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A B S T R A C T

The increasing interdependencies between water, energy, and food systems highlight the urgency of integrated 
solutions for managing environmental and resource challenges. This study proposes a sustainable logistics 
framework for converting agri-food waste into biohydrogen, drawing on the Water-Energy-Food (WEF) Nexus to 
guide strategic planning. Focusing on Razavi Khorasan, Iran, a drought-prone region with substantial upstream 
food losses and declining groundwater reserves, the research explores how circular supply chain can support 
both waste reduction and clean energy generation. The proposed system is structured around a closed-loop 
supply chain that incorporates both forward delivery and reverse logistics to collect perishable food waste 
and redirect it for biohydrogen production. This approach prioritizes the recovery of high-water-footprint items 
such as fruits, vegetables, and cereals, thereby mitigating the loss of embedded resources. A scenario-based 
assessment of vehicle types and environmental policies highlights the operational and environmental trade- 
offs of different logistics strategies. The findings suggest that low-capital interventions, such as smart routing 
and shared logistics, can deliver significant environmental benefits without the infrastructure barriers of full fleet 
electrification. Ultimately, the framework supports resilient, low-carbon pathways for agri-food systems in water- 
stressed regions, contributing to circular economy goals and Sustainable Development Goals (SDGs) related to 
climate action, food security, and clean energy access.

1. Introduction

In recent years, the interconnection between water, energy, and 
food, commonly referred to as the Water-Energy-Food (WEF) Nexus, has 
emerged as a critical framework for understanding the complexity of 
sustainability challenges [1]. These three sectors are deeply intertwined: 
water is essential for food production, food systems require energy at 
every stage from farm to fork, and energy production, in turn, often 
relies heavily on water resources [2]. Climate change, population 
growth, and resource scarcity have amplified the urgency to address 
inefficiencies and losses across this nexus [3]. As illustrated in the 
Fig. 1a, food waste is one of the clearest symptoms of misalignment in 

the WEF nexus. Globally, more than 30 % of all food produced is lost or 
wasted, with the highest rates in fruits, vegetables, cereals, and dairy 
products [4]. This waste occurs at various stages, from production and 
storage to retail and consumption (Fig. 1b). In developing countries like 
Iran, a disproportionate share of food loss occurs in the early stages of 
the supply chain, primarily due to poor infrastructure, inadequate 
storage, and inefficient logistics [5]. For instance, Iran's national reports 
suggest that over 35 % of agricultural output is lost, especially in 
perishable products like cucumbers, apples, tomatoes, and grapes. These 
losses are higher than the global average in upstream segments such as 
post-harvest and distribution, signaling a structural challenge that ex
acerbates water scarcity and undermines food and energy security [6].
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Addressing food loss is not only about reducing hunger or economic 
loss, it is also a strategic lever to conserve water and generate renewable 
energy [7]. In Iran, where over 15 billion cubic meters of water are 
wasted annually through lost perishable agri-food products, the issue 
becomes even more pressing. This invisible water loss embedded in 
wasted food, commonly referred to as the “virtual water footprint”, 
represents a critical drain on one of the most vulnerable resources in arid 
and semi-arid climates [8]. Given that certain crops (e.g., oilseeds, 
pulses, and cereals) consume thousands of liters of water per kilogram, 
allowing such products to go uneaten results in massive environmental 
and economic costs [9]. Therefore, improving food system efficiency 
through a WEF lens not only supports Sustainable Development Goals 
(SDGs) but also unlocks new opportunities in circular energy recovery 
from unavoidable organic waste [2]. Unlike green hydrogen, which re
lies on electrolysis powered by renewable electricity [10], biohydrogen 
is derived from biomass through biochemical pathways [11], making it 
uniquely positioned to valorize organic waste streams while contrib
uting to both energy and waste management goals [12]. In the face of 
escalating water scarcity in Iran, minimizing the water intensity of food 
production has become an urgent national priority [13]. Agricultural 
products such as beef (15,490 L/kg), rice (3,470 L/kg), wheat (1,470 
L/kg), and onions (2,800 L/kg) consume vast quantities of water. When 
these water-intensive products are wasted along the supply chain, the 
associated “virtual water” is lost as well, water that was extracted, 
transported, and applied in vain [14]. This inefficiency is particularly 
problematic in arid regions like Iran, where agriculture consumes over 
90 % of the total freshwater supply.

According to Fig. 2a, agricultural production in Razavi Khorasan is 
heavily concentrated in a small number of high-volume crops. The bar 
chart illustrates total production volume, while the line graph represents 
cultivated area. Products like wheat, sugar beet, and tomatoes dominate 
both indicators, suggesting a water- and land-intensive farming pattern. 
Given the high-water footprint of these crops their mismanagement or 
post-harvest loss can result in significant waste of embedded resources 
[15]. Much of Iran's waste occurs at the production and distribution 
stages, due to outdated harvesting machinery, inadequate storage, and 
inefficient logistics. Compounding this issue is the widespread drought, 
visualized on the Fig. 2b, which highlights Razavi Khorasan and other 
provinces experiencing extreme drought to abnormal dryness. These 
regions, already vulnerable due to water stress, cannot afford the 
additional loss of embedded water through food waste.

Given the dual challenges of rising perishable agri-food waste and 
increasing water stress, especially in arid regions like Iran, there is a 
pressing need for integrated supply chain solutions that transform waste 
into value while addressing environmental constraints [16]. This paper 
tries to introduce a framework that uses the WEF Nexus as the guiding 
principle in the conversion of perishable agricultural-feeding waste to 
bio-hydrogen through anaerobic digestion in a Closed-Loop Supply 
Chain (CLSC) manner. The framework for the logistics optimization of 

transportation routes as well as the actuation of depots, besides pro
moting the production of clean energy and minimizing the embedded 
water loss in the agricultural sector. The WEF Nexus, as opposed to the 
context, is more of an analytical framework that enunciates the 
boundaries and focus of the modeling process through the connection 
between the recovery of food waste in the agricultural sector and water 
scarcity, as well as the production of bio-hydrogen and the focus on 
emissions. The region chosen as the case study is Razavi Khorasan due to 
its strong vulnerability to drought as well as its heavy agricultural focus.

2. Literature review

2.1. Hydrogen supply chain and circular economy

A range of recent studies has explored the biohydrogen supply chain 
using techno-economic, environmental, and systemic approaches. 
Ganeshan, et al. [17] conducted a comparative techno-economic anal
ysis and life cycle assessment (LCA) of biohydrogen production methods, 
concluding that biomass gasification was the most economical route 
($1.2/kg H2) and that eucalyptus wood gasification produced the lowest 
carbon footprint (− 1.6 kg CO2eq/kg H2). Similarly, Kayan, et al. [18] 
employed a digital twin framework integrated with Monte Carlo simu
lation and network optimization to assess biohydrogen production from 
agricultural waste across 72 farms in India, demonstrating the potential 
for $34.54 billion in annual social savings. Goh, et al. [19] presented an 
integrated optimization of green hydrogen supply chains in Malaysia 
using mixed-integer programming, emphasizing safety, economic, and 
environmental factors. Their findings indicated that solar-powered 
electrolysis is economically viable only when hydrogen prices exceed 
$5.36/kg. Khalilpour, et al. [20] analyzed global hydrogen research 
using scientometric and collaboration network analysis, revealing a shift 
in innovation leadership toward Asian economies and identifying bio
hydrogen and photocatalysis as fast-growing fields. Amaya-Santos, et al. 
[21] applied LCA to compare biohydrogen produced from municipal 
solid waste in the UK with alternative hydrogen routes, concluding that 
biohydrogen with CCS delivers net-negative emissions and outperforms 
blue and green hydrogen in climate impact. Finally, Lee [22] developed 
a GTAP-based economic model incorporating circular economy princi
ples, showing that Malaysia had the highest productivity in biohydrogen 
generation and that CE outperforms linear economy models in devel
oped regions.

