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ABSTRACT
Armed conflict places severe stress on urban systems through the destruction of infrastructure, disruption of essential services, and weakening of the institutional and informational structures required for coordinated reconstruction. Post-conflict recovery is further complicated by limited institutional capacity, fragmented governance, data scarcity, and challenges related to coordination and legitimacy. 
This paper investigates the potential of artificial intelligence (AI)-based modelling, simulation, and optimization approaches to support post-conflict urban reconstruction. A systematic literature review was conducted following PRISMA guidelines. Web of Science was complemented by the AI-assisted literature discovery platform Elicit, resulting in 31 records. Studies were assessed against predefined inclusion and exclusion criteria and independently screened by two reviewers. Following full-text assessment, ten studies were retained and subjected to a structured thematic analysis. This analysis identified three principal areas of application: (1) damage assessment and reconstruction monitoring; (2) optimization and decision support for recovery planning; and (3) governance, coordination, and resilience-oriented reconstruction planning. Across these areas, AI-enabled approaches are reported to support situational awareness, resource allocation, infrastructure recovery planning, and coordination.
A critical finding is that the available evidence is predominantly derived from post-disaster rather than post-conflict reconstruction. Consequently, demonstrated applications in natural-disaster settings cannot be assumed to transfer directly to conflict-affected environments. The reviewed studies reveal recurring limitations related to data availability and quality, model robustness and scalability, strong modelling assumptions, and insufficient representation of socio-economic, institutional, and governance conditions. These constraints are likely to be amplified in post-conflict settings characterised by damaged information infrastructures, institutional fragility, and rapidly changing conditions. The review therefore highlights the distinction between the technical potential of AI and its contextual applicability. Advancing AI-supported post-conflict reconstruction requires not only more robust and scalable computational approaches, but also context-sensitive models capable of operating with incomplete data and incorporating institutional, socio-economic, and governance dimensions into reconstruction decision-making.

1. INTRODUCTION 
In an era characterised by increasing geopolitical instability, climate-related stress, and systemic uncertainty, resilience has become a core European Union policy principle in response to multiple crises (Mohabat Doost and Brunetta, 2026). Armed conflict represents one of the most severe stressors on urban systems, destroying infrastructure, disrupting essential services, displacing populations, and weakening the institutional structures required for coordinated recovery (Ayalew, 2026). Post-conflict reconstruction extends beyond rebuilding physical assets. Restoring services and economic activity requires coordinated decisions across multiple sectors and institutions, placing governance effectiveness, institutional capacity, and legitimacy at the core of recovery (Brinkerhoff, 2005). Reconstruction is therefore inherently multidimensional, encompassing security, justice and reconciliation, socio-economic recovery, and governance and participation (Brinkerhoff, 2007). These processes are further constrained by limited state capacity, fragmented governance, resource scarcity, and deficits in public trust (Guttieri et al., 2006).
The scale, interdependency, and uncertainty of reconstruction create substantial challenges for planning and decision-making. Decisions concerning infrastructure prioritization, resource allocation, and recovery sequencing often need to be made with incomplete information and competing objectives. AI-based modelling, optimization, and simulation offer potential support by integrating heterogeneous data, identifying patterns, optimizing resource allocation, and enabling scenario analysis in complex and dynamic environments (Kumar, 2024; Rawat et al., 2024; Villegas-Ch et al., 2024). However, the extent to which these approaches have been investigated specifically for post-conflict reconstruction remains unclear. Much of the available evidence originates from post-disaster recovery, which shares challenges such as infrastructure damage, resource constraints, and recovery prioritization, but differs in important institutional and socio-political conditions. Approaches demonstrated in post-disaster settings therefore cannot automatically be assumed to be transferable to conflict-affected environments.
Against this background, this paper systematically reviews AI-based modelling, optimization, and simulation approaches relevant to reconstruction decision-making. It aims to identify and categorise existing applications, critically assess their limitations, and examine their potential relevance to post-conflict urban reconstruction, with particular attention to the distinction between technological capability and contextual applicability.

2. Method
This study employs a systematic literature review (SLR) to investigate the application of artificial intelligence (AI)-based modelling, simulation, and optimization approaches in supporting decision-making processes relevant to post-conflict urban reconstruction. The review was conducted following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) framework, which provides a transparent and replicable procedure for identifying, screening, and synthesizing relevant literature. The overall review process is illustrated in Figure 1. 
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Figure 1: Flow diagram illustrating the identification, screening, eligibility, and inclusion of studies in the literature review.

