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Abstract 

Freight modal allocation requires balancing economic efficiency, operational perfor-
mance, environmental impacts, reliability, and infrastructure capacity. This study devel-
ops an integrated ANN–CRITIC–SREM framework for evaluating alternative freight allo-
cations among road, rail, and inland waterway transport. The framework is demonstrated 
through a case study of the Prahovo–Šabac corridor in Serbia. Latin hypercube sampling 
was used to generate representative system states for training and validating a multi-out-
put feed-forward artificial neural network employed as a surrogate model for simultane-
ously estimating six decision criteria. The CRITIC method was used to determine objective 
criterion weights, while SREM was applied to rank the alternatives. The ANN showed 
close agreement with engineering-generated reference values on an independent testing 
subset within the defined parameter ranges. Under the adopted baseline assumptions, the 
alternative comprising 60% road and 40% rail transport achieved the highest overall score. 
Sensitivity analysis showed that this alternative remained preferred for most analysed 
values of the SREM balancing coefficient, whereas urgent-delivery, environmental-prior-
ity, and capacity-priority scenarios favoured different modal structures. The results indi-
cate that the integrated framework provides a transparent and flexible decision-support 
basis for evaluating freight modal allocation under changing economic, operational, envi-
ronmental, and capacity-related priorities. 

Keywords: freight modal allocation; sustainable freight transport; multi-criteria decision-
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1. Introduction 
Freight transport plays an essential role in economic development, industrial supply 

chains, and regional connectivity. At the same time, freight flows are increasingly influ-
enced by environmental targets, infrastructure constraints, service reliability, and 
transport-related external effects. Consequently, freight transport planning can no longer 
be based exclusively on the minimisation of direct transport costs or delivery time [1–3]. 
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This is particularly relevant on corridors where road, rail, and inland waterway transport 
can be used individually or combined within different modal allocation structures. 

Road freight transport provides flexibility, direct accessibility, and relatively short 
delivery times, but is generally associated with higher energy consumption, greenhouse 
gas emissions, congestion, noise, and external costs. Rail and inland waterway transport 
may offer environmental and economic advantages for larger freight volumes and longer 
distances, although their applicability depends on terminal accessibility, service frequency, 
transshipment requirements, infrastructure conditions, and available capacity [4–7]. There-
fore, the most sustainable modal allocation is not necessarily the cheapest or fastest solu-
tion, but the one that provides an appropriate compromise among economic, operational, 
and environmental performance. 

Freight modal allocation is inherently a multi-criteria decision problem. Alternative 
modal structures must be evaluated according to conflicting criteria such as direct 
transport cost, delivery time, greenhouse gas emissions, external costs, reliability, and ca-
pacity feasibility. Multi-criteria decision-making methods provide a structured and trans-
parent basis for integrating these criteria and comparing the relative performance of alter-
natives [8]. However, their application requires reliable estimates of criterion values under 
different combinations of freight demand, operating conditions, infrastructure capacity, 
and modal shares. 

Artificial intelligence and machine-learning methods are increasingly used in 
transport and logistics because of their ability to represent nonlinear relationships among 
system variables. Freight mode-choice studies have demonstrated their capacity to cap-
ture complex relationships between shipment characteristics, transport-service variables, 
geographical conditions, and modal decisions [9,10]. Their application to performance 
and energy-related variables also supports their wider use as data-driven surrogate mod-
els. Computational modelling and simulation have been employed to analyse complex 
dynamic behaviour in transport-related engineering systems [11], while machine-learn-
ing-based surrogate models have been incorporated into integrated prediction and opti-
misation frameworks [12]. Artificial neural networks are particularly suitable for approx-
imating complex input–output relationships and have been applied to freight transport 
mode combinations and their environmental effects [13], as well as to problems involving 
heavy-duty vehicle emissions and operational costs [14]. 

Nevertheless, most machine-learning studies in freight transport focus on predicting 
individual mode choices rather than estimating multiple performance criteria for prede-
fined modal structures. Economic, operational, environmental, reliability, and capacity-
related indicators are also less frequently integrated within a unified modelling and multi-
criteria evaluation framework. This creates a need for decision-support approaches that 
combine surrogate estimation with transparent evaluation of alternative freight modal al-
locations. 

To address this research gap, the present study develops an integrated modelling 
and CRITIC–SREM framework for sustainable freight modal allocation. A multi-output 
feed-forward ANN is employed as a surrogate model to estimate criterion values under 
different operating conditions and modal shares. These estimates form the decision ma-
trix, while the CRITIC method determines objective criterion weights by considering cri-
terion variability and inter-criterion conflict [15]. The Square-Root based Evaluation 
Method (SREM) is subsequently used to rank the alternatives [16]. The framework thus 
connects surrogate modelling, objective weighting, and multi-criteria evaluation within a 
unified decision-support procedure. 

The framework is demonstrated through a case study of freight transport on the 
Prahovo–Šabac corridor in Serbia. Seven alternatives with different shares of road, rail, 
and inland waterway transport are evaluated according to six criteria covering economic, 
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operational, environmental, reliability, and capacity-related performance. The analysis 
combines publicly available information, engineering calculations, and explicitly stated 
market-based assumptions to provide a transparent basis for evaluating alternative modal 
structures. 

The study makes three main contributions. First, it develops an integrated modelling 
structure in which a multi-output ANN surrogate estimates six performance criteria for 
predefined freight modal allocations. Second, the resulting estimates are combined with 
CRITIC objective weighting and SREM ranking within a unified decision-support frame-
work. Third, the stability of the preferred modal allocation is examined through sensitiv-
ity analyses involving the SREM balancing coefficient and different decision-making pri-
orities. 

The remainder of the paper is organised as follows. Section 2 reviews the relevant 
literature and identifies the research gap. Section 3 presents the methodological frame-
work, while Section 4 describes the case study, alternatives, criteria, and modelling as-
sumptions. Sections 5 and 6 present the surrogate model and CRITIC–SREM results, re-
spectively. Section 7 provides the sensitivity analyses, and Section 8 presents the conclu-
sions, limitations, and directions for future research. 

2. Literature Review and Research Gap 
2.1. Sustainable Freight Modal Allocation 

The freight transport mode selection has traditionally been based on cost, delivery 
time, shipment characteristics, service availability, and distance. Contemporary planning 
must also consider emissions, external costs, infrastructure capacity, and reliability, which 
may require allocating the same freight flow among road, rail, and inland waterway 
transport [6,7]. 

Road transport provides flexibility and short delivery times but generally generates 
higher energy consumption, emissions, congestion, noise, and external costs. Rail and in-
land waterways may offer economic and environmental advantages for larger volumes 
and longer distances, although their competitiveness depends on infrastructure, termi-
nals, service frequency, transshipment requirements, prices, and reliability [6,17]. Com-
plementary research has examined low-carbon transport infrastructure [18], railway ve-
hicle–track dynamics [19,20], transport-related greenhouse gas trends [21], external costs 
of road and rail freight in Serbia [22], and alternative fuel pathways [23]. 

