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Abstract 

Rubble management in Aleppo is a complex recovery planning problem because debris 
removal is closely linked to transport access, recycling capacity, reconstruction demand, 
disposal limits, and local acceptance. This study develops a multi-objective reverse-logis-
tics model for managing post-conflict rubble in the city. The proposed network consists of 
21 rubble source nodes, 5 collection and sorting sites, 4 recycling facilities, 5 reconstruc-
tion-demand nodes, and 2 disposal sites. The model is formulated as a weighted non-
preemptive goal programming problem that considers four objectives: total cost, carbon 
emissions, dust/social acceptance penalty, and operational implementation risk. Because 
the last two objectives are strongly context-dependent, they were developed through a 
Delphi process with 13 experts, and the related subcriteria were weighted using fuzzy 
FUCOM. Four compromise formulations were tested: weighted goal programming 
(WGP), augmented max–min fuzzy goal programming (AMM-FGP), weighted additive 
fuzzy goal programming (WA-FGP), and Max–Min optimization. The resulting solutions 
were ranked using MARCOS and validated using CRADIS. WGP ranked first, with a 
MARCOS utility score of 0.697919, followed by Max–Min at 0.654658, AMM-FGP at 
0.633123, and WA-FGP at 0.629647. The policy analysis also showed that a 30% recycling 
subsidy produced the largest improvement, reducing the WGP achievement value from 
0.192 to 0.046. These results suggest that, for Aleppo, a rubble-management plan cannot 
be judged only by cost or emissions. Social nuisance, site operability, and policy support 
also affect whether a technically efficient network can be implemented in practice. 

Keywords: rubble management; reverse logistics; goal programming; fuzzy FUCOM; 
MARCOS; post-conflict recovery; Aleppo; Syria 
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1. Introduction 
Rubble management in severely damaged cities is not only a matter of debris re-

moval. Systematic management of the collection, sorting, transport, recovery, and dis-
posal of large accumulations of rubble can prevent blocked transport corridors, delays in 
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restoring essential services, complications in reconstruction planning, and environmental 
and public health risks. Disaster waste management is, therefore, increasingly perceived 
as a planning and logistics challenge, rather than a routine municipal cleaning task. Dis-
aster debris has been shown in previous studies to overwhelm the capacity of conven-
tional waste management systems, and to interfere with both emergency response and 
longer-term recovery [1,2]. 

This challenge is particularly relevant in Syria, where years of conflict have resulted 
in large stocks of rubble, further compounded by earthquake damage and subsequent 
demolition activities. Aleppo is one of the most extreme cases. The World Bank’s Syria 
Joint Damage Assessment of Selected Cities estimated the volume of rubble in the city at 
8,445,931 m3 under the low scenario and 12,948,944 m3 under the high scenario. The 2023 
rapid damage and needs assessment also identified significant post-earthquake recovery 
needs against a backdrop of conflict-related destruction and accumulated debris [3,4]. 
These conditions make Aleppo a major case for city-wide rubble management planning, 
whether the material is from conflict damage, earthquake effects, or later demolition. 

Rubble can also be a resource for potential reconstruction. If the collection, sorting, 
crushing, and delivery are well organized, some part of the material can be reused as re-
cycled aggregate. This is especially important in a post-conflict city where reconstruction 
demand is high, and the procurement of new construction materials can be expensive and 
challenging. Kousa and Pottgiesser [5] discussed debris recovery and reuse in post-war 
reconstruction in Aleppo. Rashwani et al. [6] demonstrated the practical reuse potential 
of recycled concrete aggregate from war-damaged buildings in Syria. These findings im-
ply the need to connect rubble management decisions with reconstruction demand, which 
is in line with the wider literature on construction and demolition waste, where reduction, 
reuse, and recycling are the cornerstones of sustainable waste planning [7]. 

Methodologically, this problem needs a reverse logistics and network design ap-
proach. Hu and Sheu [8] proposed a reverse-logistics model for managing post-disaster 
debris. Their model coordinates material flows through interconnected facilities, rather 
than isolated hauling decisions. This view was further extended by Habib and Sarkar [9], 
who developed a location allocation model for the management of temporary disaster 
debris under uncertainty. Further network design models considering facility location, 
capacity planning, recovery pathways, and uncertainty in the construction and demoli-
tion waste field were proposed by Rahimi and Ghezavati [10], Pan et al. [11], and Jahangiri 
et al. [12]. These studies collectively provide a strong foundation for modeling rubble 
management as a multi-echelon network that links generation points, intermediate facili-
ties, recovery operations, reconstruction demand nodes, and final disposal sites. 

However, there is an important gap regarding fragile post-conflict cities. Studies on 
the Syrian context are rare and have been mainly concerned with spatial suitability or 
material recovery. For example, Madi and Srour [13] proposed a GIS-based framework 
for emergency construction and demolition waste management in Syria and stressed the 
importance of spatial analysis in site selection and recycling decisions. However, they did 
not create an integrated city-scale reverse-logistics network that links rubble sources, col-
lection and sorting sites, recycling facilities, reconstruction-demand nodes, and disposal 
sites in a single optimization model. More generally, the optimization literature has 
tended to focus on cost, emissions, capacity, and mathematical uncertainty, with less ex-
plicit consideration given to implementation conditions such as disrupted access, local 
nuisance, social acceptance, land feasibility, institutional operability, and site-level risk 
[13,14]. 

These characteristics call for a multi-objective, compromise-oriented approach. Con-
flicting objectives (total cost, carbon emissions, dust and social acceptance effects, and op-
erational implementation risk) are measured in different units, and their individual op-
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tima cannot generally be attained within the same network configuration. Moreover, it is 
not possible to translate the social and operational dimensions into monetary values in a 
reliable way without making restrictive assumptions. This context is suitable for goal pro-
gramming because it presents objectives as aspiration levels and looks for a compromise 
by minimizing undesirable deviations from those levels, thus allowing heterogeneous ob-
jectives to be considered in an integrated framework [15,16]. The main formulation is 
weighted non-preemptive goal programming since the four objectives need to be consid-
ered simultaneously without a strict priority hierarchy. Augmented max–min fuzzy goal 
programming, weighted additive fuzzy goal programming, and Max–Min optimization 
are also used to check whether the results are stable under different compensation and 
balancing structures. 

This study has three main contributions. First, it builds a five-level reverse logistics 
network for Aleppo, linking rubble sources, collection and sorting sites, recycling facili-
ties, reconstruction demand nodes, and final disposal sites. Second, it incorporates 
dust/social acceptance and operational implementation risk as explicit optimization ob-
jectives, with the underlying criteria developed through Delphi consultation and fuzzy 
FUCOM weighting. Third, the four compromise formulations are compared through 
MARCOS and CRADIS, and the final solution is checked by subsidy and sensitivity anal-
yses. The proposed framework therefore fills the gap between mathematical efficiency and 
the social, institutional, and operational conditions that affect the practical implementa-
tion of rubble management plans in fragile cities. 

The rest of the paper is organized as follows. Section 2 identifies the research gap and 
reviews the relevant literature. Section 3 provides the Aleppo case study and data struc-
ture. Section 4 details the expert-elicitation process, weighting procedure, mathematical 
model, and compromise formulations. Section 5 presents the optimization and ranking 
results, policy analysis, and sensitivity analysis. In Section 6, the findings are discussed, 
and practical and methodological implications are presented. Section 7 concludes the pa-
per by discussing the study limitations and directions for future research. 

2. Literature Review 
The literature pertinent to this study can be categorized into four themes: disaster-

debris recovery, reverse-logistics network design, modeling of uncertainty, and the han-
dling of conflicting objectives. Examining these themes together helps to clarify where 
existing models are useful and where the assumptions of those models become restrictive 
in a fragile post-conflict setting. 

2.1. Disaster-Debris Recovery and Reverse Logistics 

The handling of disaster debris has evolved from simple removal and disposal to 
systems that involve sorting, treatment, recycling, reuse, and final disposal. Brown et al. 
[1] and the Joint UNEP/OCHA Environment Unit [2] demonstrated that debris generated 
in the wake of disasters can overwhelm municipalities’ ability to cope normally and hin-
der both emergency response and longer-term recovery. 

Reverse logistics offers an appropriate framework to coordinate these activities. Hu 
and Sheu [8] developed a post-disaster debris model that considered logistics costs, envi-
ronmental and operational risks, and psychological effects on affected residents. Their re-
sults showed that reducing logistics cost alone can worsen non-economic outcomes, 
which is important for recovery planning in damaged urban areas. 

Habib and Sarkar [9] applied fuzzy possibilistic allocation to multi-criteria site selec-
tion for temporary disaster-debris management sites. They recognized in their framework 
that site selection is a function of regional, municipal, environmental, and legal settings. 
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However, their framework focused mainly on temporary site selection and allocation, not 
a complete network of collection, recycling, reconstruction demand, and final disposal. 

Using GIS, Madi and Srour [13] estimated the quantities of waste in Syria and iden-
tified suitable locations for recycling and landfills. Kousa and Pottgiesser [5] and 
Rashwani et al. [6] looked at the potential for recovery and reuse of debris generated by 
conflict. These studies establish the spatial and material relevance of rubble recovery in 
Syria but do not formulate an integrated city-scale network for the full movement of ma-
terial from rubble sources to reconstruction use or disposal. 

2.2. Reverse-Logistics Network Design and Uncertainty 

Construction and demolition waste research has led to increasingly detailed reverse-
logistics models. Rahimi and Ghezavati [10] developed a multi-period model that consid-
ers profit, environmental impact, and social effects under uncertain demand for recycled 
products and return on investment. Pan et al. [11] investigated the location of treatment 
plants and capacity expansion considering the interests of the contractors, recycling firms, 
and public authorities. Jahangiri et al. [12] introduced a robust bi-level network, in which 
the facility location and waste allocation were determined under uncertainty in the pro-
portion of waste transported from generation points. 

The studies improve network design by taking uncertainty into account in terms of 
quantities, demand, investment conditions, and material flows. However, the uncertainty 
they address is mostly parametric. Models typically assume that candidate sites, access 
routes, organizational arrangements, and basic services are in place while selected param-
eter values differ across scenarios. This assumption is more difficult to sustain in a post-
conflict city. In Aleppo, the viability of a site can be compromised by damaged roads and 
uncertain access, limited utilities, land and legal constraints, institutional coordination, or 
local resistance. These factors do not just change the value of a parameter, but may deter-
mine whether a facility or route can be used at all. 

The present study differentiates between numerical uncertainty and implementation 
conditions. Sensitivity analysis is performed to study the effects of rubble volume, recov-
ery yield, disposal capacity, and transport cost. The operational implementation risk ob-
jective directly represents site-level access, land feasibility, utilities, institutional operabil-
ity, and other related issues. 

2.3. Trade-Offs Among Economic, Environmental, and Implementation Objectives 

The second problem is the management of conflicting objectives. Some studies have 
extended beyond cost minimization. Rahimi and Ghezavati [10] considered the economic, 
environmental, and social dimensions, but their social indicators were mainly related to 
employment and working conditions. Pan et al. [11] found that higher recycling rates in-
crease the transport costs of contractors and may reduce the profitability of recycling 
firms. These findings confirm that recycling, cost, and stakeholder interests do not always 
get better at the same time. 

Chen and Liao [14] developed a collaborative routing model for C&DW transport 
considering economic cost, environmental pollution, and social impact. Their work offers 
a useful lens on sustainability, but the decision problem is still largely transport-focused. 
The key variables are time windows, vehicle capacity, and carbon taxation, but the social 
acceptance and practical operability of collection, recycling, and disposal facilities are not 
considered as separate site-level objectives. 