Search Strategy
Two complementary search strategies were employed to ensure broad coverage of the available literature. The primary search was conducted in the Web of Science database using the following search string: TS = ((reconstruct* OR rebuild*) AND ("built environment" OR urban OR city OR cities OR hous* OR infrastructure* OR "urban spatial") AND (conflict OR war OR crisis OR disaster OR "post-conflict") AND ("artificial intelligence" OR AI) AND (modelling OR simulation* OR optimiz*))
This search resulted in nineteen publications. A complementary search was conducted in Elicit using the aim and scope of this paper resultin on 12 records not identified by the Web of Science search that were exported for screening. The search was guided by the research aim and generated an additional twelve records. The resulting publications were exported in RIS format and imported into Rayyan for further screening and management. The searches were conducted on the 3rd of June 2026 and included records published up to that date.

Inclusion and Exclusion Criteria
To ensure transparency and consistency in the study selection process, predefined inclusion and exclusion criteria were established prior to screening. These criteria guided the title, abstract, and full-text assessment stages, as summarized in Table 1.

Table 1. Inclusion and exclusion criteria used for study selection in the systematic literature review.
	Criterion
	Inclusion Criteria
	Exclusion Criteria

	Publication type
		Peer-reviewed journal articles and conference papers
	



		Peer-reviewed journal articles and conference papers




	Reconstruction context
		Studies addressing post-disaster recovery, post-conflict reconstruction, urban rebuilding, resilience, or infrastructure recovery



		Studies addressing post-disaster recovery, post-conflict reconstruction, urban rebuilding, resilience, or infrastructure recovery




	Technological scope
		Studies applying AI-based or computational approaches, including machine learning, modelling, simulation, optimization, digital twins, or related computational decision-support methods



		Studies applying AI-based or computational approaches, including machine learning, modelling, simulation, optimization, digital twins, or related computational decision-support methods




	Application / decision-making scope
		Studies addressing reconstruction-related decision-making, including damage assessment and monitoring, recovery planning, resource allocation, infrastructure restoration, governance, coordination, or resilience planning



		Studies addressing reconstruction-related decision-making, including damage assessment and monitoring, recovery planning, resource allocation, infrastructure restoration, governance, coordination, or resilience planning




	Methodological information
		Studies providing sufficient methodological information to identify the computational approach, its application, and the basis for interpreting the reported results



		Studies providing sufficient methodological information to identify the computational approach, its application, and the basis for interpreting the reported results




	Language
		Publications written in English



		Publications written in English




	Full-text availability
		Full text available for eligibility assessment and data extraction



		Full text available for eligibility assessment and data extraction




	Record status
		Unique publications



		Unique publications






Study Selection and Screening
Following import into Rayyan, an automated duplicate screening was conducted. No duplicate records were identified. Subsequently, titles and abstracts were independently screened by two reviewers using the predefined inclusion and exclusion criteria. Studies deemed potentially relevant proceeded to full-text assessment. The independent screening process achieved an inter-reviewer agreement of approximately 90%, indicating a high level of consistency and reliability. Any disagreements were discussed between reviewers until consensus was reached. Following the screening and eligibility assessment stages, ten studies were retained for detailed analysis. The study identification, screening, eligibility assessment, and inclusion process are summarized in Figure 1.

Quality and Bias Assessment 
To enhance the reliability and transparency of the review, each included study was assessed against four quality criteria: Q1) clarity of research objectives and methodological design; Q2) transparency and validation of the AI/computational approach; Q3) relevance of the evidence to reconstruction decision-making; and Q4) explicit consideration of methodological limitations and practical applicability. Each criterion was rated as clearly addressed, partially addressed, or not addressed. The assessment was not used as an exclusion criterion but as an analytical aid for interpreting the strength and transferability of the evidence. To broaden coverage and reduce the risk of database-specific search bias, Web of Science was complemented by the AI-assisted literature discovery platform Elicit. Selection bias was reduced through independent screening by two reviewers and the use of predefined inclusion and exclusion criteria. Reviewer bias was further mitigated through consensus discussions when disagreements occurred. Given the methodological heterogeneity of the included studies, including differences in application domains, AI techniques, outcome measures, and reconstruction contexts, a common quantitative performance baseline or meta-analysis was not considered appropriate. Performance evidence was therefore synthesised qualitatively, with particular attention to reported validation procedures, assumptions, limitations, and applicability conditions. Furthermore, the review included only English-language publications, which may introduce language bias. In addition, publication bias may be present, as unpublished studies and grey literature were not included in the analysis.