Intermodal service quality, infrastructure development, operating efficiency, and 
pricing are among the main factors supporting modal shift [7,17]. Modelling and simula-
tion studies have analysed the effects of policy measures, investments, operating costs, 
vehicle utilisation, and environmental impacts [24,25]. Their effectiveness depends on cor-
ridor and shipment characteristics, infrastructure availability, and transferable freight vol-
umes [26]. Broader studies additionally emphasise logistics costs, investment, freight 
rates, time-related costs, and service efficiency [27–29]. Global and regional analyses con-
firm the decarbonisation potential of modal shift while showing that its effects differ 
across countries, corridors, and transport configurations [30–33]. 

These findings indicate that sustainable freight planning should evaluate feasible 
modal combinations rather than prescribe an unconditional shift from one transport mode 
to another. 
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2.2. Artificial Intelligence and Surrogate Modelling in Freight Transport 

Artificial intelligence and machine learning are applied in freight transport for mode-
choice classification, forecasting, travel-time and emissions estimation, routing, and logis-
tics optimisation. Comparative studies have evaluated neural networks, support vector 
machines, decision trees, random forests, boosting, and bagging [9], while ensemble mod-
els have incorporated commodity-specific and geographical characteristics [10]. Other ap-
plications include interpretable mode-choice modelling [34], analysis of preference heter-
ogeneity [35], and identification of freight suitable for transfer from road to rail [36]. 

ANN-based models have been used to approximate nonlinear relationships in engi-
neering systems [37–39] and combined with discrete-event simulation for optimisation 
[40]. In freight transport, neural networks have supported the evaluation of modal com-
binations, environmental effects, operational costs, and railway demand [13,14,41]. Surro-
gate neural-network models have also approximated computationally intensive relation-
ships for subsequent operational evaluation [42]. 

Most existing studies predict the mode selected for an individual shipment rather 
than the performance of predefined modal allocations. In this study, the ANN therefore 
acts as a surrogate model that estimates six economic, operational, environmental, relia-
bility, and capacity-related criteria. These estimates form the decision matrix, while the 
preferred alternative is determined by the MCDM procedure. 

2.3. MCDM Methods in Transport and Logistics 

MCDM methods provide a structured basis for weighting conflicting criteria and rank-
ing transport alternatives. Reviews of intermodal freight applications identify cost, emis-
sions, delivery time, reliability, flexibility, and frequency as the most common criteria [43]. 
Numerous methods, including AHP, TOPSIS, VIKOR, PROMETHEE, BWM, EDAS, CO-
DAS, CRITIC, SWARA, and MARCOS, have been applied in transport and logistics [44]. 

Because the selected method may influence the final ranking [45], contemporary 
frameworks frequently combine weighting, ranking, sensitivity analysis, and uncertainty 
modelling [46,47]. Integrated MCDM approaches have addressed technological, opera-
tional, economic, and infrastructure-related logistics problems [48,49]. They have also 
been combined with simulation for intermodal freight evaluation [50], applied to sustain-
able freight mode selection [51,52], and integrated with routing, last-mile delivery, resili-
ent supply-chain design, sustainable delivery concepts, and alternative propulsion assess-
ment [53–57]. 

Objective weighting methods derive criterion importance from the decision matrix. 
LOGSTA represents one such procedure [58], while CRITIC considers both criterion var-
iability and inter-criterion conflict [15] and has been applied in railway decision problems 
[59]. SREM combines square- and root-transformed normalised values through a balanc-
ing coefficient to rank alternatives [16]. Recent studies also integrate artificial intelligence 
with MCDM in sustainable transport [60] and apply model-driven operations-research 
approaches to intermodal freight systems [61]. Nevertheless, direct integration of multi-
output ANN estimation, objective weighting, and multi-criteria evaluation of predefined 
modal allocations remains limited. 

2.4. Research Gap and Contributions 

The literature demonstrates progress in modal-shift analysis, machine-learning-
based mode-choice modelling, and multi-criteria transport evaluation. However, ma-
chine-learning studies generally predict individual mode choices rather than several per-
formance criteria for predefined modal structures. Economic, operational, environmental, 
reliability, and capacity indicators are also rarely integrated within a single framework. In 
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addition, intermodal freight research highlights the importance of variability and uncer-
tainty in costs, emissions, demand, capacity, and reliability [62]. 

The study addresses these gaps by: (1) using a multi-output ANN surrogate to esti-
mate six criteria for predefined road, rail, and inland waterway allocations; (2) integrating 
these estimates with CRITIC objective weighting and SREM ranking; and (3) examining 
ranking stability under different balancing-coefficient values and decision-making prior-
ities. The resulting framework identifies context-dependent modal allocations rather than 
prescribing a universally optimal modal split. 

3. Methodological Framework 
The proposed ANN–CRITIC–SREM framework integrates surrogate estimation, ob-

jective criterion weighting, multi-criteria ranking, and sensitivity analysis for evaluating 
sustainable freight modal allocation alternatives. As illustrated in Figure 1, case-study 
data, scenario variables, and modal alternatives constitute the model inputs. The ANN 
estimates the criterion values, CRITIC determines their objective weights, and SREM 
ranks the alternatives. Sensitivity analyses subsequently examine the influence of the 
SREM balancing coefficient and different decision-making priorities. 

 

Figure 1. Structure of the proposed ANN–CRITIC–SREM framework. 

Within the framework, the ANN serves as a surrogate model for constructing the 
decision matrix, while the preferred modal allocation is determined through CRITIC 
weighting and SREM evaluation. 

3.1. Problem Formulation and Modal Allocation Model 

Let 𝐴௜, 𝑖 ൌ 1,2, … ,𝑚, denote the 𝑖-th freight modal allocation alternative. Each alter-
native is defined by the shares of road, rail, and inland waterway transport: 𝐴௜ ൌ ൫𝑠ୖ,௜ , 𝑠ୖୟ୧୪,௜, 𝑠୍୛୛,௜൯ (1)

where 𝑠ୖ,௜, 𝑠ୖୟ୧୪,௜, and 𝑠୍୛୛,௜ denote the respective modal shares. 
The modal shares must be non-negative and their sum must be equal to one: 
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sୖ,௜ + sୖୟ୧୪,௜ + s୍୛୛,௜ = 1   𝑠௞,௜ ≥ 0,  𝑘 ∈ {R, Rail, IWW}  
(2)

For a total freight demand 𝐷, the freight quantity assigned to transport mode 𝑘 un-
der alternative 𝐴௜ is: 𝐷௞,௜ = 𝐷 𝑠௞,௜ (3)

Let 𝐾௞ denote the available weekly capacity of transport mode 𝑘. A modal alloca-
tion alternative is operationally feasible when:  𝐷 𝑠௞,௜ ≤ 𝐾௞,  ∀𝑘 ∈ {𝑅, Rail, IWW}   (4)

For each transport mode included in alternative 𝐴௜, the relative capacity reserve is 
calculated as: 𝑟௞,௜ = 1 − 𝐷 𝑠௞,௜𝐾௞    (5)

The capacity feasibility criterion is defined as the minimum relative capacity reserve 
among the transport modes used in alternative 𝐴௜: 𝐶௜଺ = min௞:௦ೖ,೔வ଴ ൬1 − 𝐷 𝑠௞,௜𝐾௞ ൰ (6)

This formulation identifies the most capacity-constrained transport mode within 
each modal allocation alternative. A value close to zero indicates that at least one transport 
mode is operating near its available capacity, whereas a higher value indicates a larger 
capacity reserve. 