A closer comparison is with the work of Hu and Sheu [8], as their model explicitly 
shows that a low-cost solution may have poor results in terms of risk and psychological 
burden. However, the social dimension is largely related to the waiting time and the psy-
chological consequences after an abrupt disaster. In a longer-term rubble management 
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problem, practical implementation also depends on dust exposure, traffic nuisance, prox-
imity to sensitive locations, local acceptance, access reliability, legal feasibility, utility 
availability, and institutional capacity. 

These trade-offs are important because a solution can be efficient in one way and 
difficult to implement in another. A shorter route could mean reduced costs and emissions 
but more trucks around residential areas. A cheap site may not have good access or ser-
vices. A recycling facility may improve material recovery but generate dust and noise, 
leading to lower local acceptance. Hence, an optimum solution to a single objective may 
be mathematically elegant but not practical in the local context. 

2.4. Critical Synthesis and Methodological Positioning 

The literature offers a good background on reverse logistics, facility location and 
routing, stochastic programming, robust optimization, and multi-objective modeling. The 
last gap is the failure to integrate network efficiency with the social and operational con-
ditions that determine whether a rubble management plan can be put into operation in a 
fragile city. 

The Aleppo problem is a conflict of four objectives: total cost, carbon emissions, 
dust/social acceptance, and operational implementation risk. These objectives are meas-
ured in different units, and their individual optima cannot generally be achieved in the 
same network. The social and operational aspects also cannot be monetized without as-
sumptions which might ruin their practical sense. 

In that sense, goal programming is relevant since it employs aspiration levels and 
undesirable deviations to aggregate heterogeneous objectives into a common decision 
structure [15,16]. However, the study does not start out with the assumption that one 
compromise formulation is better. Four formulations are applied to the same physical net-
work: weighted goal programming, augmented max-min fuzzy goal programming, 
weighted additive fuzzy goal programming, and Max-Min optimization. These formula-
tions differ in the amount of compensation they allow and the degree to which they em-
phasize overall performance or the least-satisfied objective. 

The resulting solutions are compared using MARCOS, and the ranking is validated 
using CRADIS. This procedure enables the selection of the preferred network based on 
the performance across all four objectives rather than on a previous methodological pref-
erence. Therefore, the contribution of this study is the combination of a city-scale reverse-
logistics model with context-specific social and operational objectives, and the independ-
ent multi-criteria comparison of the resulting compromise solutions. 

The study does not propose a new algorithm for Goal Programming or MCDM. For 
the problem at hand, existing techniques such as Goal Programming, Fuzzy FUCOM, 
MARCOS, and CRADIS have been adapted and integrated. The contribution is to develop 
a city-scale, five-level rubble management network that couples material recovery to re-
construction demand, while explicitly optimizing for dust/social acceptance and opera-
tional implementation risk. The contribution also includes generating four compromise 
solutions under the same physical network and evaluating them independently, instead 
of assuming in advance the superiority of one formulation. Thus, the resulting framework 
is an integrative and context-specific methodological contribution rather than a new 
standalone optimization algorithm. 

The structured comparison of the reviewed studies is given in Appendix A (Tables 
A1 and A2). 
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3. Case Study and Model Notation 
3.1. Aleppo Case Study and Network Data 

The Aleppo case was used to translate the proposed reverse-logistics framework into 
a concrete post-conflict rubble management problem. Figure 1 shows the network de-
signed to coordinate three interlinked tasks: clearing rubble from damaged areas, routing 
recoverable material to recycling facilities, and routing unusable residues to safe disposal 
sites. 

Aleppo faces this problem under difficult recovery conditions. The city is strewn with 
vast amounts of conflict-related debris, and years of disruption have degraded municipal 
service capacity. A World Bank damage assessment estimates 8.45–12.95 million m3 of 
rubble in Aleppo (low–high scenarios), and notes that solid-waste capacity was degraded 
under conflict conditions and public-health risks increased [3]. Globally, disaster/conflict 
debris is a major obstacle to reconstruction, often complicated by hazardous materials and 
ad hoc dumping when systems are overstretched [2]. 

The modeled network includes 21 source nodes, 5 collection/sorting sites, 4 recy-
cling/crushing facilities, 5 reconstruction demand nodes, and 2 disposal sites. 

The numbers and locations of the candidate facilities were determined through field 
surveys and consultations with the relevant local authorities. In particular, the two final 
disposal locations were agreed upon by representatives of the governorate, environmen-
tal authority, cleaning directorate, and investment authority. Accordingly, the disposal-
site structure was treated as an externally defined planning condition rather than an un-
restricted location decision. Additional disposal locations were not considered institution-
ally feasible within the scope of the present study. 

These counts and candidate locations were compiled from local authority communi-
cations and field surveys. The full list of source nodes, candidate facilities, reconstruction 
demand nodes, capacities, fixed costs, dust penalty coefficients, and operational risk 
scores is provided in Appendix B (Tables A3–A7). 

Road network distances were computed in GIS/ArcMap by building a road network 
dataset, running origin–destination cost-matrix and shortest-path analyses, and applying 
barriers or restrictions to damaged and inaccessible links. The resulting distance matrices 
for the source–collection, collection–recycling, recycling–demand, recycling–disposal, 
and source–disposal links are reported in Appendix C (Tables A8–A12). 

The sets, parameters, and decision variables used in the mathematical formulation 
are summarized in the following subsection. 
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Figure 1. Five-level reverse-logistics network for rubble management. 
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3.2. Sets, Parameters, and Decision Variables 

The notation is divided into network-related components and compromise-model 
components. The former describes the physical rubble flows and facility decisions, while 
the latter is used in the WGP, AMM-FGP, WA-FGP, and Max–Min formulations presented 
in Section 4. 

Sets and indices: 

1. 𝑖 ∈ 𝐼: source nodes of rubble generation; 
2. 𝑐 ∈ 𝐶: collection and temporary sorting sites; 
3. 𝑟 ∈ 𝑅: recycling and crushing facilities; 
4. 𝑢 ∈ 𝑈: reconstruction demand nodes for recycled aggregate; 
5. 𝑑 ∈ 𝐷: final disposal sites; 
6. g ∈ 𝒢: objective index, where 𝒢 = {cost,carbon,social,risk}. 

Parameters: 𝑄௜: quantity of rubble generated at source node 𝑖(t); 𝜌௜ ∈ [0, 1]: maximum recoverable fraction of rubble at source node 𝑖; 𝐶𝑎𝑝௖஼: capacity of collection and temporary sorting site 𝑐(t); 𝐶𝑎𝑝௥ோ: capacity of recycling and crushing facility 𝑟(t); 𝐶𝑎𝑝ௗ஽: capacity of disposal site 𝑑(t); 𝛼௥ ∈ [0, 1]: recovery yield at recycling facility 𝑟, representing the fraction converted into 
usable recycled aggregate; 𝛽௥ ∈ [0, 1]: residue fraction at recycling facility 𝑟, representing the fraction requiring final 
disposal; 𝐷𝑒𝑚௨: demand for recycled aggregate at reconstruction node 𝑢(t); 𝑑𝑖𝑠𝑡௜௖ௌ஼: transport distance from source node 𝑖to collection site 𝑐(km); 𝑑𝑖𝑠𝑡௖௥஼ோ: transport distance from collection site 𝑐to recycling facility 𝑟(km); 𝑑𝑖𝑠𝑡௥௨ோ௎: transport distance from recycling facility 𝑟to reconstruction demand node 𝑢(km); 𝑑𝑖𝑠𝑡௥ௗோ஽: transport distance from recycling facility 𝑟to disposal site 𝑑(km); 𝑑𝑖𝑠𝑡௜ௗௌ஽: direct transport distance from source node 𝑖to disposal site 𝑑(km); 𝑐௧௥: transportation cost per ton/kilometer (USD/t·km); 𝑐஼: collection and temporary sorting cost per ton handled at collection sites (USD/t); 𝑐ோ: recycling and crushing processing cost per ton handled at recycling facilities (USD/t); 𝑐஽: final disposal cost per ton handled at disposal sites (USD/t); 𝑝௨: unit economic value or avoided procurement cost of recycled aggregate delivered to 
reconstruction node 𝑢(USD/t); 𝐹௖஼: fixed opening cost of collection site 𝑐(USD); 𝐹௥ோ: fixed opening cost of recycling facility 𝑟(USD); 𝐹ௗ஽: fixed opening cost of disposal site 𝑑(USD); 𝑒௧௥: transport-related carbon emission factor per ton/kilometer ൫tCOଶe/t\cdotpkm൯; 𝑒஼ : carbon emission factor for collection and temporary sorting per ton handled ሺtCOଶe/tሻ; 𝑒ோ: carbon emission factor for recycling and crushing per ton handled ሺtCOଶe/tሻ; 𝑒஽: carbon emission factor for final disposal per ton handled ሺtCOଶe/tሻ; 𝜙௖: dust exposure or social acceptance penalty coefficient associated with collection site 𝑐; 𝜓௥: dust exposure or social acceptance penalty coefficient associated with recycling facility 𝑟; 𝜆௖஼: operational implementation risk coefficient associated with collection site 𝑐; 𝜆௥ோ: operational implementation risk coefficient associated with recycling facility 𝑟; 𝜆ௗ஽: operational implementation risk coefficient associated with disposal site 𝑑; 
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𝑇௖௢௦௧: aspiration level for total cost, obtained from the single-objective cost-minimization 
run; 𝑇௖௔௥௕: aspiration level for total carbon emissions, obtained from the single-objective car-
bon-minimization run; 𝑇௦௢௖: aspiration level for dust/social acceptance penalty, obtained from the single-objective 
social penalty minimization run; 𝑇௥௜௦௞: aspiration level for operational implementation risk, obtained from the single-objec-
tive risk-minimization run; 𝜀 > 0  where 𝜀 is a very small augmentation coefficient; 𝑤௖௢௦௧: relative weight assigned to the cost goal in the weighted goal programming model; 𝑤௖௔௥௕: relative weight assigned to the carbon-emission goal in the weighted goal program-
ming model; 𝑤௦௢௖: relative weight assigned to the dust/social acceptance goal in the weighted goal pro-
gramming model; 𝑤௥௜௦௞: relative weight assigned to the operational-risk goal in the weighted goal program-
ming model; 𝑁௚: nadir-like value of objective 𝑔;  𝑇௚: aspiration level of objective 𝑔;  Δ௚: admissible violation range of fuzzy goal 𝑔;  𝜃௚: fraction of the ideal–nadir spread used to define Δ௚.  

Network decision variables: 

1. 𝑥௜௖: amount of rubble transported from source node 𝑖to collection site 𝑐(t); 
2. 𝑚௜ௗ: amount of rubble transported directly from source node 𝑖to disposal site 𝑑(t); 
3. 𝑦௖௥: amount of rubble transported from collection site 𝑐to recycling facility 𝑟(t); 
4. 𝑧௥௨: amount of recycled aggregate transported from recycling facility 𝑟to reconstruc-

tion demand node 𝑢(t); 
5. 𝑤௥ௗ: amount of process residue transported from recycling facility 𝑟to disposal site 𝑑(t); 
6. 𝐴௖ ∈ {0, 1}: binary variable equal to 1 if collection site 𝑐is opened, and 0 otherwise; 
7. 𝐵௥ ∈ {0, 1}: binary variable equal to 1 if recycling facility 𝑟is opened, and 0 otherwise; 
8. 𝐺ௗ ∈ {0,1}: binary variable equal to 1 if disposal site 𝑑is activated, and 0 otherwise. 

