose to introduce an Integrated Performance indicator of Efficiency (IPE), which is
a multi-criteria optimization parameter that combine s time efficiency, economic efficiency, risk
resistance and reliability for multimodal transportation. The integral efficiency index (IPE) is
defined as the weighted sum of the normalized utility functions of delivery time, transportation cost
and route reliability and can be determined by the formula:

IPE(Ur,Uc, Uk, Uy) = wr - Ur + we - Ue + wg - Ug + wy - Uy, (10)

Tref . . . Cref . .
el is delivery time, U, =TTef is cost, Up = R =1 — Pggqy, is route

where U; =
total

is economic efficiency; Ty, 1S €xpected delivery time; C is expected cost.

reliability; Uy = oy
ref

Tref, Crep — base (initial) values of delivery time and cost, respectively; wg,we,wg wy is
weighting factors.
wr +we +wp +wy =1, (11)

Normalization is carried out relative to the baseline scenario Tref, Crer, Which ensures the
dimensionlessness of the indicator and the possibility of comparing alternative logistics solutions.

An integral indicator of the efficiency of a multimodal logistics system is proposed, which
simultaneously takes into account the time, economic and risk characteristics of transportation, as
well as the investment feasibility of digitalization.

Based on the calculation of the Saati matrix for 4 elements, the following values of weight
coefficients were obtained wy = 0,34, w, = 0,29, wg = 0,20, wy = 0,17 to constrain the
objective function:

mL?XIPE(U) (12)

Where U = (Uy, Ug, Ug, Uy) is logistics parameters. For C(U) < Crgrs T(U) < Trgxs
R(U) < Ryax- IPE application area summarized in a table 1.

Table 1 — Interpretation of [PE

IPE Interpretation

>0.8 Highly efficient system
0.5-0.8 Acceptable

<0.5 Inefficient
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The IPE evaluation criterion is defined as:
AIPE = IPEgy — IPE} g0, (13)

where IPEgy is integral indicator of effectiveness from the implementation of solutions.

IPE, . 1s ntegral indicator of the effectiveness of the basic model.

If AIIIE >0 — the solutions are effective, the implementation of the appropriate
management policy is considered appropriate.

Let's take into account the military situation as a risk function, then wy = f(R),, the result
of IPE calculations is shown in Fig. 1
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0.925 yd

e

0.5 0.6 0.7 0.8 0.9 1.0
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Figure 1 — Graph of the dependence of the integral efficiency indicator IPE = f(R) on reliability

As shown in Fig. 1, the integral efficiency indicator has a monotonic dependence on the
probability of delays. The increase in risk leads to a proportional decrease in the efficiency of the
logistics system. It is determined that the critical zone is the value Pge4,>0.4, at which the system
loses its economic feasibility. Instead, in the range of 0.05-0.25, an optimal balance between costs,
time and reliability of transportation is ensured. at R = 0.8— [PE =~ 1 (balance point).

Areas of application of the integral efficiency indicator (IPE):

— route selection;

— transportation optimization;

— ETA planning;

— carrier selection;

— transshipment planning;

— fleet management;

— investments in digitalization;

— selection of logistics corridors;

— port efficiency assessment;

— route instability;

— military risks;

— alternative corridors (Danube, Black Sea, etc.).

Criteria efficiency limits:

If wy > we, wi — then the system is based more on speed and it is possible to ignore costs.

If Pgeray = 0.5 —the IPE indicator becomes unstable, at 0.7 < R < 0.98 —IPE is effective
and the system is stable, outside this range — the system is risky.
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Development of a simulation apparatus. Taking into account the uncertainty of the
parameters of the transport process, the integral efficiency indicator is considered as a random
variabl:

IPE = IPE(T,C, R). (14)

For its evaluation, the Monte Carlo method was used, which is one of the key tools of
stochastic modeling and has significant advantages over deterministic and classical analytical
approaches, especially when studying complex logistics systems. The main advantage of the Monte
Carlo method is the ability to explicitly take into account random factors by using probability
distributions of parameters.