The modal allocation alternatives are evaluated according to six criteria: 𝒞 = {𝐶ଵ,𝐶ଶ,𝐶ଷ,𝐶ସ,𝐶ହ,𝐶଺}  

where C1 is direct transport cost, C2 is weighted average transit time, C3 is greenhouse gas 
emissions, C4 is external cost, C5 is weighted modal reliability, and C6 is the minimum 
relative capacity reserve. 

Thus, Equations (1)–(6) define the modal allocation structure, freight distribution, 
and capacity-feasibility conditions used throughout the analysis. 

3.2. ANN-Based Surrogate Model 

A feed-forward artificial neural network is employed as a surrogate model to esti-
mate the criterion values for different combinations of operating conditions and modal 
shares. Feed-forward neural networks are suitable for approximating nonlinear relation-
ships between input and output variables [63]. The ANN input vector associated with 
alternative 𝐴௜ is defined as: x௜ = ൣ𝐷,  𝑞,  ℎ, κோ , κୖୟ୧୪, κ୍୛୛, 𝑝௙,  𝜏, 𝑠ୖ,௜ , 𝑠ୖୟ୧୪,௜ , 𝑠୍୛୛,௜൧ 
where 𝐷 is freight demand, 𝑞 is the road-congestion factor, ℎ is the inland-waterway 
navigation factor, κோ, κୖୟ୧୪, and κ୍୛୛ are the modal-capacity ratios, 𝑝௙ is the fuel-price 
index, 𝜏  is the delivery-time requirement, and 𝑠ୖ,௜ , 𝑠ୖୟ୧୪,୧, 𝑠୍୛୛,୧  denote the respective 
modal shares. 

The corresponding available capacity of transport mode k is obtained as Kk = κk D 
and is used in the calculation of the capacity-feasibility criterion. 

The ANN output vector is: yො௜ = ൣ𝐶መ௜ଵ, 𝐶መ௜ଶ, 𝐶መ௜ଷ, 𝐶መ௜ସ, 𝐶መ௜ହ, 𝐶መ௜଺൧ 
where 𝐶መ௜௝ represents the surrogate-estimated value of criterion j for alternative i. 
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The ANN input–output mapping is defined by Equation (7): yො௜ = 𝑓୅୒୒ሺx௜;θሻ   (7)

where 𝑓୅୒୒ denotes the trained neural-network function and 𝛉 represents the network 
parameters, including weights and biases. 

For a scenario-generated training dataset containing N input–output samples and six 
output variables, the network parameters are estimated by minimising the mean squared 
error. The target values are obtained from the engineering reference calculations de-
scribed in Section 4. Accordingly, the ANN approximates the engineering reference model 
rather than learning directly from observed operator data. The optimisation problem de-
fined by Equation (8) is solved during ANN training: 

ℒሺθሻ = 16𝑁෍෍൫𝑦ℓ௝ − 𝑦ොℓ௝൯ଶ଺
௝ୀଵ

ே
ℓୀଵ  (8)

The detailed ANN architecture, activation functions, input and output normalisation, 
dataset division, optimisation algorithm, and surrogate-performance indicators are pre-
sented in Section 5. 

After training, the ANN surrogate is applied to the predefined modal allocation al-
ternatives. The resulting estimates form the initial decision matrix: 

X෡ = ൣ𝐶መ௜௝൧௠×଺ = ⎣⎢⎢
⎡𝐶መଵଵ 𝐶መଵଶ 𝐶መଵଷ 𝐶መଵସ 𝐶መଵହ 𝐶መଵ଺𝐶መଶଵ 𝐶መଶଶ 𝐶መଶଷ 𝐶መଶସ 𝐶መଶହ 𝐶መଶ଺⋮ ⋮ ⋮ ⋮ ⋮ ⋮𝐶መ௠ଵ 𝐶መ௠ଶ 𝐶መ௠ଷ 𝐶መ௠ସ 𝐶መ௠ହ 𝐶መ௠଺⎦⎥⎥

⎤
 

The rows of matrix X෡ represent the modal allocation alternatives, while the columns 
represent the surrogate-estimated decision criteria. 

3.3. CRITIC Objective Weighting Method 

The CRITIC method is applied to determine objective criterion weights from the sur-
rogate-estimated decision matrix. The method evaluates the information contained in 
each criterion by combining its contrast intensity, represented by standard deviation, and 
its conflict with the remaining criteria, represented by inter-criterion correlation [15]. 

For a benefit-type criterion, the normalised value is calculated as: 𝑧௜௝ = 𝐶መ௜௝ − 𝐶መ௝୫୧୬𝐶መ௝୫ୟ୶ − 𝐶መ௝୫୧୬ ,  𝑗 = 5,6 (9)

For a cost-type criterion, normalisation is performed as: 𝑧௜௝ = 𝐶መ௝୫ୟ୶ − 𝐶መ௜௝𝐶መ௝୫ୟ୶ − 𝐶መ௝୫୧୬ ,  𝑗 = 1,2,3,4 (10)

The mean normalised value of criterion 𝑗 is: 

𝑧௝ = 1𝑚෍𝑧௜௝௠
௜ୀଵ  (11)

The contrast intensity of criterion 𝑗 is represented by its standard deviation: 

𝜎௝ = ඨ∑ ൫𝑧௜௝ − 𝑧௝൯ଶ௠௜ୀଵ𝑚 − 1  (12)

The Pearson correlation coefficient between criteria 𝑗 and 𝑘 is calculated as: 
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𝜌௝௞ = ∑ ൫𝑧௜௝ − 𝑧௝൯௠௜ୀଵ ሺ𝑧௜௞ − 𝑧௞ሻට∑ ൫𝑧௜௝ − 𝑧௝൯ଶ௠௜ୀଵ ඥ∑ ሺ𝑧௜௞ − 𝑧௞ሻଶ௠௜ୀଵ  (13)

The information content of criterion 𝑗 is: 

𝐼௝ = 𝜎௝෍൫1 − 𝜌௝௞൯଺
௞ୀଵ  (14)

Finally, the objective CRITIC weight of criterion 𝑗 is calculated as: 𝑤௝ = 𝐼௝∑ 𝐼௞଺௞ୀଵ  (15)

subject to: 

෍𝑤௝଺
௝ୀଵ = 1, 𝑤௝ ≥ 0 (16)

A criterion receives a higher weight when it exhibits greater variation among alterna-
tives and contains information that is less strongly correlated with the remaining criteria. 

It should be emphasised that the CRITIC weights are derived from a scenario-based 
decision matrix rather than observed operational data. Consequently, the resulting 
weights reflect the variability and interrelationships of the modelled criteria under the 
adopted assumptions and should not be interpreted as empirically established criterion 
importance. 