Compromise model variables: 

1. 𝜇௖௢௦௧ ∈ [0, 1]; 
2. 𝜇௖௔௥௕ ∈ [0, 1]; 
3. 𝜇௦௢௖ ∈ [0, 1]; 
4. 𝜇௥௜௦௞ ∈ [0, 1]; 
Where each 𝜇  is the satisfaction degree of one goal. 

5. 𝜆 ∈ [0, 1], where 𝜆  is the minimum achieved satisfaction among the four goals. 
6. 𝑑௖௢௦௧ା : positive deviation above the cost target; 
7. 𝑑௖௢௦௧ି : negative deviation below the cost target; 
8. 𝑑௖௔௥௕ା : positive deviation above the carbon emission target; 
9. 𝑑௖௔௥௕ି : negative deviation below the carbon emission target; 
10. 𝑑௦௢௖ା : positive deviation above the dust/social acceptance target; 
11. 𝑑௦௢௖ି : negative deviation below the dust/social acceptance target; 
12. 𝑑௥௜௦௞ା : positive deviation above the operational-risk target; 
13. 𝑑௥௜௦௞ି : negative deviation below the operational-risk target. 
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4. Methodology 
The methodology followed an organized multistage framework. First, the case study 

of Aleppo was defined, and the required spatial and network data were prepared. Then, 
context-specific indicators related to dust/social acceptance and operational implementa-
tion risk were developed through expert consultation and weighted by fuzzy FUCOM, 
which was chosen to reduce the expert comparison burden while retaining linguistic un-
certainty and an explicit consistency mechanism. Then, a multi-objective reverse-logistics 
model was developed to minimize the total cost, carbon emissions, social penalty, and 
operational risk. Four compromise solutions were then generated using WGP, AMM-FGP, 
WA-FGP, and Max–Min optimization. The alternatives were ranked using MARCOS and 
validated using CRADIS to find the best overall solution. 

Finally, subsidy and sensitivity analyses were conducted to examine the performance 
of the selected compromise solution under alternative policy and planning assumptions. 
The complete methodological framework is summarized in Figure 2.  

4.1. Development of the Dust/Social Acceptance and Operational Implementation Risk Indicators 

In addition to the economic and environmental objectives, this study incorporated 
two context-sensitive goals that are particularly important in a fragile urban setting: 
dust/social acceptance penalty and operational implementation risk. Unlike cost and car-
bon emissions, these dimensions could not be derived reliably from a single secondary 
data source. They were therefore developed through a Delphi-based expert consultation 
process and weighted using fuzzy FUCOM. 

The use of expert judgment was necessary because the two indicators represent con-
text-dependent conditions for which consistent site-level secondary data were not availa-
ble. Factors such as community acceptance, access reliability, land and legal feasibility, 
utility availability, and institutional operability cannot be represented adequately by 
transport distance or monetary cost alone. The expert process was, therefore, used to 
translate these qualitative conditions into structured and comparable site-level assess-
ments. These assessments were not introduced directly into the model; they were aggre-
gated through the Delphi procedure and combined with fuzzy FUCOM weights to con-
struct the final coefficients. 

A purposive criterion-based approach was used to form the expert panel. Eligible 
participants were required to have at least five years of professional experience in a field 
related to rubble management, construction and demolition waste, environmental man-
agement, transport and logistics, urban planning, public works, or post-conflict recovery. 
The selection also sought institutional diversity by including participants from govern-
ment bodies, private-sector organizations, local non-governmental organizations, and 
technical or academic backgrounds. Experts with direct knowledge of Aleppo and the 
Syrian recovery context were included alongside specialists with experience in compara-
ble international settings. 

Thirteen experts satisfied the eligibility criteria and completed all three Delphi 
rounds. The panel size was determined through purposive coverage of the main technical 
and institutional perspectives rather than through statistical sampling. 
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Figure 2. Proposed methodology. 
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Dust/social acceptance penalty: This indicator reflects the local nuisance caused by 
the activities of rubble collection, transport, sorting, and crushing. It has five sub-criteria. 
Residential proximity represents the exposure of neighboring households to dust, noise, 
and truck movement. Sensitive receptors reflect the proximity of schools, hospitals, mar-
kets, places of worship, and other vulnerable urban functions. Traffic nuisance represents 
congestion, safety concerns, and disruption caused by heavy vehicle movement. The se-
verity of dust generation is the expected intensity of particulate emissions during loading, 
unloading, crushing, and transport. Local acceptance represents the likelihood that 
nearby communities would tolerate or oppose rubble handling activities. The correspond-
ing subcriterion set is denoted by 𝐾஽ௌ. 

Operational implementation risk: This indicator relates to the practical difficulties in 
establishing and operating collection, recycling, or disposal facilities under the local con-
ditions of Aleppo. It has six sub-criteria. Access reliability is the ability to reach a site via 
the road network considering damaged links, bottlenecks, and restrictions on heavy vehi-
cles. Land/legal feasibility includes ownership, permitting, and land use constraints. Se-
curity/stability refers to the risk of operational disruption caused by instability or interfer-
ence from outside. Utility availability is access to electricity, water, fuel, and maintenance 
support. Contamination complexity is an indication of the difficulty of handling mixed or 
hazardous rubble. Institutional operability is the capacity of the responsible actors to co-
ordinate, supervise, and continue operations over time. The corresponding subcriterion 
set is denoted by 𝐾ைோ. 

4.2. Delphi-Based Expert Consensus 

The Delphi method was used because the 13 experts represented different profes-
sional fields and did not have the same degree of familiarity with the Syrian operating 
context [17]. Each expert assessed the proposed subcriteria and candidate sites inde-
pendently, and the responses were kept anonymous to reduce the influence of seniority, 
institutional position, or dominant individuals. 

When large discrepancies occurred between the ratings, the experts were asked to 
briefly explain their judgments. The research team then produced an anonymized sum-
mary of the group ratings and the main reasons for the contrasting views. This feedback 
was passed on in the next round, and participants were allowed to re-evaluate their as-
sessments in light of the arguments put forward by experts from other fields. Special at-
tention was paid to clarifying differences between judgments based on direct knowledge 
of Aleppo and judgments based on experience in other geographical or institutional set-
tings. The experts could revise or keep their first assessments. 

Since the evaluations were judgment-based and ordinal, the median was used to ag-
gregate the ratings for each site–subcriterion combination. 

Each site was rated on a five-point ordinal scale, where 1 indicated the lowest level 
of nuisance or implementation risk, and 5 indicated the highest level. 𝑟̄௝௞஽ௌ = Median൛𝑟ଵ௝௞஽ௌ , 𝑟ଶ௝௞஽ௌ , … , 𝑟ଵଷ௝௞஽ௌ ൟ (1)

Similarly, the aggregated score for the operational implementation risk dimension is 
given by: 𝑟̄௝௛ைோ = Median൛𝑟ଵ௝௛ைோ , 𝑟ଶ௝௛ைோ , … , 𝑟ଵଷ௝௛ைோ ൟ (2)

The median was preferred because it is robust to extreme judgments and is more 
appropriate than the arithmetic mean when the underlying responses are collected on an 
ordinal Likert-type scale. 

To assess the degree of expert agreement, the interquartile range (IQR) was com-
puted for each site–subcriterion combination. For the dust/social acceptance dimension: 
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𝐼𝑄𝑅௝௞஽ௌ = 𝑄ଷ,௝௞஽ௌ − 𝑄ଵ,௝௞஽ௌ  (3)

For the operational implementation risk dimension: 𝐼𝑄𝑅௝௛ைோ = 𝑄ଷ,௝௛ைோ − 𝑄ଵ,௝௛ைோ  (4)

where: 𝑄ଵ: first quartile of expert ratings;  𝑄ଷ: third quartile of expert ratings.  
Consensus was considered to be achieved when: 𝐼𝑄𝑅 < 1 (5)

The IQR measures the spread of the middle 50% of expert ratings. On a five-point 
ordinal scale, an IQR ≤ 1 is commonly used to indicate acceptable consensus [18]. The 
stricter condition IQR < 1 was adopted in this study to require closer convergence before 
the median was accepted as representative of the group judgment. 

Items that did not meet this threshold were returned to the panel together with the 
anonymized rating summary and the reasons submitted for the contrasting views. Experts 
could then revise or retain their assessments. The process was repeated until the required 
level of agreement was reached. 

The Delphi process required three rounds, after which all retained evaluations satis-
fied the adopted consensus threshold. 

4.3. Determination of Subcriterion Weights Using Fuzzy FUCOM 

After consensus was reached on the subcriteria, their relative importance was deter-
mined using fuzzy FUCOM. The method was selected because it requires a limited num-
ber of structured comparisons. Once the criteria are ranked, experts compare only consec-
utive criteria in the ordered sequence. This was important in the present study because 
the panel consisted of 13 specialists from different professional backgrounds, not all of 
whom were familiar with detailed pairwise-comparison procedures. Reducing the num-
ber of judgments also shortened the consultation process and limited the need to repeat 
assessments in a recovery setting where expert availability was constrained. 

The fuzzy extension was used because several experts found linguistic expressions 
of importance more natural than exact numerical ratios. Terms such as equal, weak, mod-
erate, or strong importance were represented by triangular fuzzy numbers, allowing un-
certainty and hesitation in the judgments to be retained during weight estimation. Com-
pared with AHP, this approach avoids constructing a complete pairwise-comparison ma-
trix and conducting a separate consistency-ratio revision process. BWM also reduces the 
number of comparisons, but it requires two reference-based comparison vectors centered 
on the best and worst criteria. FUCOM was more consistent with the elicitation procedure 
used here, in which experts first ranked the criteria and then compared adjacent criteria. 
Consistency was not ignored; it was incorporated into the FUCOM optimization model 
through the transitivity conditions and the deviation from full consistency measure 
[19,20]. 

Let 𝑤෥௞஽ௌ   denote the fuzzy FUCOM weight of dust/social acceptance subcriterion 𝑘 ∈ 𝐾஽ௌ, and let 𝑤෥௛ைோ   denote the fuzzy FUCOM weight of operational implementation 
risk subcriterion ℎ ∈ 𝐾ைோ. 

After defuzzification, the final crisp normalized weights are denoted by 𝑤௞஽ௌ and 𝑤௛ைோ, respectively, subject to: ෍ 𝑤௞஽ௌ௞∈௄ವೄ = 1,𝑤௞஽ௌ ≥ 0 (6)
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෍ 𝑤௛ைோ௛∈௄ೀೃ = 1,𝑤௛ைோ ≥ 0 (7)

These weights express the relative contribution of each subcriterion within its corre-
sponding composite indicator. 

The final site-level coefficients were obtained by combining the normalized fuzzy 
FUCOM weights with the median ratings from the Delphi process. For each facility, the 
dust/social acceptance coefficient was calculated as the weighted sum ෌ 𝑤௞஽ௌ௞∈௄ವೄ 𝑟̄௝௞஽ௌ, 
while the operational implementation risk coefficient was calculated as ෌ 𝑤௛ைோ௛∈௄ೀೃ 𝑟̄௝௛ைோ. 
The dust/social calculation was applied to collection and recycling facilities, whereas the 
operational risk calculation was applied to collection, recycling, and disposal facilities. 
The resulting coefficients were used directly in the corresponding objective functions and 
are reported in Appendix B. 

4.4. Building the Mathematical Model 

An integrated reverse logistics network for rubble management in Aleppo is formu-
lated as a multi-objective mixed-integer linear programming model. The numerical values 
used to instantiate the sets, capacities, costs, demand parameters, penalty coefficients, risk 
scores, and transport distances are summarized in Appendices B and C. 