Unlike deterministic models that give one fixed value, Monte Carlo allows you to obtain a
distribution of possible results [24]. This is especially important for transport systems where:
delivery time is random, delays are stochastic in nature, and costs change under the influence of
external factors. Therefore, the Monte Carlo method provides a more realistic and justified
assessment of the efficiency of multimodal transportation, which is critically important in dynamic
and unstable logistics environments.

Accordingly, in each iteration we will simulate random values of speed and delays, and then
calculate the delivery time, transportation cost, and reliability index. The total delay is defined as:

N
1
Pdelay_h = NZ I(Ttotalk > Trnax) (15)
k=1

where N is number of simulations; I is indicator function.
The code Monte Carlo algorithm is given showen in Figure 2.

BN generate random speed V;
generate random delay A;

e Fori=1._N:

calculate total delivery time T;;
Calculate present value (NPV) calculate total transportation costs C;;
calculate inteeral efficiencv index IPE

Figure 2 — Monte Carlo algorithm

Calculate for each iteration the time of passage of the i-th segment:

Ti=i+A1i+L—2+A2i (16)
Vii T Vo '
Costs:
Ci = f(T) (17)
R; = 1(T; < Terit) (18)

The integral efficiency indicator is used as the objective function of the stochastic multi-
criteria optimization problem of multimodal transportation.

Tref Cr
+we -
; C

NPV
6f+WR'Rl‘+WN'
T C;

NPVyef (19)

IPE(U) = wy -

Optimization is carried out by means of multiple Monte-Carlo simulation of possible
configurations of the logistics system with the subsequent search for the configuration that provides
the maximum value of the integral efficiency criterion.

[SSN-print 2313-4763; ISSN-online 3041-1939 179



N N EPIRPLeP]s TpanciopTHI TeXHOAOTT

Simulation result. Let's calculate for the base scenario, parameters: T..r = 60 hours,
Cref = 3000€,NVP,.; = 7800000€.

For an alternative scenario, we assume: T =55 hours, C = 2700€, R = 0.82, NPV =
8800000<€.

Calculation:
wr = 0.34,w, = 0.29,wy = 0.2, wy = 0.17
R=1-0.18 = 0.82
IPE(U) = 0.34 - 22+ 0.29 - =2+ 02 0.82 + 017 - 2+ =

=0.34-1.091+0.29-1.111+0.2-082+0.17-1.13 =
=0.371 + 0.3223 + 0.246 + 0.164 = 1.021
IPE >1,AIPE = +0.11%

With equal weight coefficients, IPE = 1.021 was obtained, which indicates an increase in
the efficiency of the system compared to the basic variant. [PE has a monotonic dependence on the
reliability of the route. An increase in the R indicator leads to a proportional increase in the
efficiency of the logistics system.

Calculations considering the Monte Carlo distribution will be based on uncertainty of risk
occurrence.

Simulation results (N = 1000) showed: IPE = 0.52.

The results shown in Fig. 3 show that IPE drops when we start to consider risks. Therefore,
the real system is much less efficient due to uncertainty, since delays "eat" efficiency and speed
variation has a critical impact.

The obtained distribution demonstrates that even with favorable average parameters, the
system is characterized by a decrease in efficiency due to the influence of stochastic factors.

This confirms the need to consider risks when evaluating logistics decisions.

Monte Carlo Distribution of IPE

250

2001

Friquency
&
Q

100+

50 1 I.

0 = T T T T
0.7 0.8 0.9 1.0

IPE

Figure 3 — Distribution of IPE depending on the frequency of risk occurrence

The integral performance indicator correlates with financial results, in particular with net
present value (NPV), where the growth of IPE corresponds to the increase in the economic
feasibility of logistics solutions: NPV = f(IPE),

The adopted basic values and parameters for modeling are presented in the table 2.
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Table 2 — Parameters for simulation

Parameter Value
Transportation volume, t/year 120000
Base transportation cost, EUR/t 65
Annual costs, EUR 7800000
Discount rate 0,1
Delay before implementation, % 24,12
Delay after implementation, % 8,6
Cargo losses before implementation, % 3
Cargo losses after implementation, % 1
Project period, years 5
Number of Monte Carlo iterations 500

The formulation of the optimization problem can be reduced to IE%AX(R, M) on condition

Ttotal < Tmaxa C < Cmaxa Pdelay ¢

(20)

where M — management policy (digital architecture).
A Python program was developed for modeling. Therefore, to normalize the pairwise
comparison matrix, the following weighting coefficients were obtained:

wr =034, we =029, wg = 0.2, wy = 0.17.