3.4. SREM Ranking Method 

The Square-Root based Evaluation Method (SREM) is used to rank the freight modal 
allocation alternatives [16]. SREM integrates squared and square-root transformations of 
percentage-normalised criterion values. The relative contribution of these transformations 
is controlled by the balancing coefficient 𝛼. 

For benefit-type criteria, percentage normalisation is performed as: 𝑚௜௝ = 𝐶መ௜௝∑ 𝐶መ௜௝௠௜ୀଵ ⋅ 100,  𝑗 = 5,6 (17)

For cost-type criteria, reciprocal values are used before percentage normalisation: 𝑚௜௝ = 1/𝐶መ௜௝∑ ൫1/𝐶መ௜௝൯௠௜ୀଵ ⋅ 100,  𝑗 = 1,2,3,4 (18)

The elements of the squared-transformed matrix are calculated as: 𝑆௜௝ = 𝑚௜௝ଶ∑ 𝑚௜௝ଶ௠௜ୀଵ  (19)

The elements of the square-root-transformed matrix are calculated as: 𝑅௜௝ = ඥ𝑚௜௝∑ ඥ𝑚௜௝௠௜ୀଵ  (20)

The squared- and square-root-transformed components are integrated as: 𝑎௜௝ = 𝛼𝑆௜௝ + ሺ1 − 𝛼ሻ𝑅௜௝ ,  0 ≤ 𝛼 ≤ 1 (21)
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when 𝛼 = 1, only the squared-transformed component is considered. When 𝛼 = 0, only 
the square-root-transformed component is considered. In the baseline calculation, 𝛼 = 0.5 
is used, providing equal contributions from the two transformed components. 

The weighted fused values are calculated as: 𝑛௜௝ = 𝑎௜௝𝑤௝ (22)

The final SREM score of alternative 𝐴௜ is: 

𝐹௜ = ෍𝑛௜௝଺
௝ୀଵ  (23)

The alternatives are ranked in descending order of 𝐹௜. Therefore: 𝐴ୠୣୱ୲ = arg max஺೔ 𝐹௜   (24)

where 𝐴ୠୣୱ୲ denotes the most favourable freight modal allocation alternative. 
SREM was selected because its squared and square-root transformations allow dif-

ferent aggregation behaviours to be examined within a unified ranking framework. The bal-
ancing coefficient α controls the relative contribution of these transformations and is treated 
as a methodological parameter rather than an empirically established representation of de-
cision-maker preferences. Its influence on ranking stability is examined in Section 7.1. 

3.5. Sensitivity Analysis Procedure 

The stability of the baseline CRITIC–SREM ranking is examined through two com-
plementary sensitivity analyses. 

First, the sensitivity of the SREM ranking to the balancing coefficient α is analysed. 
The coefficient is varied over the range from 0 to 1 using the values: 𝛼 ∈ {0,  0.25,  0.50,  0.75,  1.00} 

This analysis examines whether the identification of the preferred modal allocation 
depends strongly on the relative contribution of the squared- and square-root-trans-
formed components of the SREM method. 

Second, the influence of different decision-making priorities is examined by applying 
alternative criterion-weight scenarios. For each scenario 𝑠, the criterion weights satisfy: 

𝑤௝ሺ௦ሻ ≥ 0,  ෍𝑤௝ሺ௦ሻ଺
௝ୀଵ = 1 (25)

The analysed scenarios include the baseline CRITIC weights, economic priority, ur-
gent-delivery priority, environmental priority, capacity priority, and equal criterion 
weights. These scenarios are used to examine how changes in the relative importance of 
economic, operational, environmental, reliability, and capacity-related criteria affect the 
preferred modal allocation. 

Together, these analyses provide an assessment of the robustness of the baseline 
ranking with respect to both the internal SREM balancing parameter and changes in deci-
sion-making priorities. 

4. Case Study, Alternatives and Data Assumptions 
The proposed framework is demonstrated through a scenario-based case study of 

freight modal allocation on the Prahovo–Šabac corridor in Serbia. The analysed transport 
task considers the allocation of the same weekly freight demand among road, rail, and 
inland waterway transport under predefined operating and capacity conditions. 
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Prahovo and Šabac were selected as the endpoints of the modelled corridor because 
both locations are associated with officially declared port areas [64]. The inland waterway 
component of the corridor is represented by the Danube and Sava waterways, using offi-
cial navigational charts and waterway information provided by the Directorate for Inland 
Waterways [65]. The selection of Prahovo is supported by the ongoing development and 
capacity-expansion activities related to the Port of Prahovo [66]. The corresponding road 
and rail components are defined using the official road-network reference system and 
published railway distance and tariff documents [67,68]. 

The case study does not reproduce an existing commercial transport contract or a 
currently operated scheduled trimodal service. Instead, it evaluates modelled modal allo-
cation structures under a common freight demand and explicitly defined operating as-
sumptions. Its purpose is to demonstrate the application of the proposed decision-support 
framework and to examine the compromise between economic, operational, environmen-
tal, reliability, and capacity-related criteria. Accordingly, the results should be interpreted 
as scenario-based estimates rather than as measured performance of an existing transport 
service. 

4.1. Study Area, Data Sources, and Modelling Assumptions 

The scenario-based case study combines publicly available infrastructure and 
transport data [64–68], engineering calculations based on established emission and exter-
nal-cost methodologies [2,69,70], explicitly stated market-based assumptions, and sce-
nario variables used to generate the surrogate-model dataset. The corresponding data 
structure and source status are summarised in Table 1. 

Table 1. Data basis and source status used in the scenario-based case study. 

Data Group Examples of Variables Data Status Source/Reference 
Publicly available data port areas and terminal availability public/official [64,66] 
Publicly available data inland waterway route and navigation conditions public/official [65] 

Publicly available data railway distances and tariff elements 
public/pub-

lished 
[67] 

Publicly available data road-network routes and distances public/official [68] 
Engineering calculations GHG emissions calculated [69,70] 
Engineering calculations external costs calculated [2] 
Market-based assump-

tions 
commercial prices, capacities, and reliability  

coefficients 
assumed 

Authors’  
assumptions 

Scenario parameters 
demand, congestion, navigation, and fuel-price fac-

tors 
scenario-based 

Defined by the  
authors 

The adopted data structure enables transparent evaluation of modal allocation alter-
natives under explicitly defined assumptions and is intended for decision support rather 
than detailed operational or commercial planning. 

The assumed transport costs, reliability coefficients, and capacity values were 
adopted as illustrative inputs due to the limited availability of detailed operator-level 
data. These assumptions are explicitly distinguished from official data and engineering 
calculations in Tables 1 and 2. Consequently, the numerical results should be interpreted 
as scenario-dependent estimates rather than empirically validated operational outcomes. 
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Table 2. Baseline numerical assumptions used in the scenario-based case study. 