The network comprises source nodes, collection and temporary sorting sites, recy-
cling/crushing facilities, reconstruction demand nodes for recycled aggregate, and final 
disposal sites. Material may flow from source nodes to collection sites, then to recycling 
facilities, and finally either to reconstruction demand nodes as recycled aggregate or to 
disposal sites as process residue. A direct flow from source nodes to disposal sites is also 
allowed for non-recoverable or contaminated material. 

For baseline calibration, the Aleppo city rubble stock is defined using the low and 
high city-level estimates reported by the World Bank, namely 8,445,931 m3 and 12,948,944 
m3. Their midpoint, 10,697,438 m3, is adopted as the medium scenario. Using a conversion 
factor of 1.60 t/m3, the baseline stock equals 17,115,900 t. The World Bank also reports a 
unit rubble management cost of approximately USD 9.5/t and a processing scenario in 
which 70% of processed debris is recovered as recycled aggregate and 30% is sent to dis-
posal; these values are used as calibration anchors in the baseline model. Hazardous con-
stituents justify the explicit treatment of environmental and social penalties within the 
proposed formulation. 

The mathematical model is presented in three layers. The first layer defines the phys-
ical reverse logistics network and the material-flow constraints. The second layer defines 
the four performance objectives: total cost, carbon emissions, dust/social acceptance pen-
alty, and operational implementation risk. The third layer applies four compromise for-
mulations: WGP, AMM-FGP, WA-FGP, and Max–Min optimization. The resulting solu-
tions are then compared using MARCOS and validated by CRADIS. 

4.4.1. Objective Functions 

Total cost: 
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𝑇𝐶 = ෍𝐹௖஼௖∈஼ 𝐴௖ + ෍𝐹௥ோ௥∈ோ 𝐵௥ + ෍𝐹ௗ஽ௗ∈஽ 𝐺ௗ  
+෎෍𝑐௧௥௖∈஼௜∈ூ 𝑑𝑖𝑠𝑡௜௖ௌ஼𝑥௜௖ + ෎෍𝑐௧௥ௗ∈஽௜∈ூ 𝑑𝑖𝑠𝑡௜ௗௌ஽𝑚௜ௗ + ෎෍𝑐௧௥௥∈ோ௖∈஼ 𝑑𝑖𝑠𝑡௖௥஼ோ𝑦௖௥  
+෎෍𝑐௧௥௨∈௎௥∈ோ 𝑑𝑖𝑠𝑡௥௨ோ௎𝑧௥௨ + ෎෍𝑐௧௥ௗ∈஽௥∈ோ 𝑑𝑖𝑠𝑡௥ௗோ஽𝑤௥ௗ  
+෎෍𝑐஼௖∈஼௜∈ூ 𝑥௜௖ + ෎෍𝑐ோ௥∈ோ௖∈஼ 𝑦௖௥ + ෎෍𝑐஽ௗ∈஽௜∈ூ 𝑚௜ௗ + ෎෍𝑐஽ௗ∈஽௥∈ோ 𝑤௥ௗ  
−෎෍𝑝௨௨∈௎௥∈ோ 𝑧௥௨  

(8)

Total carbon emissions: 

𝐸𝐶 = ෎෍𝑒௧௥௖∈஼௜∈ூ 𝑑𝑖𝑠𝑡௜௖ௌ஼𝑥௜௖ + ෎෍𝑒௧௥ௗ∈஽௜∈ூ 𝑑𝑖𝑠𝑡௜ௗௌ஽𝑚௜ௗ + ෎෍𝑒௧௥௥∈ோ௖∈஼ 𝑑𝑖𝑠𝑡௖௥஼ோ𝑦௖௥
+෎෍𝑒௧௥௨∈௎௥∈ோ 𝑑𝑖𝑠𝑡௥௨ோ௎𝑧௥௨ + ෎෍𝑒௧௥ௗ∈஽௥∈ோ 𝑑𝑖𝑠𝑡௥ௗோ஽𝑤௥ௗ  
+෎෍𝑒஼௖∈஼௜∈ூ 𝑥௜௖ + ෎෍𝑒ோ௥∈ோ௖∈஼ 𝑦௖௥ + ෎෍𝑒஽ௗ∈஽௜∈ூ 𝑚௜ௗ + ෎෍𝑒஽ௗ∈஽௥∈ோ 𝑤௥ௗ  

(9)

Dust/social acceptance penalty: 

𝑆𝑃 = ෎෍𝜙௖௖∈஼௜∈ூ 𝑥௜௖ + ෎෍𝜓௥௥∈ோ௖∈஼ 𝑦௖௥ (10)

Operational implementation risk: 𝑅𝐾 = ෍𝜆௖஼௖∈஼ 𝐴௖ + ෍𝜆௥ோ௥∈ோ 𝐵௥ + ෍𝜆ௗ஽ௗ∈஽ 𝐺ௗ (11)

4.4.2. Model Constraints 

Source mass-balance constraint: ෍𝑥௜௖௖∈஼ + ෍𝑚௜ௗௗ∈஽ = 𝑄௜∀𝑖 ∈ 𝐼 (12)

Recoverable share constraint: ෍𝑥௜௖௖∈஼ ≤ 𝜌௜𝑄௜∀𝑖 ∈ 𝐼 (13)

Flow-conservation constraint at collection sites: ෍𝑥௜௖௜∈ூ = ෍𝑦௖௥௥∈ோ ∀𝑐 ∈ 𝐶 (14)

Collection-site capacity constraint: ෍𝑥௜௖௜∈ூ ≤ 𝐶𝑎𝑝௖஼𝐴௖∀𝑐 ∈ 𝐶 (15)

Recycling facility capacity constraint: 
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෍𝑦௖௥௖∈஼ ≤ 𝐶𝑎𝑝௥ோ𝐵௥∀𝑟 ∈ 𝑅 (16)

Recovered aggregate balance at recycling facilities: ෍𝑧௥௨௨∈௎ = 𝛼௥෍𝑦௖௥௖∈஼ ∀𝑟 ∈ 𝑅 (17)

Residue balance at recycling facilities: ෍𝑤௥ௗௗ∈஽ = 𝛽௥෍𝑦௖௥௖∈஼ ∀𝑟 ∈ 𝑅 (18)

Demand satisfaction limit: ෍𝑧௥௨௥∈ோ ≤ 𝐷𝑒𝑚௨∀𝑢 ∈ 𝑈 (19)

Disposal-site capacity constraint: ෍𝑚௜ௗ௜∈ூ + ෍𝑤௥ௗ௥∈ோ ≤ 𝐶𝑎𝑝ௗ஽𝐺ௗ∀𝑑 ∈ 𝐷 (20)

The existing recycling facility in Rammouseh was required to remain active in all 
model runs. Accordingly, 𝐵ோଵ = 1 (21)

The primary disposal site was also required to remain active. Accordingly, 𝐺஽ଵ = 1 (22)

The set of disposal sites is restricted to the two locations approved by the relevant 
authorities. Therefore, the model determines their activation and flow allocation but does 
not generate additional disposal-site locations. Capacity expansion at the approved sites 
is examined separately through sensitivity analysis. 

These linking constraints ensure that no flow is assigned to a closed facility. 𝑥௜௖ ≤ 𝑄௜𝐴௖                 ∀𝑖, 𝑐 (23) 𝑚௜ௗ ≤ 𝑄௜𝐺ௗ                ∀𝑖,𝑑 (24) 𝑦௖௥ ≤ 𝐶𝑎𝑝௖஼𝐴௖           ∀𝑐, 𝑟 (25) 𝑦௖௥ ≤ 𝐶𝑎𝑝௥ோ𝐵௥            ∀𝑐, 𝑟 (26) 𝑧௥௨ ≤ 𝐷𝑒𝑚௨𝐵௥         ∀𝑟,𝑢 (27) 𝑤௥ௗ ≤ 𝛽௥𝐶𝑎𝑝௥ோ𝐵௥      ∀𝑟,𝑑 (28) 𝑤௥ௗ ≤ 𝐶𝑎𝑝ௗ஽𝐺ௗ         ∀𝑟,𝑑 (29) 

4.5. Compromise Optimization Formulations 

4.5.1. Weighted Goal Programming 

Cost goal: 𝑇𝐶 + 𝑑௖௢௦௧ି − 𝑑௖௢௦௧ା = 𝑇௖௢௦௧ (30)

Carbon emission goal: 𝐸𝐶 + 𝑑௖௔௥௕ି − 𝑑௖௔௥௕ା = 𝑇௖௔௥௕ (31)

Dust/social acceptance goal: 
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𝑆𝑃 + 𝑑௦௢௖ି − 𝑑௦௢௖ା = 𝑇௦௢௖ (32)

Operational risk goal: 𝑅𝐾 + 𝑑௥௜௦௞ି − 𝑑௥௜௦௞ା = 𝑇௥௜௦௞ (33)

Weighted non-preemptive goal programming objective min𝑍ௐீ௉ = 𝑤௖௢௦௧ ቆ𝑑௖௢௦௧ା𝑇௖௢௦௧ቇ + 𝑤௖௔௥௕ ቆ𝑑௖௔௥௕ା𝑇௖௔௥௕ቇ+ 𝑤௦௢௖ ቆ𝑑௦௢௖ା𝑇௦௢௖ቇ+ 𝑤௥௜௦௞ ቆ𝑑௥௜௦௞ା𝑇௥௜௦௞ቇ (34)

Weight normalization constraint: 𝑤௖௢௦௧ + 𝑤௖௔௥௕ + 𝑤௦௢௖ + 𝑤௥௜௦௞ = 1 (35)

Non-negativity constraints: 𝑥௜௖ , 𝑚௜ௗ , 𝑦௖௥ , 𝑧௥௨, 𝑤௥ௗ ≥ 0                  ∀𝑖 ∈ 𝐼,  𝑐 ∈ 𝐶,  𝑟 ∈ 𝑅,  𝑢 ∈ 𝑈,  𝑑 ∈ 𝐷 (36)𝑑௖௢௦௧ା , 𝑑௖௢௦௧ି , 𝑑௖௔௥௕ା , 𝑑௖௔௥௕ି , 𝑑௦௢௖ା , 𝑑௦௢௖ି , 𝑑௥௜௦௞ା , 𝑑௥௜௦௞ି ≥ 0 (37)

4.5.2. Augmented Max–Min Fuzzy Goal Programming (AMM-FGP) 

Fuzzy goal constraints: Because all four objectives are minimization-type objectives, 
each is represented as an upper-bound fuzzy goal. The fuzzy-goal logic is based on aspi-
ration levels and admissible violations. 

The augmented max–min fuzzy goal programming formulation was selected be-
cause rubble management planning in a fragile post-conflict setting requires protection 
against highly unbalanced solutions. A network that performs well in terms of cost or 
carbon emissions may remain practically unacceptable if its social acceptance or opera-
tional risk satisfaction is very low. The max–min component therefore maximizes the sat-
isfaction level of the least-satisfied goal, preventing any single objective from being exces-
sively sacrificed. However, the pure max–min operator may generate multiple solutions 
with the same minimum satisfaction level. To distinguish among such solutions, an aug-
mentation term is added to improve the overall weighted satisfaction while retaining pri-
ority for the weakest goal. This formulation follows the augmented max–min logic intro-
duced by Lai and Hwang [21] and subsequently developed for weighted fuzzy goal pro-
gramming by Arıkan [22]. 

All four objectives are minimization-type goals. Their satisfaction levels are repre-
sented by the membership variables ሺ𝜇ୡ୭ୱ୲ሻ, ሺ𝜇ୡୟ୰ୠሻ, ሺ𝜇ୱ୭ୡሻ, and ሺ𝜇୰୧ୱ୩ሻ. The ideal values 
and admissible deviations derived from the payoff table are used to construct the follow-
ing linear membership constraints. 