Besides, recent advances in CLSC modeling have contributed signif
icantly to improving sustainability in the agri-food sector [23]. The term 
perishable agri-food waste is used to denote waste streams that, despite 
being classified as residual outputs, remain biologically active and 
reusable within a limited time window, and are therefore still subject to 
spoilage and quality degradation if recovery and valorization are 
delayed [24]. In this regard, Beheshti, et al. [25] examined the urban 
food supply chain in Iran and proposed a model using quantity flexibility 

Fig. 1. Global and national comparison of food loss percentages across post-harvest stages (a) and supply chain actors (b), highlighting higher losses in Iran's 
upstream processes.
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contracts and rented recycling facilities, showing enhanced profitability 
and real-world feasibility. Several studies have focused on valorization 
of food waste through technological and systemic innovations. Tian, 
et al. [26] conducted an experimental LCA on a decentralized micro-AD 
system in Singapore, finding that energy neutrality and even negative 
emissions (− 77 kg CO2-eq/t) are feasible with higher food waste loading 
and engine efficiency. Tomić and Schneider [27] explored energy re
covery in circular economy frameworks, showing that up to 60 % of 
energy needs could be met through waste recovery, thereby improving 
the sustainability of recycled materials. Stillitano, et al. [23] proposed a 
multi-cycle LCA integrated with economic and social indicators for the 
olive oil supply chain, enabling a more holistic assessment of circular 
strategies.

2.2. WEF nexus and governance strategies

The WEF Nexus has been hailed as a system approach to cope with 
the interrelations in core resource sectors but also noted to risk being a 
'catch phrase in policy processes if referred to only at a conceptual level’ 
[28]. In this respect, Allouche [28] underlines that the nexus is not only 
and primarily a technical task of integrating resource sectors into one 
system unit but a political process driven by governance and power 
dynamics and feasibility realities; while Hussein and Ezbakhe [29] add 
to this line of thought by noting that nexus technologies lead to very 
limited policy contributions if not developed into decision tools and 
learning by doing practices.

In this regard, numerous studies have tackled the complexity of the 
WEF nexus using both qualitative and quantitative approaches to sup
port sustainable planning and policy. Naderi, et al. [30] applied a system 
dynamics model in Iran's Qazvin Plain to simulate water-energy dy
namics under future demand and climate conditions, concluding that 
without integrated demand- and supply-side policies, the region faces 
severe groundwater depletion. Similarly, Samadi-Foroushani, et al. [31] 
combined system dynamics with social network analysis to evaluate 
Iran's water governance structures, showing that strategic interventions 
improved irrigation efficiency by 16 % and reduced food losses by 5 %, 
all while mapping institutional reform pathways. Expanding on systemic 
trade-offs, You, et al. [32] used a MILP model to design a bioethanol 
supply chain in Jeju, Korea, under a WEF-Land nexus lens, achieving 
notable reductions in resource usage across land, water, and energy. 
Complementing these modeling efforts, Rubinsin, et al. [33] optimized 
oil palm biomass value chains in Malaysia and showed that a 34 % profit 
trade-off could lead to 91 % carbon and 97 % water use reductions, 
emphasizing the utility of integrated multi-objective strategies.

On the governance side, Yuan and Lo [34] proposed a conceptual 
WEF nexus framework based on nine governance principles including 

innovation, equity, and stakeholder participation, with case applications 
in Taiwan. Meanwhile, Pereira Ribeiro, et al. [35] offered a Balanced 
Scorecard for Brazilian food policies that aligns WEF metrics with the 
SDGs, identifying several overlaps and inconsistencies in national pol
icy. In addition, Itayi, et al. [36] highlighted that many WEF studies 
neglect social and gender dimensions, proposing a household-level 
framework to incorporate these gaps. Addressing pandemic-related 
challenges, Al-Saidi and Hussein [37] analyzed COVID-19's disruptive 
effects on the WEF nexus and urged the inclusion of spatial risk assess
ments in planning. Finally, several researchers developed novel 
modeling frameworks to operationalize nexus insights. Afkhami and 
Zarrinpoor [38] integrated GIS and multi-objective modeling to opti
mize a biofuel supply chain in Iran, finding that increased use of used 
cooking oil reduces land and water stress compared to reliance on 
Jatropha. Li, et al. [39] explored sectoral transmission of energy-water 
nexus pressures in China using MRIO and betweenness analysis.

2.3. Gaps and novelties

Despite its width in literature related to food waste valorization, 
hydrogen supply chain optimization, or WEF nexus analysis, current 
research within this area proves particularly methodologically incon
gruous. To the best of our knowledge, multi-objective methods for 
supply chain optimization commonly attempt to minimize costs, emis
sions, or optimize for improved energy efficiency. By contrast, these 
objectives hardly ever integrate an evident nexus-driven framework that 
connects food system resource inefficient practices to water savings or 
optimal use of available resource energies. In this regard, while CLSC for 
similar Agrifood supply chain contexts prove decidedly inclusive of 
municipal or industrial solid waste sources for recycling or repurposing 
in model frameworks, such an approach hardly distinguishes among 
largely diverse solid WEF sources according to practical imbedded water 
intensities or relevant WEF sources for similar water scarcity analysis 
considerations. In somewhat related context, MARCOS as a multi- 
criteria decision-making (MCDM) tool confirm decisively prevalent 
trends for sustainability strategies ranking assessments, the same hardly 
ever definitively integrating or building directly from relevant supply 
chain network optimized logistics configurations or addressing partic
ularly pertinent feasibility implications in both developing countries 
studies or studies focusing related electric or hybrid truck adoption 
assessments.

The research fills this gap by integrating WEF-focused problem 
formulation, CLSC optimization, and grey MARCOS strategic evaluation 
within a unified framework. The WEF Nexus has a direct influence on 
determining the scope of the systems, waste stream prioritization, and 
scenario characterization, where a focus on reducing food loss will 

Fig. 2. Per capita food waste distribution across provinces in Iran (a) and spatial drought intensity map (b), showing correlation between food waste generation and 
areas of extreme dryness.
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clearly drive water conservation and low-carbon energy recovery via 
biohydrogen. The contribution thus goes beyond the implementation of 
existing techniques. On a conceptual level, this framework thus moves 
beyond viewing circular supply chain thinking as a mere means for 
achieving WEF-based transitions by providing an operational entry 
point for this purpose, as opposed to conceptualizing circular thinking as 
a strictly technological and/or policy-oriented challenge. On a meth
odological level, implementing bi-objective MILP and Grey MARCOS 
thus helps to close a hitherto underdeveloped gap existing in circular 
supply chain and nexus research by enabling transition pathways 
adapted to feasibility that result from optimized logistics solutions.