The initial parameter input screen and part of the code are shown in Fig. 4

# Monte Carlo Analyzer v.2 (Compare twosc... [u} X 50

--- Scenario A: Before digitalization --- 52

Transportation volume (t/year) 120000

Basic tranzpartation cost (£t) 65 53

Annual costs (EUR) 700000 54

Investments in digitalization (EUR) [

Expected savings in mines (in %) 0 55

Expected savings max (in %) 0 56

Discount rate (in fractional form, e.g. 0.1)  0.10

Implementation delays (.o, hour) 412 57

Post-implementation delays (o, hour) 2412 58

Cargo losses before implementation (in %) 3

Cargo losses after implementation (in %) 3 59

Project pericd (years) 5 60

M (number of Monte Carlo iterations) 500 61

---Scenan B: After digitalzation ---

Transportation volume (t/year) 120000 62

Basic transportation cost (£41) 65 63

Annual costs (EUR) TBO0000

Investments in digitalization (EUIR) 1100000 64

Expected savings in mines (in %) [} 65

Expected savings max (in %) 15

Dizcount rate (in fracticnal form, e.g.0.1) 010 66

Implementation delays (0, hour) 2412 67

Post-implementation delays (e, hour) 38

Carge losses before implementation (in %) 3 68

Cargo losses after implementation (in %) 1 69

Project period (years) ]

N (number cf Monte Carlo iterations) 500 70
Run comparison Open last repont 71

72

Ready

def calc_efficiency(
C_mean,

P delay,
NPV_mean,

T _ref=50,

C ref=1e7,
NPV_ref=1e6,
alpha=0.34,
beta=0.29,|
gamma=0.2e,
delta=0.17):

R =1 - P _delay

E=(
alpha * (T ref / (T mean + 1e-6)) +
beta * (C_ref / (C_mean + 1le-6)) +
gamma * R +
delta * (NPV_mean / (NPV_ref + 1le-6))

)

return E

Figure 4 — The initial parameter input screen and part of the code of programm

Monte Carlo simulation is implemented by repeatedly generating random scenarios of the
functioning of a multimodal transport system. In each iteration, the following are randomly
generated: time delays; economic effect of digitalization; extreme logistics events; freight losses;
total logistics costs. To generate random variables, the following are used: normal distribution — for
modeling standard delays; uniform distribution — for estimating the range of savings; binomial
mechanism — for generating extreme risk events. The part of the code where random variable

generation is implemented is shown in Fig. 5.
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131 for i in range(N): 167 for t in range(1, T_proj + 1)
132 ) ) ) 168 D
133 saving = np.random.unitorm{save_min, save_max)
169 - I
134
135 delay before = np.random.normal(mu no, sigma no) L7e )
136 delay_after = np.random.normal (mu_with, sigma_with}) 171
137 172 npv_results.append(npv)
138 delay before = max(delay before, @) 173 time_results.append(total_time)
139 delay_atter = max(delay_after, a) 174 cost results.append(cost_after)
148 175
141 # extreme events 176 npv_results = np.array(npv_results)
142 it np.random.rand{) < p_extreme: P .
= . 177 time_results = np.array(time_results)
143 delay_before += np.random.uniform{as, 128) - -
144 - 178 cost_results = np.array(cost_results)
145 if np.random.rand() < p_extreme * ©.5: 179 . i
146 delay after += np.random.uniform(24, 72) 180 delay_prob = np.mean(time_results > np.mean(time_results))
147 181
148 total time = delay after 182 summary = {
149 183 "npv_results”: npv results,
150 cost_before = ( 184 "time results": time results,
L transport_base + 185 "cost _results": cost results,
152 delay_before * 1008 + - -
153 loss_betore ® transport_base 186
154 ) 187 "mean_npv": np.mean(npv_results),
155 188 "std_npv": np.std(npv_results),
156 cost_after = ( 189
157 transport_base * (1 - saving) + 190 "mean_time": np.mean(time_results),
158 delay after * 1009 + 191 "mean_cost”: np.mean(cost_results),
159 loss_atter ® transport_base
— - 192
if"? ) 193 "delay prob": delay prob,
5
162 annual_saving = cost_betore - cost_atter 194 - e
162 195 p_positive": np.mean(npv_results > @)
164 npy = 196 }
165 np.sum( [ 197
166 annual saving / ({1 + r) ** L) 198 return summary