The compact linear form is: 𝑇𝐶 ≤ 𝐼௖௢௦௧ + Δ௖௢௦௧(1 − 𝜇௖௢௦௧) (38)

𝐸𝐶 ≤ 𝐼௖௔௥௕ + Δ௖௔௥௕(1 − 𝜇௖௔௥௕) (39)

𝑆𝑃 ≤ 𝐼௦௢௖ + Δ௦௢௖(1 − 𝜇௦௢௖) (40)

𝑅𝐾 ≤ 𝐼௥௜௦௞ + Δ௥௜௦௞(1 − 𝜇௥௜௦௞)  (41)

These equations mean: 

1. if the achieved value is at or below the ideal value, satisfaction can reach 1; 
2. as the achieved value moves away from the ideal, satisfaction declines; 
3. when the achieved value reaches 𝐼௚ + Δ௚, satisfaction drops to 0, 

To define λ as the minimum satisfaction level, the following constraints are imposed: 
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𝜆 ≤ 𝜇௖௢௦௧ (42)𝜆 ≤ 𝜇௖௔௥௕ (43)𝜆 ≤ 𝜇௦௢௖ (44)𝜆 ≤ 𝜇௥௜௦௞ (45)

where 0 ≤ 𝜇௖௢௦௧ ≤ 1 (46)0 ≤ 𝜇௖௔௥௕ ≤ 1 (47)0 ≤ 𝜇௦௢௖ ≤ 1 (48)0 ≤ 𝜇௥௜௦௞ ≤ 1 (49)0 ≤ 𝜆 ≤ 1 (50)

The augmented max–min objective function is: max𝑍஺ெெ = 𝜆 + 𝜀(𝑤௖௢௦௧𝜇௖௢௦௧+𝑤௖௔௥௕𝜇௖௔௥௕+𝑤௦௢௖𝜇௦௢௖+𝑤௥௜௦௞𝜇௥௜௦௞) (51)

With: 𝑤௖௢௦௧ + 𝑤௖௔௥௕ + 𝑤௦௢௖ + 𝑤௥௜௦௞ = 1 (52)

This objective function ensures the following: 
This objective first maximizes the satisfaction of the least-satisfied goal and then uses 

the weighted sum of memberships to distinguish between solutions with the same mini-
mum satisfaction level. 

4.5.3. Weighted Additive Fuzzy Goal Programming (WA-FGP) 

Weighted additive fuzzy goal programming was implemented as an alternative FGP 
aggregation approach to assess whether the selected solution is sensitive to the treatment 
of compensation among the goals. Weighted additive FGP maximizes the total weighted 
satisfaction of the fuzzy goals rather than directly protecting the least-satisfied goal. It 
therefore allows strong performance on some objectives to compensate for weaker perfor-
mance on another objective. This approach provides a useful contrast with the augmented 
max–min formulation and is consistent with the weighted additive FGP models examined 
by Yaghoobi et al. [23]. 

The weighted additive FGP objective is: max 𝑍𝑊𝐴 = 𝑤ୡ୭ୱ୲𝜇ୡ୭ୱ୲ + 𝑤ୡୟ୰ୠ𝜇ୡୟ୰ୠ + 𝑤ୱ୭ୡ𝜇ୱ୭ୡ + 𝑤୰୧ୱ୩𝜇୰୧ୱ୩ (53)

This objective is solved subject to the physical network constraints, the fuzzy mem-
bership constraints in Equations (38)–(41), the membership bounds in Equations (46)–(49), 
and the weight-normalization condition in Equation (52). Unlike AMM-FGP, the WA-FGP 
model does not contain the minimum satisfaction variable (𝜆). Consequently, it is more 
compensatory: a lower satisfaction level in one goal may be accepted when it generates 
sufficiently large improvements in the other weighted goals. 

4.5.4. Max–Min Model 

In addition to the weighted goal programming and fuzzy goal programming formu-
lations, a max–min model was also implemented for comparison. The model uses the 
same payoff-based objective satisfaction degrees as the main framework. For each objec-
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tive, the satisfaction degree was defined by normalizing the achieved value between the 
corresponding ideal and nadir-like values obtained from the payoff table. Since all four 
objectives in the Aleppo model are minimization goals, the satisfaction degree was calcu-
lated as relative closeness to the ideal value. The final max–min model maximizes the 
minimum satisfaction degree across all objectives, thereby yielding the most balanced 
compromise in terms of the worst-performing criterion. 

Max–min objective function: max 𝜆 (54)

Max–min constraints: 𝜆 ≤ 𝑠𝑎𝑡௖௢௦௧ (55)𝜆 ≤ 𝑠𝑎𝑡௖௔௥௕ (56)𝜆 ≤ 𝑠𝑎𝑡௦௢௖ (57)𝜆 ≤ 𝑠𝑎𝑡௥௜௦௞ (58)0 ≤ 𝑠𝑎𝑡௚ ≤ 1∀    ∀𝑔 ∈ 𝐺 (59)0 ≤ 𝜆 ≤ 1 (60)

Satisfaction-degree equations: Because all four objectives are minimization-type ob-
jectives, their satisfaction degrees are defined as follows: 𝑠𝑎𝑡௖௢௦௧ = 𝑛𝑎𝑑𝑖𝑟௖௢௦௧ − 𝑇𝐶𝑛𝑎𝑑𝑖𝑟௖௢௦௧ − 𝑖𝑑𝑒𝑎𝑙௖௢௦௧ (61)

𝑠𝑎𝑡௖௔௥௕ = 𝑛𝑎𝑑𝑖𝑟௖௔௥௕ − 𝐸𝐶𝑛𝑎𝑑𝑖𝑟௖௔௥௕ − 𝑖𝑑𝑒𝑎𝑙௖௔௥௕  (62)

𝑠𝑎𝑡௦௢௖ = 𝑛𝑎𝑑𝑖𝑟௦௢௖ − 𝑆𝑃𝑛𝑎𝑑𝑖𝑟௦௢௖ − 𝑖𝑑𝑒𝑎𝑙௦௢௖ (63)

𝑠𝑎𝑡௥௜௦௞ = 𝑛𝑎𝑑𝑖𝑟௥௜௦௞ − 𝑅𝐾𝑛𝑎𝑑𝑖𝑟௥௜௦௞ − 𝑖𝑑𝑒𝑎𝑙௥௜௦௞ (64)

1. 𝑠𝑎𝑡௚ = 1: the goal reaches its ideal value; 
2. 𝑠𝑎𝑡௚ = 0: the goal is at the row-wise worst value from the payoff table; 
3. A higher 𝑠𝑎𝑡௞  means better performance. 

4.6. Aspiration Levels 

For each objective, the ideal value was obtained by solving the corresponding single-
objective version of the model. A payoff table was then constructed by recording the val-
ues of all objectives under each single-objective solution. For each goal, a nadir-like value 
was taken as the worst observed value in the payoff table. The admissible violation of each 
fuzzy goal was defined as a fraction of the ideal–nadir spread, i.e., Δ௚ = 𝜃(𝑁௚ − 𝐼௚). The 
aspiration level for each objective was set equal to its ideal value. For the fuzzy formula-
tions, 𝜃௚ = 1 was used for all objectives; therefore, the full observed ideal–nadir spread 
defined the interval over which satisfaction declined from 1 to 0. 
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4.7. MARCOS Method 

MARCOS was selected to compare the four optimization solutions because it evalu-
ates each alternative relative to both ideal and anti-ideal solutions and expresses the result 
through an overall utility measure. This is useful when the alternatives involve conflicting 
criteria with different units. CRADIS was used as a validation method because it applies 
a different distance-based ranking logic; agreement between the two methods therefore 
provides evidence that the ranking is not dependent on a single procedure. TOPSIS was 
not used because it ranks alternatives mainly through relative distances from ideal solu-
tions, while VIKOR emphasizes a compromise between group utility and individual re-
gret. PROMETHEE requires the specification of preference functions and thresholds, 
which would introduce additional subjective parameters. MARCOS and CRADIS were 
therefore selected as a concise main-ranking and validation pair rather than as universally 
superior methods. 

MARCOS evaluates each alternative based on its distance from the ideal and anti-
ideal solutions, and the final ranking is computed from utility functions that reflect the 
relative position of each alternative. Thanks to this structure, the method provides a clear 
and systematic approach for comparing alternatives under multiple criteria and for find-
ing the most acceptable compromise solution [24]. 

Let 𝐴௜(𝑖 = 1,2, … ,𝑚) denote the alternatives, 𝐶௝(𝑗 = 1,2, … ,𝑛)  donate the criteria, 𝑤௝ donate the weight of criterion 𝑗, 𝐵 the set of benefit criteria, and 𝐶the set of cost cri-
teria. 

MARCOS equations: 

𝑋 =
⎣⎢⎢
⎢⎢⎡
𝐴𝐴𝐼𝐴ଵ𝐴ଶ⋮𝐴௠𝐴𝐼 ⎦⎥⎥

⎥⎥⎤ =
⎣⎢⎢
⎢⎢⎡
𝑥௔௔௜,ଵ 𝑥௔௔௜,ଶ ⋯ 𝑥௔௔௜,௡𝑥ଵଵ 𝑥ଵଶ ⋯ 𝑥ଵ௡𝑥ଶଵ 𝑥ଶଶ ⋯ 𝑥ଶ௡⋮ ⋮ ⋱ ⋮𝑥௠ଵ 𝑥௠ଶ ⋯ 𝑥௠௡𝑥௔௜,ଵ 𝑥௔௜,ଶ ⋯ 𝑥௔௜,௡ ⎦⎥⎥

⎥⎥⎤ (65)

𝑥௔௔௜,௝ = ቊmin௜ 𝑥௜௝ , 𝑗 ∈ 𝐵max௜ 𝑥௜௝ , 𝑗 ∈ 𝐶 (66)

𝑥௔௜,௝ = ቊmax௜ 𝑥௜௝ , 𝑗 ∈ 𝐵min௜ 𝑥௜௝ , 𝑗 ∈ 𝐶 (67)

𝑛௜௝ = ⎩⎨
⎧ 𝑥௜௝𝑥௔௜,௝ , 𝑗 ∈ 𝐵𝑥௔௜,௝𝑥௜௝ , 𝑗 ∈ 𝐶 (68)

𝑣௜௝ = 𝑛௜௝  𝑤௝ (69)

𝑆௜ = ෍𝑣௜௝௡
௝ୀଵ  (70)

𝐾௜ି = 𝑆௜𝑆௔௔௜ (71)

𝐾௜ା = 𝑆௜𝑆௔௜ (72)
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𝑓(𝐾௜ି ) = 𝐾௜ା𝐾௜ା + 𝐾௜ି , 𝑓(𝐾௜ା) = 𝐾௜ି𝐾௜ା + 𝐾௜ି  (73)

𝑓(𝐾௜) = 𝐾௜ା + 𝐾௜ି1 + 1 − 𝑓(𝐾௜ା)𝑓(𝐾௜ା) + 1 − 𝑓(𝐾௜ି )𝑓(𝐾௜ି )  (74)

Finally, the alternatives are ranked according to the final utility function 𝑓(𝐾௜), and 
the alternative with the highest value is considered the best one. 

5. Results 
5.1. Single-Objective Results and Payoff Table 

The payoff table obtained from the four single-objective optimization runs is shown 
in Table 1, and the corresponding normalized values are shown in Figure 3. Each objective 
was normalized to a [0,1] range where 0 is the ideal value, and 1 is the worst value ob-
served for that objective in the single-objective runs. 