3. Methods and materials

This study adopts a solution-oriented, applied research philosophy 
aimed at designing an implementable logistics model for circular bio
energy production from perishable agri-food waste [40]. Recognizing 
the multi-dimensional nature of sustainability challenges [41], the 
methodology integrates both quantitative optimization modeling and 
qualitative decision analysis to support informed and context-sensitive 
planning [42]. The rationale for combining these approaches stems 
from the dual necessity of achieving technical feasibility through 
cost-emission optimization, while also evaluating strategic adaptability 
under real-world constraints such as infrastructure readiness, regulatory 
uncertainty, and stakeholder alignment. In this regard, the research 
builds upon a systemic understanding of the WEF Nexus, emphasizing 
the closed-loop flow of materials and information as the foundation for 
circular economy transitions in the agri-food sector [43].

The WEF Nexus approach explicitly informs both the structure of the 
optimization models and scenario design [44]. In terms of dimension of 
water, it focuses on waste streams of high virtual water content and 
views logistics alternatives based on avoidance of non-productive losses 
associated with transportation [45]. For the dimension of energy, bio
hydrogen production is considered in terms of valorization options that 
can transform non-avoidable food waste into a low-carbon fuel, but 
vehicle technology scenarios correspond to constraints of freight sector 
energy transitions. For the dimension of food systems, service con
straints are applied that ensure all sources of perishable waste types are 
fully accounted for so that targeted or partial recovery does not effec
tively drive upstream losses of food products [46].

To operationalize this vision, a structured multi-phase framework 
was designed, as shown in Fig. 3. The process begins with system 
framing through literature review and WEF Nexus analysis, followed by 
the identification of the research problem, objectives, scope, and 
stakeholders [47]. The biohydrogen supply chain is then conceptualized 
by designing node types and flow structures to capture perishable 
agri-food waste (mainly fruits, vegetables, and bakery discards) from 
customer locations and route them to selected depots for conversion via 
anaerobic digestion [48], A bi-objective mathematical model is formu
lated to minimize both logistics costs and carbon emissions across this 
reverse logistics network [49]. Next, scenario development incorporates 
relevant transportation and policy considerations to examine electric 
and conventional vehicle strategies. For implementation planning, nine 
candidate strategies are evaluated using the grey MARCOS method [50], 
which integrates expert-informed criteria across economic, environ
mental, and operational dimensions. The process concludes with a 

Fig. 3. Stepwise methodological process including system framing, model development, and multi-criteria strategy evaluation.
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time-based feasibility analysis that assesses the practicality of each 
strategy under different emission constraints [51].

WEF Nexus is modeled in this research primarily in terms of logistics- 
related decision variables rather than flow equations involving multiple 
resources. Water-related aspects are also included in a rather indirect 
manner, prioritizing agricultural food processing waste streams as well 
as focusing on upstream food losses, as they are identified as a signifi
cant source of embedded water wastage in arid environments in general 
[52]. The empirical aspect of energy is included in terms of the choice of 
bio-hydrogen as the valorization option as well as transport-related 
emissions from vehicles [53]. The specific water and energy-related 
process flows within this research remain exogenous in order to keep 
the research tractable in terms of resolution. The particular bi-objective 
formulation of the model is specific regarding its size as a 
proof-of-concept within a data-constrained region like the case region of 
this research. However, it can be adapted in a rather flexible manner in 
terms of the different product categories of the agri-food industry in 
general. The application case of this research in the province of Razavi 
Khorasan is rather representative in a demonstrative rather than a 
limiting framework regarding its applicability conditions.

3.1. Assumptions

To effectively design a sustainable, CLSC for converting perishable 
agri-food waste into biohydrogen, a mathematical model was developed 
with specific assumptions related to network structure, parameters, 
vehicle characteristics, emissions, and operational constraints [54]. 
These assumptions guide the formulation of the optimization problem 
and enable scenario-based analysis under different vehicle types and 
environmental standards [55]. The methodological contribution of this 
study lies not in proposing new algorithms, but in the structured inte
gration of established methods within a WEF-oriented decision logic 
that links system framing, operational optimization, and implementa
tion planning. 

1. All customers must be served exactly once by a vehicle.
2. Vehicles can only operate between open depots and assigned 

customer nodes.
3. Each vehicle starts and ends its route at the same depot (round- 

trip logic).
4. The total pickup and delivery demand served by any vehicle must 

not exceed its capacity.
5. The total pickup and delivery assigned to each depot must respect 

the depot's capacity limit.
6. Each customer is assigned to only one depot.
7. Delivery and pickup flows must satisfy customer-specific demand 

exactly.
8. Travel is only allowed between customers if they are assigned to 

the same depot.
9. Binary decision variables ensure discrete choices for depot 

openings and route assignments.
10. Emissions per route are calculated based on distance and an 

emission factor validated in Ref. [56] for Iranian vehicles, spe
cifically in Razavi Khorasan; total emissions must remain below a 
scenario-dependent threshold.

11. The model includes a risk factor penalty when emissions exceed 
predefined sustainability thresholds (based on vehicle type).

12. Environmental impacts (CO2 emissions) are integrated into the 
objective function to enable multi-objective optimization.

13. The system is designed to support closed-loop flow: waste 
collected from customers is routed back to depots.

14. Travel cost, fixed facility costs, and fixed vehicle costs are 
included in the cost-minimization objective.

15. The model supports scenario-based sensitivity analysis based on 
vehicle fuel type (gasoline, diesel, electric), each with distinct 
emission profiles and risk weights.

16. No transshipment is allowed between customers; only direct 
routes from/to depots are permitted.

17. The conversion rates and hydrogen yields used in the model for 
fruit, vegetable, and cereal waste are based on experimental 
values reported in the literature. Specifically, average yields from 
anaerobic digestion processes under mesophilic conditions were 
adopted, as validated in studies such as [57,58].

3.2. Model description

The mathematical model developed in this study involves a two- 
echelon logistics network consisting of multiple customer locations 
and potential depot sites [59]. To formally represent the structure and 
behavior of the system, a set of indices, parameters, and decision vari
ables is defined. These elements serve to capture the spatial layout, ca
pacity constraints, cost elements, and operational decisions (e.g., 
routing, depot opening, and delivery/pickup assignments) [60]:

Indices
i Index for all nodes (i.e., locations); the model considers 12 nodes in total.
j Subset of nodes, used as destination or intermediate nodes.
k Subset of nodes, used to index depot candidates.
m Subset of nodes, used for depot/customer linkage in constraints.
N The full set of nodes: N = N0 ∪ N1

N0 Set of depot nodes (e.g., nodes 4, 5, and 6).
N1 Set of customer nodes (e.g., nodes 1, 2, 3, 7, 8, 9, 10, 11, 12).
Parameters
DCij Distance between node i and node j.
DELDi Delivery demand at customer i.
PDELi Pickup demand at customer i.
PEDFC Fixed cost of opening depot k.
CAPD Capacity of depot k.
CAPV Capacity of each vehicle.
Vfc Fixed cost of assigning a vehicle.
Variables
Qij Binary variable: 1 if a vehicle travels from node i to node j, 0 otherwise.
Tij Quantity of delivery transported from node i to node j.
Sij Quantity of pickup transported from node i to node j.
Uk Binary variable: 1 if depot k is opened, 0 otherwise.