Parameter Road Rail Inland Waterway Source/Status 
Transport distance—km 390 520 415 road [68]; rail [67]; IWW [65] 

Unit transport cost—EUR/t 19.94 8.78 31.13 
rail tariff [67]; road and IWW values 

assumed 
Modal transit time—h 8.0 24.0 60.0 engineering estimate 

GHG coefficient—t CO2e/t 0.02418 0.00720 0.01087 calculated using [69,70] 
External cost coefficient—EUR/t 13.65 5.20 6.23 calculated/adapted using [2] 

Reliability coefficient—dimensionless 0.950 0.900 0.850 assumed 
Available weekly capacity—t/week 5000 3000 2500 scenario assumption 

The proposed framework represents a simplified strategic-level assessment rather 
than a detailed operational transport model. Infrastructure bottlenecks, terminal han-
dling, service frequencies, and seasonal navigation restrictions are not explicitly mod-
elled. Furthermore, criterion C6 represents a simplified relative capacity-reserve indicator 
and should not be interpreted as a comprehensive measure of infrastructure capacity or 
operational feasibility. 

4.2. Definition of Freight Modal Allocation Alternatives 

Seven alternatives are considered, representing different allocations of the same 
freight demand among road, rail, and inland waterway transport, including a fully road-
based option, road–rail combinations, and trimodal structures. 

The modal composition of the considered alternatives is illustrated in Figure 2. 

. 

Figure 2. Modal composition of the considered freight allocation alternatives. 
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Figure 2 illustrates the gradual transition from the fully road-based alternative A1 
towards structures with increasing rail and inland-waterway shares. All alternatives rep-
resent modelled modal allocations under the same weekly freight demand rather than 
existing commercial transport arrangements. 

The considered alternatives constitute illustrative scenarios rather than an exhaustive 
set of feasible modal allocations. Other modal combinations could produce different rank-
ings and should therefore be considered in future applications. 

4.3. Decision Criteria 

The selected decision criteria are presented in Table 3. 

Table 3. Decision criteria used in the case study. 

Criterion Description Unit Type 
C1 Direct transport cost EUR/week min 
C2 Weighted average transit time h min 
C3 Greenhouse gas emissions t CO2e/week min 
C4 External costs EUR/week min 
C5 Weighted modal reliability index max 
C6 Minimum relative capacity reserve index max 

The alternatives are evaluated using six criteria covering economic, operational, en-
vironmental, reliability, and capacity-related performance (Table 3). GHG emissions are 
calculated according to ISO 14083:2023 [69] and relevant modal emission guidance [70], 
while external costs follow the European Handbook on the External Costs of Transport 
[2]. Weighted modal reliability represents the assumed service reliability of the modal 
structure, whereas the minimum relative capacity reserve reflects the most capacity-con-
strained mode within that structure. Criteria C1–C4 are minimisation criteria, while C5 and 
C6 are maximisation criteria. 

4.4. Base Scenario and Numerical Assumptions 

The base scenario considers a weekly freight flow of: 

D = 5000 t/week 

The adopted transport distances, unit costs, modal times, emission coefficients, ex-
ternal cost coefficients, reliability coefficients and available weekly capacities are shown 
in Table 2. 

The adopted values serve as reference values for generating the scenario-based in-
put–output samples and define the base operating scenario. In addition to the modal 
shares, the scenario variables include the road-congestion factor, inland-waterway navi-
gation factor, fuel-price index, and delivery-time requirement. For the base scenario, the 
following values are adopted: 

Q = 1.00, h = 1.00, pf = 1.00, τ = 72 h 

where q is the road congestion factor, h is the inland waterway navigation factor, pf is 
the fuel price index, and τ is the delivery-time requirement. 

These data and assumptions provide the basis for scenario generation and surrogate 
estimation of the six decision criteria described in Section 5. 
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5. ANN Surrogate Model Development and Decision Matrix Construction 
The development, training, and validation of the artificial neural network used as a 

surrogate model are described below. The ANN is trained using scenario-based input–
output samples derived from the corridor data and numerical assumptions presented in 
Section 4. After validation, the trained surrogate is applied to the seven predefined alter-
natives under the base operating scenario. The resulting estimates form the decision ma-
trix used in the CRITIC–SREM evaluation. 

5.1. Generation of the Scenario-Based Dataset 

The surrogate-model dataset was generated using Latin hypercube sampling (LHS), 
which provides stratified coverage of a multidimensional input space [71]. A total of 
10,000 system states was generated by varying eight scenario variables within the ranges 
presented in Table 4. Continuous uniform distributions were assumed because reliable 
probability distributions were unavailable, while the modal shares were fixed according 
to the seven alternatives defined in Table 5. Each system state was combined with all seven 
modal structures, producing 70,000 scenario-based input–output samples. Together with 
the three modal shares, the eight scenario variables form the 11 ANN inputs. 

Table 4. Input-variable ranges used for scenario generation. 

Input Variable Symbol Base Value Minimum Maximum Sampling Rule 

Freight demand (D) 5000 t/week 4000 t/week 6000 t/week 
LHS, continuous uniform 

range 

Road-congestion factor (q) 1.00 0.90 1.20 LHS, continuous uniform 
range 

Inland-waterway navigation 
factor (h) 1.00 0.90 1.20 LHS, continuous uniform 

range 

Road-capacity ratio (κோ) 1.00 1.00 1.30 
LHS, continuous uniform 

range 

Rail-capacity ratio (κୖୟ୧୪) 0.60 0.50 0.80 LHS, continuous uniform 
range 

Inland-waterway-capacity ratio (κ୍୛୛) 0.50 0.30 0.60 LHS, continuous uniform 
range 

Fuel-price index (pf) 1.00 0.85 1.25 
LHS, continuous uniform 

range 

Delivery-time requirement (τ) 72 h 24 h 72 h 
LHS, continuous uniform 

range 

Modal shares (𝑠ோ , 𝑠ୖୟ୧୪, 𝑠୍୛୛) Table 5 Fixed Fixed Seven predefined alterna-
tives 

Table 5. Freight modal allocation alternatives. 

Alternative Road Share Rail Share 
Inland Waterway 

Share 
Description 

A1 100% 0% 0% fully road-based transport 
A2 80% 20% 0% road-dominant road–rail option 
A3 60% 40% 0% mixed road–rail option 
A4 60% 20% 20% road-dominant trimodal option 
A5 40% 40% 20% balanced trimodal option 
A6 30% 50% 20% rail-dominant trimodal option 
A7 20% 50% 30% rail–waterway-oriented trimodal option 
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The adopted range of the inland-waterway navigation factor represents moderate 
variations around normal navigational conditions and does not explicitly account for ex-
treme hydrological events, such as prolonged low-water periods or floods that may se-
verely restrict inland-waterway operations. 

The input variables were sampled independently; therefore, possible empirical cor-
relations among freight demand, congestion, navigation conditions, and fuel prices were 
not represented. This assumption should be addressed in future applications using ob-
served data. 