As expected, the diagonal entries correspond to the ideal values obtained when each 
objective was minimized separately. The off-diagonal entries show the effect of each sin-
gle-objective solution on the remaining criteria. Minimizing the social penalty produced 
the highest total cost, while the carbon- and social-minimization runs both resulted in an 
operational risk value of 33. The risk-minimization run produced the highest carbon-emis-
sion value. These results form the payoff structure used to define the aspiration levels and 
performance ranges of the compromise formulations. 

 

Figure 3. Results of the single-objective optimization runs for cost, carbon emissions, social penalty, 
and operational risk. 

Table 1. Payoff Table. 

Reported Goal Optimize Cost Optimize Carbon Optimize Social Optimize Risk 
Cost 107,539,031 114,478,574 131,789,040 129,205,107 
Carbon 90,817 90,083 99,416 102,534 
Social 11,832,880 11,553,130 10,227,257 10,918,171 
Risk 25 33 33 24 
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5.2. Results of the Four Compromise Formulations 

Table 2 reports the FUCOM-derived weights used in the four compromise formula-
tions. Dust/social acceptance received the highest normalized weight, followed by opera-
tional implementation risk, total cost, and carbon emissions. 

Table 3 and Figure 4 compare the solutions obtained from AMM-FGP, WA-FGP, 
WGP, and Max–Min. Max–Min produced the lowest total cost among the four compro-
mise solutions. AMM-FGP achieved the lowest carbon emission value, whereas WGP 
achieved the lowest social penalty and reached the ideal operational risk value of 24. WA-
FGP produced values close to those of AMM-FGP but did not provide the best result for 
any individual objective. Detailed facility allocation and material flow results are reported 
in Appendix D (Figures A1–A5). 

Table 2. Results of FUCOM weights—group weights of 13 experts. 

Criterion Weight (Unnormalized) Normalized Group Weight Description 
C1 0.246278 0.27594 Operational implementation risk 
C2 0.251965 0.28231 Dust/social acceptance 
C3 0.220984 0.24760 Total cost 
C4 0.173272 0.19415 Carbon emissions 

Sum 0.892500743 1  

Table 3. Comparative objective performance of the AMM-FGP, WA-FGP, WGP, and Max–Min mod-
els. 

Objective Ideal Value 
AMM-FGP 
Achieved 

Gap 
from 
Ideal 
(%) 

WA-FGP 
Achieved 

Gap 
from 
Ideal 
(%) 

WGP 
Achieved 

Gap 
from 
Ideal 
(%) 

Max–Min 
Achieved 

Gap 
from 
Ideal 
(%) 

Best-Per-
forming 
Method 

Total cost 
(USD) 

107,539,031 131,651,834 22.42 130,926,832 21.75 131,047,790 21.86 127,529,880 18.59 Max–Min 

Carbon 
emissions 
(tCO2e) 

90,083 98,696 9.56 99,810 10.80 100,239 11.27 101,020 12.14 AMM-FGP 

Dust/social 
ac-
ceptancepen
alty 

10,227,257 11,650,853 13.92 11,832,880 15.70 10,842,526 6.02 11,650,050 13.91 WGP 

Operational 
implementa-
tion risk 

24 33 37.50 33 37.50 24 0.00 29 20.83 WGP 

Gap from ideal (%) = AchievedିIdeal
Ideal

× 100. 
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Figure 4. Relative gaps from the ideal values for the four compromise formulations. 

5.3. MARCOS and CRADIS Ranking Results 

MARCOS was used to evaluate the four compromise solutions generated by AMM-
FGP, WA-FGP, WGP, and Max–Min. The detailed calculations are reported in the table in 
Appendix E. 

WGP achieved the highest MARCOS utility score of 0.697919 and ranked first. Max–
Min ranked second with a score of 0.654658, followed by AMM-FGP with 0.633123 and 
WA-FGP with 0.629647. The four alternatives were also evaluated using CRADIS, which 
produced the same ranking order. The experts’ individual rankings and fuzzy adjacent 
comparisons used in the weighting process are provided in the table in Appendix F. 

5.4. Subsidy Policy Results 

To examine the potential role of policy intervention in post-conflict rubble recovery, 
a recycling subsidy mechanism was introduced in addition to the baseline scenario. It rep-
resents a recovery subsidy that reduces the effective processing cost at recycling facilities 
by a policy rate 𝑠. Thus, the original recycling cost parameter 𝑐௥ோ is replaced by 𝑐̄௥ோ = (1 −𝑠)𝑐௥ோ, where 𝑠 ∈ {0.10, 0.20, 0.30}. The targets and weights are kept fixed and only the ef-
fective recycling cost changes across scenarios. Therefore, a lower 𝑍୛ୋ୔ value indicates 
better overall achievement relative to the same benchmark. The results are presented in 
Table 4. 

Table 4. Subsidy policy analysis under the WGP model. 

Scenario Subsidy Effective 𝒄𝑹 𝒁𝑾𝑮𝑷 TC EC SP RK 
s0 0.00 6.50 0.192 131,047,790 100,239 10,842,526 24 
s10 0.10 5.85 0.191 114,766,826 98,130 12,233,205 33 
s20 0.20 5.20 0.123 126,225,724 106,816 11,022,714 26 
s30 0.30 4.55 0.046 107,539,031 104,265 10,813,000 24 
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The WGP achievement value decreased from 0.192 in the baseline case to 0.191, 0.123, 
and 0.046 under the 10%, 20%, and 30% subsidy scenarios, respectively. The 30% subsidy 
produced the lowest total cost, social penalty, operational risk, and overall achievement 
value. The 10% scenario produced the lowest carbon emission value. 

5.5. Sensitivity Analysis Results 

The analysis examined rubble volume, disposal capacity, recovery yield, transport 
cost, expert-derived social and operational-risk coefficients, and alternative criterion-
weight profiles. For the rubble volume, disposal capacity, recovery yield, and transport 
cost scenarios, the payoff table and aspiration ranges were recalculated before solving the 
WGP model. Consequently, WGP achievement values are not directly comparable across 
these scenarios, and the tables report the raw objective values instead. The sensitivity re-
sults for rubble volume, disposal capacity, recovery yield, and transport cost are pre-
sented in Tables 5–8, respectively. 

Table 5. Sensitivity of the WGP solution to rubble-volume estimates. 

Scenario Rubble Volume (m3) Approximate Tonnage (t) TC (USD) EC (tCO2e) SP RK Status 
Low 8,445,931 13,513,490 101,375,310 72,194 7,917,439 17 Feasible 
Medium 10,697,438 17,115,901 131,047,790 100,239 10,842,526 24 Feasible 
High 12,948,944 20,718,310 — — — — Infeasible 

The model remained feasible under the low and medium rubble estimates. Under the 
high estimate, the original network was infeasible. 

Table 6. Disposal capacity sensitivity under the high rubble-volume scenario. 

Total Disposal Capacity (t) D1 Capacity (t) D2 Capacity (t) TC (USD) EC (tCO2e) SP RK Status 
8,000,000 5,000,000 3,000,000 — — — — Infeasible 
10,220,000 6,387,500 3,832,500 140,335,980 109,983 13,860,411 28 Feasible 
11,000,000 6,875,000 4,125,000 148,413,073 109,192 12,511,872 25 Feasible 

A combined capacity of 10.22 million tons was the lowest tested level that restored 
feasibility. The 11 million-ton scenario produced a higher total cost but lower EC, SP, and 
RK values. 

Table 7. Sensitivity of the WGP solution to recovery yield. 

Scenario Recovery Yield (𝜶𝒓) Residue Fraction (𝜷𝒓) TC (USD) EC (tCO2e) SP RK 
Low recovery 0.60 0.40 120,593,439 80,062 8,124,006 23 
Baseline 0.70 0.30 131,047,790 100,239 10,842,526 24 
High recovery 0.80 0.20 104,240,557 69,650 5,357,084 14 

The high-recovery scenario produced the lowest values for all four objectives. The 
low-recovery scenario also resulted in lower objective values than the baseline. 

Table 8. Sensitivity of the WGP solution to transport cost. 

Scenario Transport Cost (USD/t-km) TC (USD) EC (tCO2e) SP RK 
−10% 0.198 111,729,613 95,329 10,622,714 26 
Baseline 0.220 131,047,790 100,239 10,842,526 24 
+10% 0.242 119,201,767 93,804 11,234,468 33 
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Both transport cost variations produced lower total cost and carbon emissions than 
the baseline. The −10% scenario also reduced the social penalty, with a small increase in 
operational risk, whereas the +10% scenario produced the highest social penalty and op-
erational risk values. 

To examine the dependence of the WGP solution on the expert-derived parameters, 
the dust/social acceptance and operational risk coefficients were varied separately by 
±10%. All other parameters, objective weights, aspiration levels, and normalization ranges 
were held at their baseline values. 

Table 9 shows that changes in the social coefficients affected the compromise solu-
tion. Reducing these coefficients by 10% lowered total cost by 8.44% and carbon emissions 
by 3.23%, while operational risk increased from 24 to 29. Increasing the social coefficients 
by 10% also reduced total cost and carbon emissions by 10.25% and 4.61%, respectively, 
but resulted in a higher social penalty value and the same operational risk value of 29. By 
contrast, changing the risk coefficients did not affect total cost, carbon emissions, or social 
penalty. The reported risk value changed proportionally from 24 to 21.6 and 26.4 under 
the −10% and +10% scenarios, respectively. 

Table 9. Local sensitivity of the WGP solution to changes in the expert-derived coefficients. 

Scenario Social Multiplier Risk Multiplier TC (USD) EC (tCO2e) SP RK 
Baseline 1.00 1.00 131,047,790 100,239 10,842,526 24.0 
Social −10% 0.90 1.00 119,984,826 97,005 9,945,525 29.0 
Social +10% 1.10 1.00 117,620,204 95,615 12,344,986 29.0 
Risk −10% 1.00 0.90 131,047,790 100,239 10,842,526 21.6 
Risk +10% 1.00 1.10 131,047,790 100,239 10,842,526 26.4 

Note: All other parameters were held at their baseline values. 

The stability of the final ranking was examined using four alternative preference pro-
files derived from the expert assessments. The achieved objective values of the four com-
promise solutions were kept unchanged, while MARCOS and CRADIS were recalculated 
using profiles emphasizing operational risk, dust/social acceptance, total cost, and carbon 
emissions. 

As shown in Table 10, WGP remained the first-ranked solution under all five weight 
profiles in both MARCOS and CRADIS. The result indicates that the selection of WGP 
was not dependent only on the aggregated group weights and remained stable under the 
different expert preference structures considered. 

Table 10. Ranking stability under alternative expert-derived criterion-weight profiles. 

Profile Operational 
Risk 

Dust/Social Ac-
ceptance Total Cost Carbon Emis-

sions 
MARCOS First-
Ranked Solution 

CRADIS First-
Ranked Solution 

Aggregated group 
weights 0.27594 0.28231 0.24760 0.19415 WGP WGP 

Risk emphasis 0.36250 0.19950 0.19750 0.24050 WGP WGP 
Social emphasis 0.20327 0.30653 0.22777 0.26243 WGP WGP 
Cost emphasis 0.22542 0.25085 0.30169 0.22204 WGP WGP 
Carbon emphasis 0.18027 0.20054 0.27560 0.34359 WGP WGP 

Note: The achieved objective values of the four compromise solutions were held fixed, and only the 
criterion weights were changed. 
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6. Discussion  
6.1. Objective Trade-Offs and Selection of the Compromise Solution 

The payoff table confirms that the four objectives cannot be improved simultane-
ously. Minimizing the social penalty produced the highest total cost, while the carbon- 
and social-minimization solutions both led to the highest operational risk value. Con-
versely, the risk-minimization solution produced the highest carbon emissions. These re-
sults show that a solution based on one objective alone would shift a considerable burden 
to at least one of the remaining dimensions. 