3.3. Mathematical model

This model adopts a bi-objective optimization approach. The first 
objective function (Equation (1)) aims to minimize the total economic 
costs, including the cost of opening distribution facilities, the fixed cost 
of deploying vehicles, and the travel costs associated with vehicle 
routing across the delivery and pickup network [60]. The second 
objective (Equation (2)) incorporates environmental considerations by 
minimizing the total carbon emissions from vehicle operations [61]. A 
weighted risk factor is included to reflect regulatory or strategic pen
alties for exceeding CO2 emission thresholds. 

Min z1 =
∑

i∈N

∑

j∈N
DCijQ ij +

∑

K∈N0

DEPFCKUk +
∑

K∈N0

∑

i∈N1

Vfc.Q ki (1) 

Min z2 =
∑

K∈N0

∑

i∈N1

eikz ik + λ.risk factor (2) 

To ensure comprehensive service coverage, Constraint (3) enforces 
that each customer must be visited exactly once by a vehicle [60]. 
Constraint (4) guarantees routing consistency by ensuring that the 
number of trips entering a node equals those leaving it, this prevents 
isolated loops and ensures feasible tours. Constraint (5) enforces that 
each customer is assigned to exactly one depot [62]. Constraints (6) and 
(7) further ensure that if a customer is allocated to a depot, actual travel 
must occur between them, maintaining logical connectivity [63]. 
∑

j∈N
Qij =1 ∀i ∈ N1 (3) 
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∑

j∈N
Qij =

∑

j∈N
Qji ∀i ∈ N (4) 

∑

k∈N0

Zik =1 ∀i ∈ N1 (5) 

Qik ≤ Zik ∀k ∈ N0,∀i ∈ N1 (6) 

Qki ≤ Zik ∀k ∈ N0,∀i ∈ N1 (7) 

Constraint (8) limits the total CO2 emissions resulting from vehicle 
movements to stay within a specified environmental cap. This constraint 
promotes the selection of cleaner routes and fewer trips, supporting 
climate-conscious logistics planning [60]. 
∑

K∈N0

∑

i∈N1

eikz ik ≤ Cmax (8) 

Constraint (9) ensures that the combined pickup and delivery vol
umes on any route segment do not exceed the vehicle's capacity [60]. 
Constraints (10) and (11) break this down further by applying limits 
individually to pickup and delivery volumes [64]. Constraints (12) and 
(21) ensure the realism of shipment flow, vehicles cannot carry more 
than requested, and customers receive exactly what is needed [65]. 

Tij + Sij ≤ CAPV.Qij ∀i, j ∈ N , i ∕= j (9) 

Sij ≤ (CAPV − PDELi).Qij ∀i ∈ N ,∀j ∈ N1 (10) 

Tij ≤ (CAPV − DELDi).Qij ∀i ∈ N1 ,∀j ∈ N (11) 

Sij ≥ PDELi.Qij ∀i ∈ N1 , ∀j ∈ N (12) 

Constraints (13) and (14) ensure that the total assigned delivery and 
pickup volumes to each depot remain within that depot's operational 
capacity [60]. This prevents depot overloading and enables efficient 
resource use. 
∑

i∈N1

DELDiZik ≤ CAPDk.Uk ∀k ∈ N0 (13) 

∑

i∈N1

PDELiZik ≤ CAPDk.Uk ∀k ∈ N0 (14) 

Constraints (15) and (16) ensure the delivery and pickup flow bal
ance at each customer node, the total load entering or leaving must 
match the exact delivery or pickup demand [60]. Similarly, Constraints 
(17) through (20) ensure load conservation and balance at depots: all 
outgoing/incoming vehicle flows match the total assigned customer 
volumes, and vehicles do not carry excess load back to the depot. 
∑

j∈N
Tji −

∑

j∈N
Tij = DELDi ∀i ∈ N1 (15) 

∑

j∈N
Sij −

∑

j∈N
Sji = PDELi ∀i ∈ N1 (16) 

∑

j∈N1

Tkj =
∑

j∈Nc

DELDjZjk ∀k ∈ N0 (17) 

∑

j∈N1

Tjk =0 ∀k ∈ N0 (18) 

∑

j∈N1

Sjk =
∑

j∈Nc

PDELjZjk ∀k ∈ N0 (19) 

∑

j∈N1

Skj =0 ∀k ∈ N0 (20) 

Constraint (22) ensures that if two customers are on the same route, 
they must be assigned to the same depot, this maintains coherence in 
route planning and avoids fragmented deliveries [60]. 

Tij ≥ DELDj.Qij ∀i ∈ N ,∀j ∈ N1 (21) 

Qij +Zik +
∑

m∈N0
m∕=k

Zjm ≤ 2 ∀k ∈ N0 ,∀i, j ∈ N1, i ∕= j (22) 

Constraints (23) and (24) enforce that all delivery and pickup vol
umes must be non-negative. Constraint (25) ensures that route decisions 
are binary, either a vehicle travels a route segment or it does not. Con
straints (26) and (27) define binary decisions for depot assignment and 
facility activation, respectively, ensuring operational clarity and pre
venting partial service logic [66]. 

Tij ≥ 0 ∀i, j ∈ N (23) 

Sij ≥ 0 ∀i, j ∈ N (24) 

Qij ∈ {0,1} ∀i, j ∈ N (25) 

Zik ∈ {0,1} ∀i ∈ N1,∀k ∈ N0 (26) 

Uk ∈ {0,1} ∀k ∈ N0 (27) 

3.4. Grey MARCOS

In this study, to rank the formulated scenarios and comprehensively 
evaluate the alternatives under multiple criteria, the MARCOS method 
was adopted in a grey environment [67]. It has gained attention in 
solving diverse decision-making problems due to its structured process 
and ability to deliver stable and consistent rankings [68]. The method 
determines the utility functions of alternatives based on their relation
ship to the ideal and anti-ideal reference points. Compared to other 
classical MCDM techniques, MARCOS offers several advantages, 
including higher computational efficiency, a more straightforward 
structure, enhanced robustness under changing scale conditions, and 
immunity to the rank reversal problem [69].

In MARCOS, m alternatives are evaluated against n criteria, and each 
entry in the decision matrix represents the performance score of an 
alternative with respect to a specific criterion [70]. Alternatives are 
denoted by Ai and criteria by Cj, as shown in Equation (28). In this study, 
the method was implemented in a grey context to better handle lin
guistic evaluations and uncertainty in expert judgments, making it 
well-suited for complex, real-world decision problems. 