The following equations define the six target variables used to generate the ANN 
training dataset. For each modal allocation alternative 𝑖, the criteria are calculated as fol-
lows: 𝐶௜ଵ = 𝐷𝑝௙൫𝑠ோ,௜𝑐ோ𝑞 + 𝑠ୖୟ୧୪,௜𝑐ୖୟ୧୪ + 𝑠୍୛୛,௜𝑐୍୛୛ℎ൯ 𝐶௜ଶ = 𝑠ோ,௜𝑡ோ𝑞 + 𝑠ୖୟ୧୪,௜𝑡ୖୟ୧୪ + 𝑠୍୛୛,௜𝑡୍୛୛ℎ 𝐶௜ଷ = 𝐷൫𝑠ோ,௜𝑒ோ𝑞 + 𝑠ୖୟ୧୪,௜𝑒ୖୟ୧୪ + 𝑠୍୛୛,௜𝑒୍୛୛ℎ൯ 𝐶௜ସ = 𝐷൫𝑠ோ,௜𝑥ோ𝑞 + 𝑠ୖୟ୧୪,௜𝑥ୖୟ୧୪ + 𝑠୍୛୛,௜𝑥୍୛୛ℎ൯ 𝐶௜ହ = ൫𝑠ோ,௜𝑟ோ + 𝑠ୖୟ୧୪,௜𝑟 ୟ୧୪ + 𝑠୍୛୛,௜𝑟୛୛൯min ൬1, 𝜏𝐶௜ଶ൰ 

𝐶௜଺ = min௞:௦ೖ,೔வ଴ ൬1 − 𝐷𝑠௞,௜𝐾௞ ൰ 

(26)

where: 

• 𝑐௞ denotes the modal unit transport cost; 
• 𝑡௞ denotes the modal transit time; 
• 𝑒௞ denotes the modal GHG emission coefficient; 
• 𝑥௞ denotes the modal external-cost coefficient; 
• 𝑟௞ denotes the modal reliability coefficient reported in Table 2; 
• 𝐷 is the weekly freight demand; 
• 𝑝௙ is the fuel-price index; 
• 𝑞 is the road-congestion factor; 
• ℎ is the inland-waterway navigation factor; 
• 𝜏 is the delivery-time requirement; 
• 𝑠௞,௜ is the share of transport mode 𝑘 in alternative 𝑖; 
• 𝐾௞ is the available weekly capacity of transport mode 𝑘. 

For the base scenario, 𝑞 = ℎ = 𝑝௙ = 1, and 𝜏 = 72 h, which yields the criterion val-
ues used for the baseline modal allocation analysis. 

For each scenario-based input–output sample, the six reference target values were 
calculated using the engineering relationships defined in Equation (26), linking freight 
demand, modal shares, operating-condition factors, modal coefficients, and capacity ra-
tios to the corresponding criteria. 

The engineering reference model is explicitly defined by Equation (26), using the pa-
rameters and assumptions presented in Tables 2 and 4. The resulting deterministic esti-
mates serve as reference targets for ANN training and validation. Consequently, the ANN 
outputs remain conditional on the adopted mathematical relationships and scenario as-
sumptions rather than observed transport operations. 

Although the engineering reference equations can be evaluated directly, the ANN 
provides a unified multi-output surrogate for estimating all six decision criteria under 
varying scenario conditions. Its principal contribution is methodological integration ra-
ther than demonstrated computational superiority over the simplified reference model. 
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The framework can also accommodate more complex simulation-based or empirical ref-
erence models in future applications. 

5.2. Data Preprocessing and Dataset Division 

The 10,000 system states were divided into training, validation, and testing subsets 
in proportions of 70%, 15%, and 15%, respectively. Division was performed at the system-
state level, ensuring that all seven modal alternatives derived from the same state be-
longed to the same subset and preventing information leakage. This resulted in 49,000 
training, 10,500 validation, and 10,500 testing input–output samples. A fixed random seed 
of 42 was used. Normalisation parameters were estimated exclusively from the training 
subset and subsequently applied to the validation and testing data [72,73]. 

5.3. ANN Architecture and Training Procedure 

A fully connected multi-output feed-forward ANN with an 11–64–32–6 architecture 
was developed. ReLU activation was used in the hidden layers and linear activation in 
the output layer. Network weights were initialised using the Glorot/Xavier scheme [74]. 
Training was performed using the Adam optimiser [75] to minimise the mean squared 
error, while early stopping based on validation loss was applied to reduce overfitting [76]. 
The adopted parameters are summarised in Table 6. 

Table 6. ANN architecture and training parameters. 

Parameter Adopted Value 
ANN architecture 11–64–32–6 

Hidden-layer activation ReLU 
Output activation Linear 

Weight initialisation Glorot/Xavier 
Optimiser Adam 

Initial learning rate 0.001 
Batch size 256 

Maximum epochs 180 
Loss function Mean squared error 

Early-stopping patience 20 epochs 
Random seed 42 

Training/validation/testing split 70%/15%/15% 

The adopted ANN architecture was selected as a compact multi-output surrogate 
configuration suitable for the considered input–output mapping. A separate hyperparam-
eter optimisation procedure or k-fold cross-validation was not performed. Instead, a fixed 
training, validation, and testing split was used, together with early stopping to reduce 
overfitting. Generalisation performance was assessed on an independent testing subset 
using RMSE, MAE, R2, and NRMSE, as reported in Table 7. 
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Table 7. ANN surrogate performance on the testing subset. 

Output RMSE MAE R2 NRMSE 
Direct transport cost 679.12 EUR/week 519.06 EUR/week 0.9987 0.0055 

Weighted average transit time 0.0718 h 0.0558 h 0.9999 0.0025 
GHG emissions 0.3557 t CO2e/week 0.2723 t CO2e/week 0.9998 0.0028 
External costs 189.96 EUR/week 145.49 EUR/week 0.9998 0.0027 

Weighted modal reliability 0.00103 0.00048 0.9990 0.0032 
Minimum relative capacity reserve 0.00450 0.00330 0.9989 0.0084 

The architecture of the developed multi-output feed-forward ANN is illustrated in 
Figure 3. The network contains eleven input neurons, two fully connected hidden layers 
with 64 and 32 neurons, respectively, and six output neurons corresponding to the deci-
sion criteria. 

 

Figure 3. Architecture of the multi-output feed-forward ANN. 

Figure 3 illustrates the eleven inputs, two hidden layers, and six simultaneously es-
timated decision-criterion values. 

All numerical calculations, including Latin hypercube sampling, ANN training and 
validation, CRITIC weighting, SREM ranking, and sensitivity analyses, were performed 
using MATLAB R2018b (MathWorks, Natick, MA, USA). The comparative TOPSIS anal-
ysis presented in Section 6.3 was performed using Python 3.11 with NumPy 1.26.4. 

5.4. ANN Surrogate Performance 

The approximation performance of the trained ANN surrogate was evaluated using 
the independent testing subset. The results presented in Table 7 show close agreement 
between the engineering-calculated reference values and the surrogate estimates. The co-
efficient of determination exceeded 0.998 for all six outputs, while the normalised RMSE 
remained below 1%. The use of RMSE and MAE as complementary error metrics follows 
established guidance on their interpretation [77]. 