Figure 5 — The part of the code where random variable generation

Each iteration generates a separate scenario for the development of the logistics system,
after which the integral efficiency indicators and net present value (NPV) are calculated.

1000 Monte-Carlo iterations were performed within the framework of the study, which
allowed obtaining a statistically representative distribution of possible results.

A comparison of two scenarios is envisaged:

A (initial state) and B (state of the system after the implementation of risk assessment
digitalization systems).

After modeling, the calculation results obtained are given in the table 3.

Table 3 — Simulation results

Scenario | Mean NPV (million €) |Median NPV (million €) P(NPV>0) |Std dev (million €)

Before 0.88 0.52 57.60% 3.94

After 8.73 8.18 99.00% 3.93

Graphs comparing the results are shown in Fig. 3.
IPE, = 0.43, IPEg = 0.53
AIPE = 0.12 = 12%

Probability of negative NPV, = 42.40%, NPVz = 1%.

Quantitative assessment of efficiency. The IPE distribution for scenario B is shifted
towards higher values and is characterized by lower variability (Fig.6). This indicates an increase in
the average level of efficiency (Fig. 7 and Fig. 8); a reduction in the risk of inefficient
implementations and a stabilization of the logistics process.
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Figure 8 — Distribution of the integral indicator for the options 4 and B

Scenario B demonstrates a higher expected economic benefit compared to A — the
implementation of digital solutions is economically feasible according to average estimates.

Implementation reduces the probability of losses (negative NPV).

Conclusions. The integral efficiency indicator is a generalized criterion for evaluating
multimodal transportation, which combines time, economic and risk characteristics into a single
function. Its application allows not only to compare alternative logistics solutions, but also to
formalize the task of optimizing routes under uncertainty. Unlike classical approaches, the proposed
indicator takes into account the stochastic nature of transport processes, which makes it suitable for
practical use in modern conditions of instability of logistics systems.

The constructed mathematical model allows taking into account the random nature of key
parameters of the transport process, in particular delivery time, delays and transportation costs. The
results of simulation modeling showed that different management policies can significantly differ in
terms of the "cost-risk" ratio.
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The improvement of the integral indicator by 11% was due to the fact that the coordination
of multimodal transportation allowed: to reduce unproductive downtime; to reduce transshipment
costs; to reduce operating costs; to optimize the use of ship batches. This ensured a decrease in total
logistics costs and an increase in net discounted income (NPV).

this was implemented by reducing and reducing additional delays in the event of crisis
situations. As a result, the dispersion of the transport process decreased and its stability increased.

The proposed integral performance indicator allows for a comprehensive assessment of
alternative logistics solutions and to justify the choice of the optimal management architecture for
early risk detection; delay prediction; route reservation; adaptive transportation replanning.
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Kumunepkuii 10, C. Ilapkoe O. B. CTOXACTHMYHE MOJEJIIOBAHHSA E®EKTHMBHOCTI
MVJIBTUMOJAJIBHUX TPAHCIIOPTHUX CUCTEM 3 BUKOPUCTAHHSM IHTEI'POBAHOI'O
I[NOKA3HUKA E®EKTUBHOCTI TA MOAEJIOBAHHSA METOJJOM MOHTE-KAPJIO