The four compromise formulations reflected different ways of handling these con-
flicts. Max–Min achieved the lowest total cost among the compromise solutions, while 
AMM-FGP produced the lowest carbon emissions. WGP performed best in the dust/social 
acceptance objective and reached the ideal operational risk value. WA-FGP produced re-
sults close to AMM-FGP but did not provide the best value for any individual criterion. 
No formulation, therefore, dominated the others across all four objectives. 

WGP was not selected beforehand as the preferred method. The four solutions were 
first generated under the same physical network and were then evaluated using the FU-
COM-derived criterion weights. Dust/social acceptance (0.28231) and operational risk 
(0.27594) had the highest weights, followed by total cost and carbon emissions. WGP, with 
its relatively strong performance on the two most highly weighted dimensions, achieved 
a higher overall MARCOS utility than the other candidates despite its less favorable cost 
and carbon results. Thus, it achieved the maximum MARCOS utility score, followed by 
Max–Min, AMM-FGP and WA-FGP. CRADIS produced the same ranking, showing that 
the final choice was not dependent on a single ranking procedure. 

This finding is consistent with earlier disaster- and construction-waste studies. Hu 
and Sheu [8] proved that the minimization of logistics cost can increase the risk and psy-
chological burdens. Pan et al. [11] found that recycling performance, transport cost, and 
stakeholder interests can be in conflict. The Aleppo results extend this argument by show-
ing that social acceptance and operational feasibility may drive the preferred network 
even if a solution appears more attractive in terms of cost or carbon. In a fragile urban 
context, the best plan is not necessarily the cheapest one, but the one that offers an ac-
ceptable balance between efficiency and practical implementation. 

6.2. Policy and Operational Implications 

The subsidy analysis indicates that the financial support for recycling can enhance 
the overall performance of the rubble management network, but its effect is not propor-
tional across the four objectives. The 30% subsidy produced the lowest WGP achievement 
value and the strongest overall result among the policy scenarios studied. Conversely, the 
10% subsidy had the lowest carbon emission value but was less effective for social penalty 
and operational risk. This difference suggests that the recycling incentive affected the se-
lected network decisions rather than merely reducing processing costs. Therefore, policy 
performance should be evaluated across economic, environmental, social, and operational 
criteria rather than just costs or emissions. 

The rubble volume analysis also has an immediate operational implication. The high 
rubble estimate showed that the original combined disposal capacity of 8 million tons was 
inadequate. The lowest tested capacity that restored feasibility was approximately 10.22 
Mt. The 11 Mt scenario provided additional capacity and lower emissions, social penalty 
and operational risk, but at a higher total cost. Expanding the capacity of these two dis-
posal sites, which were identified and approved through consultation with the relevant 
authorities, is a more realistic option than new hypothetical locations. The result thus in-
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dicates a capacity planning problem rather than a need to reconsider the entire disposal-
site structure. 

The combined results show that policy incentives and infrastructure capacity should 
be coordinated. Recycling subsidies may increase the attractiveness of material recovery, 
but their benefits will remain limited unless disposal capacity, road access, site operability 
or local acceptance are also addressed simultaneously. Other instruments such as mini-
mum recycled content requirements in reconstruction projects, landfill restrictions and 
standards for operational access can be added to a subsidy policy. These alternatives were 
not tested in the present model, but they provide relevant directions for a broader policy 
analysis. 

6.3. Robustness, Model Behavior, and Relation to Previous Studies 

The sensitivity analysis shows that the selected network is not equally stable under 
all assumptions. It remained feasible under the low and medium rubble estimates, but the 
high-volume case exceeded the original disposal capacity. Expanding the combined ca-
pacity of the two approved disposal sites restored feasibility. The analysis therefore does 
not suggest that one fixed network will remain suitable under every possible condition. 
Rather, it identifies the capacity and operating conditions that must be maintained for the 
network to remain workable. 

This use of sensitivity analysis differs from the uncertainty treatments found in ear-
lier C&DW network studies. Rahimi and Ghezavati [10] incorporated stochastic demand 
for recycled products and return on investment into a two-stage risk-averse model, while 
Jahangiri et al. [12] used scenario-based robust optimization for uncertainty in the propor-
tion of waste transported from generation points. In the present study, uncertainty is not 
embedded directly in the optimization formulation. Instead, rubble quantity, recovery 
yield, disposal capacity, and transport cost are varied after the baseline formulation is 
established. The analysis therefore complements, rather than replaces, stochastic or robust 
optimization by showing how the selected compromise solution responds to changes in 
key planning assumptions. 

Recovery yield had a particularly strong effect on the results. Increasing the yield 
from 70% to 80% improved all four objectives because a larger share of processed rubble 
became usable recycled aggregate and less residue required disposal. The low-recovery 
scenario also produced lower objective values than the baseline, but this should not be 
interpreted as evidence that lower recovery is preferable. Under the current formulation, 
recycled aggregate demand is an upper bound, direct disposal is permitted, and no mini-
mum recycling level is imposed. When recovery becomes less efficient, the lower objective 
values may reflect reduced recycling activity, greater use of direct disposal, or a different 
facility configuration. The result reveals an important feature of the model: good values 
for cost, emissions, social penalty, and operational risk do not necessarily imply strong 
circular economy performance. Pan et al. [11] similarly showed that recycling network 
performance depends on treatment capacity and the conflicting interests of contractors, 
recycling firms, and public authorities. The present findings add that an explicit recovery 
requirement may be needed when policy makers wish to prevent economically attractive 
solutions from relying excessively on disposal. 

The transport cost scenarios also produced a non-linear response. The non-linear ob-
jective values suggest that changes in the unit transport cost affected routing, material 
allocation, or facility selection decisions. Since facility opening decisions are binary, a rel-
atively small parameter change may lead to a different network configuration rather than 
a proportional change in the same solution. Chen and Liao [14] likewise showed that 
transport-related conditions, including vehicle capacity, time windows, and carbon taxa-
tion, influence the preferred C&DW routing plan. The Aleppo model extends this obser-
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vation from routing to the wider network-design level, where transport changes can also 
affect facility activation, social exposure, and operational risk. 

The local coefficient analysis indicates that the solution was more sensitive to the so-
cial acceptance parameters than to a uniform change in the operational risk coefficients. 
Perturbing the social coefficients changed the cost–emission–risk trade-off: both the −10% 
and +10% scenarios produced lower cost and emissions but increased operational risk 
from 24 to 29. This suggests that changes in the social penalty specification can lead the 
model toward a different network configuration, with economic and environmental gains 
accompanied by greater implementation difficulty. Since the model contains binary facil-
ity decisions, the response need not be proportional to the parameter change. 

In contrast, the ±10% changes in the risk coefficients left total cost, emissions, and 
social penalty unchanged. The risk value itself changed by exactly the same percentage as 
the coefficients, indicating that the selected solution remained stable and that the observed 
difference was mainly a rescaling of the risk measure. The baseline solution therefore ap-
pears locally stable under uniform changes in the operational risk coefficients, but more 
sensitive to the specification of the social acceptance coefficients. As this was a one-at-a-
time local test, the findings should not be interpreted as evidence of global robustness. 

The criterion-weight analysis further supports the stability of the final selection. Alt-
hough the alternative profiles placed greater emphasis on different objectives, WGP re-
mained first under both MARCOS and CRADIS in every case. This suggests that its pre-
ferred position was not driven by one particular weighting structure, but by its overall 
performance across the four criteria. The analysis tests ranking stability rather than 
changes in the underlying network, since the achieved objective values were held fixed. 

These results suggest that the framework is most useful as a planning and compari-
son tool rather than as a fixed prescription. Disposal capacity, recovery policy, and 
transport conditions should be reviewed as implementation progresses. Future extensions 
could incorporate uncertain road availability and rubble quantities directly through sto-
chastic or robust formulations, as well as minimum recovery constraints to ensure that 
improved objective values are not achieved through an unintended shift toward direct 
disposal. 

7. Conclusions 
The model developed in this study is an integrated reverse-logistics model for rubble 

management in Aleppo that links collection, recycling, reconstruction demand, and final 
disposal in one optimization model. The case was treated not only as a debris clearance 
problem, but also as a recovery planning problem in which cost, carbon emissions, 
dust/social acceptance, and operational risk interact. The payoff table results revealed 
clear conflicts between these objectives, supporting the notion that a single-objective ap-
proach would give only a partial view of the problem. 

WGP was selected as the best solution among the four tested compromise solutions 
under the FUCOM-weighted MARCOS evaluation. Its advantage was not that it domi-
nated every objective, but that it performed well on the higher-weighted social and oper-
ational risk dimensions. The MARCOS ranking placed WGP first, followed by Max-Min, 
AMM-FGP and WA-FGP, and the same order was obtained through CRADIS validation. 
This supported the final selection of WGP as the most suitable compromise for the Aleppo 
case. 

The subsidy analysis suggested that policy incentives could have a significant impact 
on system performance. The 30% recycling subsidy gave the best overall outcome under 
WGP, and the 10% subsidy scenario performed best only in terms of carbon emissions. 
The result suggests that support for recycling should not be based only on cost or emis-
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sions. Policy options in the management of post-conflict rubble need to be evaluated sim-
ultaneously on economic, environmental, social, and operational criteria. 

Sensitivity analyses indicated that disposal capacity is a key factor under the high 
rubble volume scenario. The alternative expert-derived criterion-weight profiles did not 
change the final WGP ranking. 

The study has some limitations. The numerical results are specific to Aleppo and de-
pend on the adopted assumptions, cost values, distance matrices, facility capacities, and 
policy scenarios. The model is also deterministic, so it does not fully represent uncertainty 
in security conditions, reconstruction demand, fuel prices, road access, or facility opera-
tion. In addition, social and operational conditions were represented through aggregate 
penalty and risk parameters, which are useful for optimization but cannot fully capture 
the complexity of field conditions. 

Future work can extend the model to robust or stochastic optimization, use the frame-
work in other Syrian cities, or consider a multi-period version in which the quantities of 
rubble, demand, and use of facilities change over time. Further work may also refine the 
social and operational dimensions through participatory weighting, more detailed expert 
elicitation, or deeper integration with GIS-based spatial analysis. These extensions would 
make the framework more useful for practical recovery planning in fragile urban settings. 
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Appendix A. Comparison of Previous Studies 

Table A1. Methodological and contextual comparison of previous studies. 