The lowest relative estimation errors were obtained for weighted average transit 
time, GHG emissions, and external costs. The minimum relative capacity reserve exhib-
ited the highest normalised error, although its NRMSE remained below 0.01. 

The obtained results show that the ANN accurately reproduces the input–output re-
lationships of the engineering reference model within the analysed parameter ranges. This 
evaluation represents internal surrogate-model validation against engineering-generated 
reference values rather than external validation against observed operational data. 
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NRMSE was calculated by dividing RMSE by the range of the corresponding reference 
values in the testing subset. 

The ANN surrogate estimates closely reproduce the engineering-calculated reference 
values, with small approximation differences arising from the surrogate-modelling pro-
cess. The values are reported in Table 8 in rounded form for presentation, whereas the 
unrounded ANN outputs were used in all subsequent CRITIC and SREM calculations. 

Table 8. Surrogate-estimated decision matrix for the Prahovo–Šabac corridor. 

Alternative C1 C2  C3  C4  C5 C6  
A1 99,699.27 8.053 120.876 68,278.90 0.950701 0.003422 
A2 88,912.86 11.213 103.968 59,840.96 0.940586 0.195346 
A3 77,464.61 14.392 86.679 51,198.11 0.930346 0.331882 
A4 99,893.75 21.644 90.346 52,252.35 0.919960 0.397885 
A5 88,908.82 24.777 73.406 43,747.57 0.910132 0.333846 
A6 83,242.52 26.423 64.898 39,572.13 0.904618 0.166151 
A7 88,094.67 31.570 58.345 35,896.30 0.894569 0.165906 

The surrogate-estimated decision matrix reveals clear trade-offs among the alterna-
tives. A1 provides the shortest transit time and highest reliability but also the highest GHG 
emissions and external costs, whereas A7 shows the opposite pattern. A3 achieves the low-
est direct transport cost under baseline conditions. Since no alternative dominates across 
all criteria, the complete decision matrix is subsequently evaluated using the CRITIC–
SREM procedure. 

6. CRITIC–SREM Calculation and Ranking Results 
The surrogate-estimated decision matrix is evaluated using the integrated CRITIC–

SREM procedure. The CRITIC method first determines objective criterion weights based 
on criterion variability and inter-criterion correlations. The resulting weights are then in-
corporated into the SREM method to calculate the final performance scores and rank the 
considered freight modal allocation alternatives. 

6.1. Objective Criterion Weights Obtained Using the CRITIC Method 

The CRITIC method was applied to the surrogate-estimated decision matrix accord-
ing to the procedure defined by Equations (9)–(16) in Section 3.3. The resulting objective 
criterion weights are presented in Table 9. 

Table 9. CRITIC weights of the decision criteria. 

Criterion Description Type CRITIC Weight 
C1 Direct transport cost min 0.1361 
C2 Weighted average transit time min 0.2054 
C3 GHG emissions min 0.1555 
C4 External costs min 0.1565 
C5 Weighted modal reliability max 0.2053 
C6 Minimum relative capacity reserve max 0.1411 

Weighted average transit time and weighted modal reliability receive the highest 
CRITIC weights, 0.2054 and 0.2053, respectively, indicating the greatest discriminatory 
information within the analysed decision matrix. GHG emissions, external costs, capacity 
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reserve, and direct transport cost receive relatively similar weights, showing that no single 
criterion strongly dominates the objective weighting structure. 

6.2. SREM Ranking Results 

The CRITIC weights were subsequently applied in the SREM ranking procedure de-
fined by Equations (17)–(24). The baseline calculation was performed using a balancing 
coefficient of α = 0.5. This value assigns equal contributions to the squared- and square-
root-transformed components of the method. The resulting SREM scores and final ranking 
are presented in Table 10. 

Table 10. Comparative ranking results obtained using SREM and TOPSIS. 

Rank Alternative SREM Score TOPSIS Score TOPSIS Rank 
1 A3 0.15284 0.72371 1 
2 A1 0.14450 0.46377 5 
3 A5 0.14409 0.56666 4 
4 A4 0.14214 0.61281 2 
5 A7 0.14037 0.40011 7 
6 A2 0.14010 0.58811 3 
7 A6 0.13597 0.43569 6 

The baseline SREM ranking is: 

A3 > A1 > A5 > A4 > A7 > A2 > A6. 

To provide a clearer comparison of the final performance values, the baseline SREM 
scores are graphically presented in Figure 4. The alternatives are arranged according to 
their descending SREM scores. 

 

Figure 4. SREM scores and ranking of the freight modal allocation alternatives under baseline con-
ditions (α = 0.5). 

Figure 4 shows that A3 (60% road and 40% rail transport) achieves the highest SREM 
score and is therefore the highest-ranked alternative under the baseline assumptions. The 
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score differences between A1 and A5 (0.00041) and between A7 and A2 (0.00027) are small, 
indicating that their relative positions should be interpreted cautiously. The robustness of 
the ranking is further examined through the TOPSIS comparison in Section 6.3 and the 
sensitivity analyses in Section 7. 

6.3. Comparative Ranking and Robustness Check Using TOPSIS 

To further assess ranking robustness, the TOPSIS method was applied using the same 
decision matrix (Table 8) and CRITIC weights (Table 9). Vector normalization was em-
ployed, with C1–C4 treated as cost criteria and C5–C6 as benefit criteria. The comparative 
results are presented in Table 10. 

Both SREM and TOPSIS identified A3 (60% road and 40% rail) as the highest-ranked 
alternative, although differences were observed in the ranking of the remaining alterna-
tives. This comparison provides an additional check of the stability of the preferred alter-
native with respect to the selected MCDM method. However, it should not be interpreted 
as empirical validation of the proposed framework or the ANN estimates. 

6.4. Interpretation of the Ranking Results 

The ranking reflects the trade-off among economic efficiency, operational perfor-
mance, environmental sustainability, reliability, and capacity-related performance. Under 
the adopted modelling assumptions, alternatives with higher road shares perform better 
in terms of transit time and reliability, whereas increasing rail and inland-waterway 
shares reduces GHG emissions and external costs. 

Alternative A3 achieves the highest baseline score because its 40% rail share reduces 
direct transport cost, GHG emissions, and external costs relative to the fully road-based 
alternative, while its remaining road share preserves comparatively favourable transit 
time and reliability. Alternatives with larger rail and inland-waterway shares provide 
stronger environmental performance but receive lower performance values for transit 
time, reliability, and, in some cases, capacity reserve. Under the adopted assumptions and 
CRITIC weights, A3 therefore represents the highest-ranked overall compromise. 

7. Sensitivity Analysis 
The robustness of the ranking produced by the integrated framework is examined 

through two complementary sensitivity analyses. The first investigates the influence of 
the SREM balancing coefficient, while the second examines different decision-making pri-
orities by varying the criterion weights. The baseline CRITIC–SREM ranking obtained 
from the surrogate-estimated decision matrix is: 

A3 > A1 > A5 > A4 > A7 > A2 > A6. 