X=

A1

A2

⋯

Am

C1 C2 ⋯ Cn
⎡

⎢
⎢
⎢
⎢
⎢
⎣

x11 x12 ⋯ x1n

x21

⋯

xm1

x21

⋯

xm2

⋯ x2n

⋯ ⋯

⋯ xmn

⎤

⎥
⎥
⎥
⎥
⎥
⎦

(28) 

In the second step, the crisp values X obtained in the decision matrix 
from Step 1 are converted into grey numbers based on the predefined 
linguistic. As a result, the decision matrix is transformed into a grey 
decision matrix where each entry is represented by a grey number [71]. 
This transformation allows the incorporation of uncertainty and ambi
guity inherent in expert evaluations, enabling a more realistic and 
flexible modeling of decision-makers' preferences [72]. The grey rep
resentation captures not only the estimated performance value but also 
the degree of hesitation and confidence around it, a crucial aspect for 
complex and qualitative criteria.  
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Step 3: In this section, based on equations (30) and (31), the ideal 
values of Aid and the anti-ideal values of Aai are determined [71].

Aai = min
1≤i≤m

xij, jєBmax, max
1≤i≤m

xij, jєCmin (30) 

Aid = max
1≤i≤m

xij, jєBmax, min
1≤i≤m

xij, jєCmin (31) 

The term B means the criteria that have a profit aspect and the term C 
means the criteria that have a cost aspect. 

Step 4: In this step, the decision matrix is normalized. Using equation 
(32), normalization is done for the criteria of the profit type and 
using equation (33), normalization is done for the criteria of the cost 
type [73].

nij =
xid

xij
if jєC (32) 

nij =
xij

xid
if jєB (33) 

Step 5: The normalized matrix is multiplied by the weights of the 
criteria using equation (34) to form the weighted normal matrix 
[74].

vij = nij*wj (34) 

Step 6: In this step, the ideal K+
i and anti-ideal K−

i degree of desir
ability of the options are calculated using equations (35) and (36)
[74].

K−
i =

Si

Sai
(35) 

K+
i =

Si

Sid
(36) 

In the above equation, Si is the sum of the values of each row in the 
weighted matrix, which is obtained from the following equation. 

Si =
∑n

i=1
vij (37) 

Step 7: Finally, the desired performance of each option is calculated 
using equation (38).

f(ki)=
K+

i + K−
i

1 +
1− f(K+

i )
f(K+

i )
+

1− f(K−
i )

f(K−
i )

(38) 

In the above equation, f
(
K−

i
)

is the anti-ideal utility function and f
(
K+

i
)

is the ideal utility function for the infinitesimal, which is calculated from 
equations (39) and (40). 

f
(
K−

i
)
=

K+
i

K+
i + K−

i
(39) 

f
(
K+

i
)
=

K−
i

K+
i + K−

i
(40) 

Then, based on the numbers obtained from f(ki) of each option, 
ranking is done in descending order.

The grey MARCOS assessment uses expert judgment to evaluate non- 
optimized dimensions such as the risk of implementation, organizational 
misalignment, and social acceptability. The panel of experts consisted of 
9 domain experts with at least 8 years of experience and actual experi
ence related to perishable agri-food or supply chain logistics, waste 
management, energy planning, and sustainability policy in Iran. To 
counter potential biases, this method uses a grey multi-criteria assess
ment and evaluation process and uses a grey interval evaluation method, 
treating uncertainties and discrepancies in expert judgments. The CPLEX 
solver and GAMS 33 software were used for the optimization modeling. 
In contrast, the grey MARCOS method used a Python 3.10 platform with 
standard numerical libraries and house-designed grey mathematical 
algorithms.

4. Results

4.1. Case of perishable agri-food in Razavi Khorasan

The Razavi Khorasan province is experiencing critical water stress, 
which makes it a significant case for water-resource-related research. As 
shown in the rainfall data (Fig. 4a), precipitation levels in 2024 have 
drastically declined across most counties compared to both the previous 
five-year average and long-term climatic norms. For instance, Mashhad 
recorded only 98 mm of rainfall in 2024, a sharp drop from the five-year 
average of 170.6 mm and the long-term average of 132.3 mm. Similar 
reductions are evident in other counties like Sabzevar (65.5 mm vs. long- 
term 128.6 mm) and Nishapur (124.3 mm vs. long-term 132 mm), 
indicating a persistent downward trend in precipitation across the re
gion (Fig. 4b).

Simultaneously, the province is facing an alarming groundwater 
crisis. The groundwater critical storage ratios underscore the severity: 
Mashhad (150 MCM), Nishapur (108 MCM), and Torbat-e Jam (95 
MCM) are among the most critical zones. These reflect the cumulative 
overextraction of groundwater resources beyond natural recharge rates.

In addition to hydro-climatic stress, the context of institutional and 
operational framework of agrico-food waste management in Razavi 
Khorasan adds further reason for the defined modeling framework. In 
the region, the collection and valorization of agrico-food waste are 
largely driven by the municipal government and related state agencies, 
with little involvement from for-profit logistics companies or horizontal 
coordination between food producers themselves. The logistics systems 
for collecting agrico-food waste are mostly focused on environmentally 
sound disposal rather than recovery, with inadequate source separation, 
refrigerated transport of organic materials, and decentralized transfer 
points for agrico-food waste. Policies are currently more focused on 
environmental protection and public service provision, whereas there 
are no drivers or policies to induce the involvement of producers, 
wholesalers, and for-profit logistics service providers to make a pro- 
active contribution to closed-loop recovery of agrico-food waste.

4.2. Defining scenarios and data structure

To evaluate the impacts of vehicle type and environmental policy 
factors, six scenarios were formulated and labeled to reflect the com
bination of fuel type and environmental weighting (Table 1). The first 
group (SG5, SD5, and SE5) examines the simultaneous influence of both 
the CO2 emission limit (Cmax) and the environmental importance coef
ficient (λ), with each scenario representing gasoline, diesel, and electric 
truck configurations respectively. The second group (SG7, SD7, and SE7) 
isolates the effect of increasing the environmental priority (λ) while 
keeping the CO2 cap constant. This structured comparison enables a 
robust understanding of trade-offs between environmental regulation 
and vehicle technology in sustainable logistics planning.

Appendix A presents the pairwise Euclidean distances between the 
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12 service points (C, D) used in the model. These distances were 
calculated based on geographic coordinates and reflect the realistic 
spatial distribution of customer and depot locations. The values are 
symmetric, and only the upper triangle of the matrix is displayed to 
avoid redundancy. These distance inputs play a critical role in evalu
ating routing efficiency and minimizing total transportation costs in the 
optimization model.

To support the optimization model, several key input parameters are 
defined (Table 2). DELDi and PDELi vary across 9 customers (C1 to C9). 
These values reflect the expected volume of goods that must be delivered 
to and collected from each customer node. Three depots (D1 to D3) are 
considered as potential facility locations, each with an equal capacity of 
1500 units. The fixed cost associated with opening each depot is also 
specified and varies by location. The vehicle fleet used in the model 
assumes a fixed capacity of 400 units and a fixed cost of 40 per vehicle 
used.