3pocmaroua ckaadHicmb ma  HEGUIHAYEHICMb MYIbMUMOOAIbHUX MPAHCNOPMHUX CUCTEM BUMAZAIOMb
PO3POOKU Nepedosux Memooo02iuHUX nioxodie 00 oyiHKu egexkmuernocmi. Y yiti cmammi npedcmaegieHo
CMPYKMYPOBAHULL — AHANI3  CYYACHUX — OOCHIONCEHb  e(heKmUHOCmi  MYyIbMUMOOAIbHUX — Nepese3eHb,
30CepedICYIOUUCy HA OemMEPMIHOBAHUX, OA2AMOKPUMEPIATbHUX MA CIOXACMUYHUX NIOX00aX MOOeN08aHHs.
0250 nokasye, wo oemepmiHoO8ani MOOei, X04d Ul WUPOKO BUKOPUCHOBYIOMbCS, He 8PAX08YI0Mb HANEHCHUM
YUHOM NPUMAMAHHY MIHIUBICIb JNO2ICMUYHUX NpOYecis, wo npuzeooums 00 HAOMIPHO ONMUMICIMUYHUX
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OyiHoK eexmusnocmi. bacamoxpumepianvui  nioxo0u RNOKpawylOmMs NOBHOMY OYIHKY, ale UACMO
3ANUUATOMbC OOMEINCEHUMU CBOEI0 OEMEPMIHOBAHOIO NPUPOOOIO MA CYO'EKMUBHUMU CXEMAMU 36AICY BAHHSL.
3anpononosano HOGY ~ cmoXAcmMuuHy —CMPYKMYpy ~O1a  OYIHKU — epeKmueHocmi  MyIbmumMoOaibHUX
MPAHCNOPMHUX cucmem HA ocHosi Inmeeposanozo noxasnuka egexmuenocmi (IPE), sakuii ooHouacho
8pAX0BYE Yac 00CMAasKU, 8apmicmes MpaAHCHOPMY8AHH Md HAOIUHICMb.

3anpononosanuii nioxio gopmanizye mpancnopmuuil npoyec K CMOXACMUYHY OUHAMIYHY CUcmemy, oe
KII0Y08i napamempu, maki AK 4ac N0O0OPOHiCi, 3aMPUMKU MA eKCNIyamayiini sumpamu, MoOeaoomscs AK
8UNAOKosi eenudunu. /[ 8paxysants negio'eMHOI He8USHAUEHOCMI 8UKOPUCTNOBYEMbCA MeMOoO MOOeN08AHHS
Monme-Kapno, wo 00360756 oyinumu po3nodin umosipnocmeii IPE, a ne nokiadamucs nHa 0emepmiHOSaHi
moukosi  oyinku. Pesynomamu  M0OOento8anus NOKA3yI0OmMv, W0  O0emepMIHOBAHI NIOXO0O0U  CXUNbHI
nepeoyinioeamu eekmusnicmes cucmemu, mooi siK CMOXacmuyHe MoOeNO8aAHHS BUABTAE 3HAYHE 3HUICEHHS
OUIKYBAHOI ehekmusHOCmi uepes MIHAUBICIb MA PUSUKU.

Peszynomamu niomeepoicyroms, o NOEOHAHHS CIMOXACMUYHO20 MOOCTIO8AHHS MA [HMe2POBAHUX NOKAZHUKIE
ehexmusnocmi - 3abesneuyc OibW  peanicmuyny ma HAOIUHY OCHOBY 0N NPUUHAMMS  DilleHb Y
MYTbMUMOOANbHIL T02icmuyi. 3anpononosana cmpykmypa modjice Oymu 3acmoco8ana st 8UOOPy Mapupymy,
VIPABNIHHA PUSUKAMU A CMPAMe2iYHO20 NIAHYB8AHHA MPAHCNOPMHUX Onepayili, 0cobauso 6 cepedosuyax,
WO XapaKkmepusyomscs 8UCOKOI0 HeBU3HAUEHICIO Mda OUHAMIYHUMU 300AMU.

Kniouosi cnosa: mynbmumooanvhi nepeeesenHs; ONmumizayis 102ICMuKU; MOOeN08AHHS, YRPAGIIHHSL
pusuKamu; inmeepanbHull NOKA3HUK.
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