Under the baseline conditions, A3 is the highest-ranked alternative, representing a 
modal structure of 60% road and 40% rail transport. 

7.1. Sensitivity to the SREM Balancing Coefficient 

The influence of the SREM balancing coefficient α, introduced in Equation (21), was 
examined by varying its value from 0 to 1. According to the adopted SREM formulation, 
α=0 represents exclusive use of the square-root-transformed component, while α=1 repre-
sents exclusive use of the squared-transformed component. The results are presented in 
Table 11. 
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Table 11. Sensitivity of the SREM ranking to balancing coefficient α. 

α First-Ranked Alternative Top Three Alternatives 
0.00 A3 A3 > A5 > A2 
0.25 A3 A3 > A5 > A4 
0.50 A3 A3 > A1 > A5 
0.75 A3 A3 > A1 > A5 
1.00 A1 A1 > A3 > A5 

While Table 11 reports the leading alternatives for selected values of the balancing 
coefficient, Figure 5 provides a more detailed representation of the SREM-score trajecto-
ries over the complete analysed range of α. 

 

Figure 5. Sensitivity of the SREM scores to the balancing coefficient α. 

Figure 5 shows that A3 maintains the highest SREM score for balancing-coefficient 
values from α = 0 to α = 0.75. The relative performance of A1 improves as α increases, and 
A1 becomes the highest-ranked alternative at α = 1, when the squared-transformed com-
ponent is used exclusively. 

The position of A1 improves as α increases because the squared transformation 
strengthens the influence of exceptionally favourable criterion values, primarily transit 
time and reliability in the case of A1. Conversely, the square-root transformation produces 
a more balanced differentiation among the alternatives. 

The stability of A3 over most of the analysed range indicates that its first position is 
not dependent on the baseline value of the balancing coefficient. However, the selection 
of A1 at α = 1 shows that the final ranking remains sensitive to the aggregation structure 
of SREM. 

7.2. Sensitivity to Decision-Making Priorities 

Alternative decision-priority scenarios were analysed to determine whether the high-
est-ranked modal allocation changes when greater importance is assigned to economic, 
operational, environmental, or capacity-related performance. 

The criterion weights adopted for the sensitivity scenarios are presented in Table 12. 
These weights represent illustrative and structured decision-making assumptions rather 
than empirically elicited stakeholder preferences and are used exclusively to examine 
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changes in the ranking under different priorities. All criterion-weight scenarios satisfy the 
weight-normalisation condition defined by Equation (25). 

Table 12. Criterion weights used in the decision-priority scenarios. 

Scenario C1 C2 C3 C4 C5 C6 
Baseline CRITIC weights 0.1361 0.2054 0.1555 0.1565 0.2053 0.1411 

Economic priority 0.4000 0.1500 0.1000 0.1000 0.1500 0.1000 
Urgent-delivery priority 0.1000 0.4000 0.1000 0.1000 0.2000 0.1000 
Environmental priority 0.1000 0.1000 0.3000 0.3000 0.1000 0.1000 

Capacity priority 0.1000 0.1000 0.1000 0.1000 0.1000 0.5000 
Equal weights 0.1667 0.1667 0.1667 0.1667 0.1667 0.1667 

Note: The displayed weights are rounded to four decimal places; unrounded normalised weights 
were used in the calculations. 

The SREM rankings obtained using these criterion-weight scenarios and the baseline 
value (α = 0.5) are shown in Table 13. 

Table 13. SREM ranking under different decision-making priorities. 

Scenario First-Ranked Alternative Top Three Alternatives 
Baseline CRITIC weights A3 A3 > A1 > A5 

Economic priority A3 A3 > A5 > A2 
Urgent-delivery priority A1 A1 > A2 > A3 
Environmental priority A7 A7 > A6 > A5 

Capacity priority A4 A4 > A3 > A5 
Equal weights A3 A3 > A5 > A4 

Alternative A3 remains the highest-ranked alternative under the baseline, economic-
priority, and equal-weight scenarios. Under urgent-delivery priority, A1 becomes the 
highest-ranked alternative because of its favourable transit time and reliability, whereas 
environmental priority favours A7 because of its low GHG emissions and external costs. 
When capacity reserve receives the highest weight, A4 becomes the highest-ranked alter-
native. These results show that the selected modal allocation depends on the decision-
making priorities and that no alternative is universally preferred. 

Overall, the sensitivity results indicate that the baseline first position of A3 is rela-
tively robust across the tested settings but is not universal. 

The sensitivity analyses assess ranking stability under variations in the SREM bal-
ancing coefficient and criterion weights. Although the ANN training dataset incorporates 
variations in demand, congestion, navigation conditions, and fuel prices, these variations 
do not constitute a comprehensive probabilistic uncertainty analysis. Therefore, the re-
sults remain conditional on the adopted scenario assumptions, while explicit uncertainty 
propagation and stochastic evaluation are left for future research. 

8. Conclusions 
An integrated modelling and CRITIC–SREM framework was developed for evaluat-

ing sustainable freight modal allocation. The framework combines ANN surrogate esti-
mation of economic, operational, environmental, reliability, and capacity-related criteria 
with objective CRITIC weighting and SREM ranking. Its application was illustrated 
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through a scenario-based case study of the Prahovo–Šabac corridor involving road, rail, 
and inland waterway transport. 

Under the baseline assumptions, alternative A3 (60% road and 40% rail transport) 
achieved the highest SREM score and provided the highest-ranked compromise among 
direct transport cost, transit time, GHG emissions, external costs, reliability, and capacity 
reserve. This result reflects the adopted corridor assumptions and should not be inter-
preted as a universally optimal modal structure. 

The sensitivity analysis showed that the first position of A3 is relatively robust, but 
not universal. Alternative A3 remained highest-ranked for most analysed values of the 
SREM balancing coefficient and under the baseline, economic-priority, and equal-weight 
scenarios. However, A1 became highest-ranked under urgent-delivery priority, while A7 
and A4 were favoured under environmental and capacity priorities, respectively. The re-
sulting modal allocation therefore depends on the decision-making context and the rela-
tive importance assigned to the evaluation criteria. 

The principal limitation is the incomplete availability of detailed commercial and op-
erational data. Some transport prices, reliability coefficients, and capacity values were 
therefore introduced as explicit scenario assumptions. The model also does not explicitly 
consider terminal handling and transshipment operations, service frequencies, seasonal 
navigation restrictions, commodity-specific requirements, or uncertainty in infrastructure 
availability. Consequently, the surrogate estimates remain conditional on the engineering 
reference model, parameter ranges, and assumptions used to generate the scenario-based 
dataset. 

Future research should validate the framework using observed operator and termi-
nal data and incorporate dynamic freight demand, transshipment costs and times, railway 
schedules, hydrological conditions, and fuel- and energy-price uncertainty. Stochastic in-
termodal models demonstrate the importance of jointly accounting for demand and ca-
pacity uncertainty when balancing economic, environmental, and reliability objectives 
[78]. Further developments may include probabilistic ANN models, explainable artificial 
intelligence, and fuzzy or dynamic MCDM approaches. 
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