In terms of environmental modeling, CO2 emissions are incorporated 
based on average emission rates per vehicle-kilometer. For gasoline 
vehicles, the model assumes an average emission rate of 0.15 kgCO

2 /km 
(equivalent to 150 g/km). This is used to compute the total emissions on 
each route segment using the formula eik =DCik × 0.15, where DCik is the 
distance between nodes [56]. For other vehicle types such as diesel or 
electric, the emission rate and consequently the Cmax (maximum 

allowable CO
2 /trip) differ and are adjusted accordingly in scenario anal

ysis [75].

4.3. Base scenario implementation

In the base scenario labeled SD5, the model simulates a logistics 
network for biohydrogen supply chain operations using diesel-powered 
vehicles, under a moderate carbon cap (Cmax = 180) and a baseline 
environmental priority coefficient (λ = 0.5). The bi-objective optimi
zation aims to minimize both total logistics cost (Z1) and carbon emis
sions (Z2). The results reveal a total system cost of 656.66 units and an 
associated emission of 36.23 kg CO2, demonstrating a balanced trade-off 
between economic and environmental objectives.

The model's route assignments and flow allocations are presented in 
Tables 3 and 4. Table 3 illustrates the quantity of delivery transported 
between nodes. Key delivery flows are observed from C3 to C1 (112 
units), C4 to C9 (128 units), and C6 to C4 (273 units), suggesting that 
these customer pairs are spatially and logistically aligned for efficient 
forward logistics. Depots D1, D2, and D3 are selectively activated based 
on proximity and load-balancing: D1 services C8; D2 covers C2 and C6; 
and D3 handles C7.

Table 4 illustrates the reverse logistics flows under Scenario SD5, 
revealing not only operational efficiency but also strategic depot utili
zation patterns. Notably, D3 handles a significant inbound load from 
both C1 (57 units) and C9 (300 units), positioning it as a critical hub in 
the circular network. This clustering suggests potential for economies of 
scale in energy conversion infrastructure at D3, making it a high-priority 
location for future investment or expansion. Meanwhile, the isolated 
link between C2 and D2 (100 units) reflects the need for targeted routing 
to ensure coverage of less-connected zones without overburdening de
pots. The presence of lateral flows, such as waste moved from C3 to C1 or 
C6 to C4, signals spatial imbalances in waste availability versus depot 
proximity, reinforcing the importance of flexible routing algorithms in 
minimizing empty trips and enhancing backhaul efficiency. Overall, the 
configuration optimally balances depot capacities, travel distances, and 
collection demand, ensuring a resilient and resource-efficient reverse 

Fig. 4. (a) Rainfall comparison across counties in Razavi Khorasan: 2024 vs. 5-year and long-term averages. (b) Groundwater critical storage levels (Million Cubic 
Meters) across counties in Razavi Khorasan.

Table 1 
Scenario definitions based on vehicle type (gasoline, diesel, electric), maximum 
allowable CO2 emissions (Cmax), and environmental importance coefficient (λ).

Scenario Vehicle 
type

Max CO2 allowed 
(Cmax)

Environmental importance 
(λ)

SG5 Gasoline 200 0.5
SD5 Diesel 180 0.5
SE5 Electric 120 0.5
SG7 Gasoline 200 0.7
SD7 Diesel 180 0.7
SE7 Electric 120 0.7

Table 2 
Input parameters for the optimization model.

Parameter Description Values

DELDi Demand at customer nodes C1 to 
C9

[112, 120, 62, 145, 125, 120, 
71, 54, 128]

PDELi Reverse logistics at customer 
nodes C1 to C9

[25, 100, 15, 100, 29, 100, 17, 
98, 100]

PEDFC Fixed cost of opening depots D1 to 
D3

[35,53,45]

CAPD Maximum capacity per depot [1500, 1500, 1500]
CAPV Maximum load per vehicle 400
vfc Fixed cost per vehicle 40
Emission 

rate
CO2 emission per km for gasoline 
vehicle (kg/km)

0.15

Table 3 
Optimal delivery routes and transported quantities (Tij) under Scenario SD5, 
showing active links between customers and depots based on spatial proximity 
and demand volume.

C1 C2 C3 C4 C5 C6 C7 C8 C9

C3 112 0 0 0 0 0 0 0 0
C4 0 0 0 0 0 0 0 0 128
C6 0 0 0 273 0 0 0 0 0
C7 0 0 174 0 0 0 0 0 0
C8 0 0 0 0 125 0 0 0 0
D1 0 0 0 0 0 0 0 179 0
D2 0 120 0 0 0 393 0 0 0
D3 0 0 0 0 0 0 245 0 0
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logistics system that supports both environmental goals and logistical 
feasibility.

Fig. 5 illustrates the optimized flow of perishable agri-food waste in 
the closed-loop supply chain model under the base scenario. Each node 
represents either a customer location (waste source) or an activated 
depot (conversion facility), and the directed arrows indicate the opti
mized routing of waste materials for biohydrogen production. The 
model identifies the most efficient transportation paths based on cost 
and emission constraints, enabling the dynamic allocation of waste 
flows between customer nodes and depots. Interestingly, certain 
customer nodes act as intermediate collection points, redistributing 
waste to downstream depots, a reflection of spatial clustering and 
routing efficiency.

4.4. Scenario-based sensitivity analysis

In sensitivity analysis through this model, the anaerobic digestion 
process parameters are considered fixed, reflecting the current techno
logical setup of state-operated biohydrogen facilities in Iran. These 
plants are not expected to undergo substantial changes in the short to 
medium term. As such, instead of analyzing internal conversion dy
namics, our scenario analysis concentrates on the transportation 
segment of the supply chain, where tangible shifts are emerging. Given 
the growing national emphasis on electrifying logistics fleets, we 
examined alternative vehicle-fuel strategies, emissions thresholds, and 
environmental prioritization, offering realistic insights into how the 
system might evolve under plausible policy-driven transitions.

To assess the trade-offs between cost efficiency and environmental 
performance, Fig. 6 illustrates the results of six logistics scenarios (SG5, 
SG7, SD5, SD7, SE5, SE7), each representing a unique combination of 
vehicle type (gasoline, diesel, electric) and environmental weighting 
factor (λ = 0.5 vs. 0.7). Fig. 6a corresponds to the first objective, total 
system cost (Z1), while the Fig. 6b shows the second objective, carbon 
emissions (Z2). From Fig. 6a, it is evident that scenarios using electric 

trucks (SE5 and SE7) significantly outperform others in terms of cost 
reduction, with the lowest total cost of 600.83 units. In contrast, diesel 
(SD5, SD7: 656.66 units) and gasoline (SG5, SG7: 640.83 units) sce
narios incur higher costs. Interestingly, increasing the environmental 
weighting from 0.5 to 0.7 (e.g., SG5 → SG7) has no impact on total cost, 
indicating that financial outcomes remain static under these policy 
shifts.

Fig. 6b presents a sharper contrast in environmental impact. Electric 
scenarios (SE5: 13.04 kg CO2, SE7: 12.99 kg CO2) dramatically reduce 
emissions compared to diesel (SD5: 36.23, SD7: 36.27) and gasoline 
scenarios (SG5: 42.87, SG7: 42.93). Notably, raising λ slightly improves 
emissions performance (e.g., SD7 slightly better than SD5), showing that 
higher environmental prioritization does shift marginal allocation de
cisions to cleaner routes or depot configurations.