Study Waste Stream Context Network/End-Use Structure Main Method Real Case Study 

Xu & Wei [25] C&DW 
Generic ur-
ban/construction-
project context 

Location-allocation with 
processing centers and after-
treatment material supply 

Fuzzy bi-level 
model + 
PSO/fuzzy-ran-
dom simulation 

Y 

Galan et al. [26] C&DW Regional planning, 
Spain 

Transfer centers + pro-
cessing plants + distribution 
network 

MILP Y 

Rahimi & 
Ghezavati [10] 

C&DW Generic urban 
C&DW 

Reverse-logistics network 
for recycling C&DW 

Multi-period 
multi-objective 
MILP 

NE 
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Pouriani et al. 
[27] 

Municipal solid 
waste 

Generic urban 
waste manage-
ment 

Bi-level waste network Bi-level MILP Y 

Shi et al. [28] C&DW Generic urban 
C&DW 

Site selection of recycling 
plant 

Multi-objective lo-
cation model + GA 
+ probabilistic ro-
bust optimization 

NE 

Xu et al. [29] C&DW 
Building/project-
level, China 

BIM-based information and 
GHG quantification system; 
not a full RL network 

BIM-based IMS + 
emissions model Y 

Pan et al. [11] C&DW Construction-in-
dustry planning 

Treatment-plant location + 
capacity expansion planning 

Multi-period 
multi-objective 
MILP 

NE 

Lin et al. [30] C&DW 
Urban collection 
system, Chong-
qing 

Transfer-station location 
model 

Scenario-based ro-
bust facility-loca-
tion model 

Y 

Hu et al. [31] 
C&DW + MSW 
+ parcels 

Integrated under-
ground logistics 

Collection system/under-
ground logistics, not a recy-
cled-product demand net-
work 

Bi-objective dy-
namic program-
ming + heuristics 

Y 

Tirkolaee et al. 
[32] MSW Municipal waste 

routing 

Periodic capacitated arc-
routing, not facility network 
design 

Sustainable peri-
odic CARP MILP + 
metaheuristics 

NE 

Zhang & Ahmed 
[33] 

Inert construc-
tion waste 

Generic urban con-
struction-waste 
management 

Queuing system + reverse-
logistics network 

Queuing + reverse 
logistics NE 

Present study Urban rub-
ble/C&DW 

Fragile/post-con-
flict and earth-
quake-affected 
Aleppo 

Five-level S-C-R-U-D net-
work 

Weighted non-
preemptive goal 
programming 

Y 

Legend: Y = yes; NE = not explicit in the reviewed source. 

Table A2. Gap-positioning comparison. 

Study 

Demand In-
tegration for 
Recovered 
Products 

Closed-
Loop 
Character 

Recycling + 
Disposal 
Jointly 
Modeled 

Dust/Social 
Acceptance 
Explicit 

Operational Im-
plementation 
Risk Explicit 

Uncertainty Handling 
Multi-
Period 

Xu & Wei [25] Y P NE N N Fuzzy-random NE 
Galan et al. [26] P N NE N N None explicit N 
Rahimi & 
Ghezavati [10] Y P P/NE N N 

Two-stage stochas-
tic/CVaR Y 

Pouriani et al. 
[27] N N NE N N Scenario-based robust 

optimization N 

Shi et al. [28] N N N N N Probabilistic robust op-
timization N 

Xu et al. [29] N N N N N None explicit N 

Pan et al. [11] P P NE N N 

Dynamic planning, no 
formal robust/stochas-
tic method stated in the 
reviewed summary 

Y 

Lin et al. [30] N N N N N Scenario-based robust 
optimization Y 
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Hu et al. [31] N N N N N None explicit Y 
Tirkolaee et al. 
[32] N N N N N None explicit Y 

Zhang & Ahmed 
[33] N N P/NE N N 

Scenario analysis of de-
lays N 

Present study Y P Y Y Y 

Policy/scenario analysis 
at present; robust only 
if later reformulated 
formally 

N at 
present 

Legend: Y = yes; N = no; P = partial/indirect; NE = not explicit in the reviewed source 

Appendix B. Case-Study Nodes and Input Parameters 

Table A3. Source nodes and rubble quantities. 

Code Name_en Name_ar Type Qty_m3 
S1 Sukkari السكري Neighborhood 802,810 
S2 Salah Addein  صلاح الدين Neighborhood 642,248 
S3 Bustan Al Qasr  ᣆستان القᚽ Neighborhood 642,248 
S4 Ansari Mash-had  الأنصاري Neighborhood 802,810 
S5 Hanano هنانو Neighborhood 481,686 
S6 Karm Al Jabal  لᘘكرم الج Neighborhood 481,686 
S7 Karm Myasar  ᣄᛳكرم م Neighborhood 481,686 
S8 Dahret Awad  ضهرة عواد Neighborhood 180,632 
S9 Karm Al Qaterji  ᢝ ᢔᣐكرم القاطر Neighborhood 481,686 
S10 Halawaniyeh  ةᘭالحلوان Neighborhood 180,632 
S11 Karm Houmd approx.  كرم حومد Neighborhood 180,632 
S12 Bustan Al Basha  اشاᘘستان الᚽ Neighborhood 481,686 
S13 Bayadah  اضةᘭالب Neighborhood 180,632 
S14 Shaar belt الشعار Neighborhood 802,810 
S15 Jouret Awad جورة عواد Neighborhood 180,632 
S16 Qadi Askar approx.  عسكر ᢝ

ᡧᣔقا Neighborhood 481,686 
S17 Old City aggregate  مةᘌالمدينة القد Aggregate zone 1,003,512 
S18 West Aleppo aggregate  غرب حلب Aggregate zone 501,756 
S19 North/North-West aggregate  ᢝ ᢔᣍالشمال والشمال الغر Aggregate zone 752,634 
S20 South/South-West aggregate  ᢝ ᢔᣍالجنوب والجنوب الغر Aggregate zone 752,634 
S21 Industrial/Service belt  ᢝᣤوالخد ᢝᣘالحزام الصنا Aggregate zone 200,702 

Table A4. Candidate collection/sorting sites. 

Code Name Capacity_t FixedCost_USD DustPenalty RiskScore 
C1 East collection yard 4,000,000 1,200,000 0.9 8 
C2 Central/Old City collection yard 3,000,000 1,000,000 1.2 9 
C3 West collection yard 3,000,000 1,000,000 0.6 5 
C4 South collection yard 4,000,000 1,100,000 0.7 6 
C5 North/industrial-edge collection yard 4,000,000 1,100,000 0.8 6 

Table A5. Candidate recycling facilities. 

Code Name Capacity_t FixedCost_USD Yield ResidueFrac DustPenalty RiskScore 
R1 Rammouseh existing recycling facility 5,000,000 2,000,000 70.0% 30.0% 1.3 7 
R2 East recycling candidate 4,000,000 4,500,000 70.0% 30.0% 1.6 10 
R3 North recycling candidate 3,500,000 4,000,000 70.0% 30.0% 0.9 6 
R4 West recycling candidate 3,000,000 3,800,000 70.0% 30.0% 0.7 5 
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Table A6. Reconstruction demand nodes. 

Code Name Demand_t Value_USD_per_t 
U1 East roads and subbase reconstruction 3,000,000 9 
U2 Municipal/public facilities reconstruction 2,000,000 10 
U3 Housing reconstruction south-east 2,500,000 11 
U4 Industrial/airport-side reconstruction 1,800,000 10 
U5 Fill/embankment/landscaping works 1,200,000 5 

Table A7. Candidate disposal sites. 

Code Name Capacity_t FixedCost_USD RiskScore 
D1 Ain Al-Asafir disposal area 5,000,000 1,500,000 6 
D2 West-side quarry/landfill candidate 3,000,000 1,200,000 4 

Appendix C. Distance Matrices 

Table A8. Distance matrix from source nodes to collection sites. 

 C1 C2 C3 C4 C5 
S1 5.5 6.3 8.8 5.7 8.6 
S2 8.4 6.5 4.6 2.5 10.8 
S3 5.2 4.5 6.0 3.0 8.0 
S4 8.2 6.8 6.0 2.6 10.8 
S5 3.1 6.2 11.4 10.2 3.1 
S6 2.5 3.4 8.3 6.8 3.7 
S7 4.1 6.9 11.3 8.9 6.6 
S8 2.7 5.7 10.4 8.4 5.1 
S9 3.2 5.8 10.1 7.8 6.0 
S10 2.5 5.0 9.9 8.3 4.0 
S11 4.2 6.2 9.8 7.2 7.1 
S12 2.5 2.5 7.4 7.2 2.5 
S13 3.0 3.9 7.6 5.3 6.0 
S14 2.5 4.7 9.8 8.5 3.2 
S15 2.5 4.3 9.2 7.6 3.9 
S16 2.5 3.5 8.0 6.2 4.7 
S17 3.6 3.4 6.4 4.1 6.4 
S18 5.3 2.8 3.5 2.5 7.3 
S19 5.3 3.2 6.1 7.4 4.5 
S20 9.7 7.9 5.7 3.1 12.2 
S21 6.0 9.1 13.4 11.0 8.1 

Table A9. Distance matrix from collection sites to recycling facilities. 

 R1 R2 R3 R4 
C1 7.2 2.5 4.3 8.8 
C2 5.5 4.3 3.3 5.5 
C3 4.7 9.3 7.5 2.5 
C4 2.5 8.0 8.1 4.1 
C5 9.7 3.3 2.8 9.8 
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Table A10. Distance matrix from recycling facilities to reconstruction demand nodes. 

 U1 U2 U3 U4 U5 
R1 8.0 4.8 4.4 9.2 3.5 
R2 2.5 4.8 3.5 3.7 10.9 
R3 4.1 3.9 5.4 8.7 10.5 
R4 9.3 5.0 6.9 12.5 4.2 

Table A11. Distance matrix from recycling facilities to disposal sites. 

 D1 D2 
R1 6.5 6.8 
R2 5.3 13.4 
R3 9.6 11.7 
R4 11.0 4.3 

Table A12. Distance matrix from source nodes to disposal sites. 

 D1 D2 
S1 2.5 11.6 
S2 7.6 5.9 
S3 4.4 9.0 
S4 6.5 7.4 
S5 6.9 15.5 
S6 5.0 12.3 
S7 2.9 14.8 
S8 3.8 14.1 
S9 2.7 13.6 
S10 4.8 13.9 
S11 2.5 13.1 
S12 7.5 11.7 
S13 3.4 11.1 
S14 5.6 13.9 
S15 4.7 13.1 
S16 4.2 11.8 
S17 4.2 9.9 
S18 7.0 7.2 
S19 10.3 10.3 
S20 8.3 6.0 
S21 4.2 16.9 
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Appendix D. Optimal Network Allocation and Flow Results 

 

Figure A1. Flows from source nodes to open collection centers. 
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Figure A2. Flows from source nodes to open disposal sites. 
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Figure A3. Flows from open collection centers to open recycling facilities. 

 

Figure A4. Flows from recycling facilities to reconstruction-demand nodes. 
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Figure A5. Flows from recycling facilities to disposal sites. 

Appendix E. MARCOS and Validation Results 

 S_i K- K+ f(K-) f(K+) f(Ki) Rank 
AAI 0.889894 1.000000 0.889894 0.470870 0.529130 0.627117 - 

AMM-FGP achieved 0.898416 1.009577 0.898416 0.470870 0.529130 0.633123 3 
WGP achieved 0.990364 1.112902 0.990364 0.470870 0.529130 0.697919 1 

Max-Min achieved 0.928976 1.043918 0.928976 0.470870 0.529130 0.654658 2 
WA-FGP achieved 0.893485 1.004035 0.893485 0.470870 0.529130 0.629647 4 

AI 1.000000 1.123730 1.000000 0.470870 0.529130 0.704710 - 

Appendix F. Experts’ Individual Rankings and Fuzzy  
Adjacent Comparisons 

Expert Rank1 Rank2 Rank3 Rank4 Term12 Term23 Term34 
E1 C1 C2 C3 C4 FI WI EI 
E2 C2 C1 C3 C4 FI WI WI 
E3 C1 C2 C3 C4 WI VI WI 
E4 C3 C1 C2 C4 FI WI WI 
E5 C1 C2 C3 C4 WI WI FI 
E6 C2 C1 C3 C4 EI EI EI 
E7 C4 C2 C1 C3 VI FI WI 
E8 C1 C2 C3 C4 VI EI VI 
E9 C3 C2 C1 C4 FI FI WI 
E10 C3 C2 C1 C4 FI FI WI 
E11 C3 C4 C1 C2 FI FI WI 
E12 C3 C4 C1 C2 FI FI WI 
E13 C3 C2 C1 C4 FI FI WI 

C1: Operational implementation risk, C2: Dust/social acceptance, C3: Total cost, C4: Carbon emis-
sions. 
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