From an absolute perspective, it is observable that there are visible 
economic and environment-related variations for different vehicles. 
When Compared to the Gasoline-based scenarios (SG5 and SG7), the 
diesel variants (SD5 and SD7) offer a cumulative decrease of around 15 
%–16 % in overall CO2 emissions while incurring comparable logistical 
costs of transportation owing to not only policy-related factors but also 
their increased payload efficiency and lower emissions per waste 
transported per unit of fuel consumed. The gasoline vehicles attain their 
maximum emissions earlier in their lifespan and are therefore less fuel- 
efficient for route consolidation and incur higher marginal costs, while 
the electric vehicles (SE5 and SE7) offer maximum reductions of over 65 
% relative to the gasoline variants and also incur the lowest cumulative 
system cost owing to reduced energy consumption and improved route 
optimization owing to binding emissions limits.

4.5. Grey MARCOS analysis of strategic alternatives

Following the optimization and scenario analysis, the study advances 
toward evaluating how these theoretical configurations translate into 
actionable strategies under real-world conditions. While the model 
outputs define cost-optimal and emission-compliant logistics structures, 
successful implementation hinges on managerial feasibility, technolog
ical readiness, and policy alignment. To navigate this complexity, nine 
strategic alternatives (O1–O9) were identified through a synthesis of 
expert input and prior studies, encompassing a blend of vehicle up
grades, phased electrification, and process innovations. These strategies 
aim to enhance sustainability while acknowledging infrastructure, 
economic, and behavioral constraints specific to Iran's agri-food sector. 
The use of the grey MARCOS method allows the incorporation of un
certainty and subjectivity into the assessment process, enabling a 
nuanced ranking of options based on eight criteria covering economic, 
environmental, operational, and social dimensions. For instance, while 
O3 (full electrification) promises long-term decarbonization benefits, its 
feasibility is hampered by high upfront costs and limited charging 

Table 4 
Reverse logistics flows (Sij) for food waste collection in Scenario SD5, indicating 
effective backhaul operations and depot utilization for circular supply chain 
performance.

C1 C3 C4 C5 C9 D1 D2 D3

C1 0 0 0 0 0 0 0 57
C2 0 0 0 0 0 0 100 0
C3 32 0 0 0 0 0 0 0
C4 0 0 0 0 200 0 0 0
C5 0 0 0 0 0 127 0 0
C6 0 0 100 0 0 0 0 0
C7 0 17 0 0 0 0 0 0
C8 0 0 0 98 0 0 0 0
C9 0 0 0 0 0 0 300 0

Fig. 5. Optimized reverse logistics network of perishable agri-food waste flows across customer and depot nodes under the base scenario.
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infrastructure. Conversely, O7–O9, which focus on routing optimization, 
logistics collaboration, and maintenance improvements, offer near-term 
gains with minimal investment. Table 5 outlines these strategies, 
providing decision-makers with a menu of context-sensitive options that 
can be prioritized based on regional readiness and resource availability.

To incorporate expert uncertainty in qualitative evaluations, lin
guistic terms were translated into grey number intervals based on pre
defined scales (Appendix B). This allowed the integration of imprecise 
expert judgments into the grey MARCOS analysis. The evaluation was 
based on eight grey-weighted criteria, categorized as either positive 
(beneficial when maximized) or negative (preferably minimized), as 
shown in Table 6. These include food spoilage risks, energy reliability, 
infrastructure costs, regulatory alignment, and social acceptance. The 
grey weight intervals reflect expert uncertainty and judgment impreci
sion, capturing a more realistic decision-making environment.

Appendix C provides the mean (μ) and standard deviation (σ) of 
expert assessments for each strategic alternative across all evaluation 
criteria, offering a statistical summary of judgment variability and 
consistency. Table 7 summarizes the normalized performance scores 
derived using the grey MARCOS method. The key performance in
dicators, anti-ideal closeness (K− ), ideal closeness (K+), and their asso
ciated utility functions, are used to calculate the final compromise score 
f(k) for each strategy. A higher f(k) value indicates a more desirable 
alternative. According to the results, O7 (smart routing and capacity 
planning) ranked first, followed by O8 (shared logistics) and O9 (pre
ventive maintenance). These top-ranked options share a common 
feature: they require lower capital investment while achieving opera
tional and environmental gains, aligning well with both cost constraints 
and system sustainability goals.

Table 7 presents the grey MARCOS rankings of nine strategic logistics 
alternatives, incorporating performance across eight sustainability 
criteria. The analysis reveals that O7 (smart routing and capacity 

planning) outperforms all others with the highest utility score (f(K) =
0.464), highlighting the immediate impact of operational optimization 
without major infrastructure changes. O8 (shared logistics participa
tion) and O9 (preventive maintenance practices) follow closely, offering 
cost-effective, low-disruption pathways for emissions and cost reduc
tion. In contrast, O3 (full electrification), despite its environmental 
benefits, ranks lowest due to high capital costs, technological uncer
tainty, and long lead times, issues particularly relevant in the context of 
developing regions like Iran. These results underline a critical insight: 
high-impact does not always equate to high-feasibility. Alternatives like 
O1–O6, focused on vehicle upgrades, present moderate utility due to 
trade-offs between long-term sustainability and short-term imple
mentation challenges. The grey MARCOS approach captures these nu
ances by incorporating expert-based uncertainty and weighting 
sensitivity, making the framework more aligned with dynamic policy 
environments. Overall, this prioritization supports a tiered strategy, 
starting with collaborative and operational reforms (O7–O9) while 
gradually preparing for technology-driven transitions (O4–O6). These 
insights can guide policymakers in allocating resources and designing 
phased interventions that align with circular economy principles and 
WEF nexus goals.

Fig. 6. Scenario comparison of six vehicle-based strategies in terms of (a) total cost (Z1) and (b) total CO2 emissions (Z2).

Table 5 
Strategic alternatives evaluated for sustainable logistics transitions.

Code Strategy description Reference

O1 Maintain current diesel truck fleet [76]
O2 Replace old diesel trucks with newer, fuel-efficient diesel 

models
[77]

O3 Full replacement of diesel fleet with electric trucks [76]
O4 Mixed deployment of electric and diesel trucks based on route 

characteristics
[78]

O5 Phased electrification over time (gradual replacement) [79]
O6 Adoption of plug-in hybrid electric vehicles (PHEVs) [80]
O7 Operational optimization through smart routing and capacity 

planning
[81]

O8 Participation in shared logistics or freight pooling [82]
O9 Enhancing preventive maintenance practices to improve fuel 

efficiency
[83]

Table 6 
Decision criteria and grey weights for evaluating logistics strategies.

Code Criterion description Grey 
weight

Type Reference

CR1 Risk of food spoilage due to 
inadequate logistics in temperature- 
sensitive shipments

[0.72, 
0.84]

Negative [3]

CR2 Energy reliability required for 
charging/refueling

[0.65, 
0.77]

Positive [84]

CR3 Food delivery lead time consistency 
(impact on food system resilience)

[0.61, 
0.73]

Positive [85]

CR4 Alignment with local/regional 
sustainability regulations on 
emissions and land use

[0.56, 
0.68]

Positive [86]

CR5 Trade-off flexibility between 
emissions and operational cost

[0.49, 
0.60]

Positive [87]

CR6 Initial capital investment required 
for fleet transition, infrastructure, or 
technology upgrades

[0.68, 
0.80]

Negative [88]

CR7 Operational risk due to time delays, 
disruptions, or downtime in 
transportation logistics

[0.66, 
0.78]

Negative [82]

CR8 Social acceptability and stakeholder 
alignment, including public 
perception and policy support

[0.70, 
0.82]

Positive [89]
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5. Discussion

This study has combined multi-objective mathematical optimization 
with scenario ranking using the grey MARCOS method to provide an 
actionable decision-support framework for perishable agri-food logistics 
decarbonization. The optimization model enabled the identification of 
feasible configurations for biohydrogen supply chains under varying 
vehicle types and carbon thresholds, while the grey MARCOS method 
helped assess nine implementation strategies based on multiple quali
tative and operational criteria. Among the evaluated options, opera
tional optimization through smart routing (O7), shared logistics (O8), 
and preventive maintenance improvements (O9) emerged as the most 
desirable strategies in terms of combined performance, according to the 
ranking scores derived from the utility functions.

Fig. 7 offers a two-part visual synthesis of the scenario evaluation. 
Fig. 7a illustrates a strategic map where each option is plotted based on 
its MARCOS score (Y-axis) and its average time-to-implementation ho
rizon (X-axis) as assessed by experts. The color-coded zones, short-term, 
medium-term, and long-term, indicate practical feasibility over time. 
The dashed line represents the equal-weight trade-off frontier, where 
higher utility aligns proportionally with ease of implementation. O7 
stands out in the upper-left quadrant, indicating both high desirability 
and near-term feasibility. In contrast, options like O3 (full electrifica
tion) fall into the bottom-right region, suggesting high implementation 
barriers despite long-term value. Fig. 7b complements this analysis by 
offering a direct comparison of strategy rankings, helping stakeholders 
visually prioritize interventions.

5.1. Managerial implications

In the present study, the emphasis on operational or logistics-focused 
strategies can be understood within the limitations of existing 

governance structures and policies. In a situation like Razavi Khorasan, 
with the current division of responsibilities on managing waste among 
concerned local authority structures, producers, and transportation or
ganizations, overall institutional or incentive-driven changes within the 
marketplace cannot easily happen on a large scale. Strategies like smart 
routes, logistics pools, or proactive maintenance, therefore, are more 
governance-friendly and do not necessarily demand changes on a short 
notice scale.

The findings highlight a delicate balance between sustainability 
ambition and real-world feasibility. Electrification-focused strategies 
such as O3 and phased hybrid adoption in O5 offer promising long-term 
decarbonization outcomes but require significant upfront investments, 
grid upgrades, and behavioral adaptation, making them less viable for 
immediate deployment in regions like Razavi Khorasan. In contrast, 
strategies like O7 (co-loading logistics), O8 (existing vehicle realloca
tion), and O9 (shared depot use) can deliver meaningful environmental 
and economic benefits within a short timeframe (1–2 years), with 
minimal disruption to current operations. Managers should thus 
consider sequencing their implementation efforts, first addressing low- 
cost coordination-based improvements, then gradually shifting toward 
infrastructure-intensive transitions. This ensures early emissions re
ductions while maintaining financial and logistical realism.

From a supply chain improvement perspective, the results suggest 
that enhancing the reliability and spatial coverage of organic waste 
collection, especially from high-yield clusters such as urban fruit mar
kets or bakery nodes, can significantly increase bioconversion potential. 
Policymakers should support route consolidation between neighboring 
customer nodes, invest in modular pretreatment units at depots, and 
promote digital platforms for coordinating waste availability. Moreover, 
emissions caps and environmental weights in our scenarios show that 
prioritizing cleaner transport technologies must go hand-in-hand with 
optimizing depot activation schedules to avoid underutilized trips. A 

Table 7 
Grey MARCOS ranking of strategic logistics alternatives based on eight evaluation criteria.

Code K− K+ F(K− ) F(K+) (1-f(K− ))/f(K− ) (1-f(K+))/f(K+) f(K) Ranking

O1 2.049 0.392 0.149 0.777 5.726 0.286 0.348 4
O2 1.850 0.399 0.152 0.702 5.599 0.424 0.320 8
O3 1.625 0.370 0.140 0.616 6.125 0.623 0.257 9
O4 1.853 0.421 0.160 0.703 5.267 0.423 0.340 5
O5 1.835 0.416 0.158 0.696 5.336 0.436 0.332 6
O6 1.838 0.410 0.155 0.697 5.433 0.434 0.327 7
O7 2.152 0.484 0.183 0.817 4.451 0.225 0.464 1
O8 1.975 0.450 0.171 0.749 4.860 0.334 0.392 2
O9 1.986 0.426 0.162 0.753 5.181 0.327 0.371 3

Fig. 7. (a) Strategic positioning of implementation strategies based on expert-elicited time horizon and MARCOS performance scores, and (b) Ranking of all nine 
strategies based on final utility scores derived from the grey MARCOS method.
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smart integration of logistics coordination, phased EV deployment, and 
localized infrastructure investments offers the most robust pathway to
ward scalable, circular biohydrogen systems tailored to Iran's drought- 
prone and resource-constrained context.

6. Conclusion

This research developed an integrated decision-support framework 
for the optimization of the biohydrogen supply chain from perishable 
agri-food waste, merging a WEF-oriented problem framing with closed- 
loop supply chain optimization and grey MARCOS-based strategy eval
uation. Results show that low-capital operational measures, such as 
smart routing and shared logistics, are the most feasible and preferred by 
stakeholders when compared to capital-intensive options, at least for 
baseline adoption, while presenting some clear trade-offs between near- 
term implementable strategies and longer-term transitions such as full 
fleet electrification. The empirical application focuses on one province 
and a limited network size, but by its very nature, the proposed frame
work is scalable and transferable. This bi-objective optimization struc
ture, scenario design, and evaluation logic can easily be adapted to other 
regions, agri-food systems, or organic waste streams simply by recali
brating parameters, policy constraints, and stakeholder criteria, without 
changing the model structure. This is supportive for immediate appli
cations within diverse contexts of institutional capacity, infrastructure 
maturity, and product mixes where large-scale infrastructure in
vestments are not directly feasible.

Several of these limitations point at obvious avenues for future 
research. The water and energy dimensions are represented indirectly, 
in that water use is only accounted for in terms of virtual water loss, and 
the performance of the biohydrogen conversion is treated exogenously, 
while investment costs and ownership structures are excluded under the 
assumption of pre-existing facilities. Future work should, therefore, 
focus on incorporating explicit water-use and energy-consumption 
constraints, expand the nexus to include land and waste, and socio- 
economic and governance factors such as investment incentives and 
heterogeneity among stakeholders. Further, behavioral modeling and 
pilot-scale validation of selected strategies would help to strengthen the 
empirical grounding and support the development of actionable tran
sition pathways to circular bioenergy systems.
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