Thematic analysis
The ten included studies were analysed using a structured thematic synthesis. A data-extraction matrix was first developed to record, for each study: (1) reconstruction context and application domain; (2) AI or computational method employed; (3) decision-making function supported; (4) data requirements; (5) reported benefits; (6) methodological and implementation limitations; and (7) relevance to post-conflict reconstruction. The extracted data were then coded iteratively. Initial codes were generated from recurring applications, methodological characteristics, and reported limitations rather than from predefined technological categories. Related codes were subsequently compared and consolidated into higher-level themes. This process resulted in three principal thematic categories: (1) damage assessment and reconstruction monitoring; (2) optimization and decision support for recovery planning; and (3) governance, coordination, and resilience-oriented reconstruction planning. The thematic synthesis was then used to compare patterns across studies and, importantly, to distinguish evidence derived directly from conflict-related contexts from evidence transferred from post-disaster reconstruction contexts.

3. Results
The systematic review resulted in ten studies that met the inclusion criteria and were included in the thematic analysis. As summarized in Table 2, the studies employ a diverse range of AI-driven and computational approaches, including machine learning, reinforcement learning, optimization algorithms, agent-based modelling, remote sensing, generative AI, GIS-based systems, and digital twins. Their applications were grouped into three principal themes: (1) damage assessment and reconstruction monitoring, (2) optimization and decision support for recovery planning, and (3) governance, coordination, and resilience-oriented reconstruction planning.

Table 2: Overview of selected studies on AI-driven technologies in reconstruction, including applied methods, main uses, and identified limitations.
	Study
	Technologies / methods
	Main reconstruction function
	Evidence / application context
	Key limitations
	Potential relevance to post-conflict reconstruction

	Kheildar et al., 2025
	UAVs; SARSA; Q-learning
	Damage assessment; infrastructure classification; debris-removal optimization
	Post-disaster damage assessment and recovery
	Algorithm instability; overfitting; high computational complexity; reliance on predefined inputs; limited representation of real-world factors
	High potential relevance for rapid damage assessment and prioritisation of debris removal and infrastructure recovery. Transferability may be constrained by incomplete data, rapidly changing conditions, and greater operational uncertainty

	Perrucci et al., 2026
	Low-cost drones; image recognition
	Reconstruction monitoring; tracking recovery indicators
	Post-disaster reconstruction monitoring
	Low image quality; classification errors and false positives; need for socio-economic data integration; further model validation required
	Potentially transferable to monitoring reconstruction progress in conflict-affected areas, particularly where conventional field inspection is difficult. Reliability and validation remain important constraints

	Kavuran et al., 2026
	Whale Optimization Algorithm (WOA); K-Nearest Neighbours (KNN); Support Vector Machine (SVM)
	Climate-resilient mass-housing design; decision support
	Post-disaster/resilient housing reconstruction
	Premature convergence; limited benchmarking; insufficient robustness and validation
	Indirect but relevant to large-scale housing reconstruction and design optimisation. Application in post-conflict settings would require adaptation to local resource, institutional, social, and infrastructure constraints

	Nozhati, 2021
	Approximate dynamic programming; heuristics; rollout method
	Recovery planning for interdependent infrastructure systems
	Post-disaster infrastructure recovery
	Dependence on base-policy quality; no guaranteed optimal solution; sensitivity to simulation assumptions
	High potential relevance to prioritising recovery of interdependent infrastructure networks. Transferability depends on whether models can accommodate uncertain system conditions, disrupted networks, and limited information

	Orabi et al., 2010
	Genetic algorithms; multi-objective optimization
	Resource allocation; contractor assignment; time–cost trade-offs
	Post-disaster reconstruction planning
	Strong time–cost trade-offs; reliance on assumptions; limited representation of real-world complexity
	Potentially transferable to resource allocation and reconstruction scheduling, but post-conflict applications would require broader objectives beyond time and cost, including security, accessibility, institutional capacity, and social priorities

	Ghaffarian et al., 2021
	Remote sensing; machine learning; agent-based modelling (ABM)
	Simulation of recovery dynamics; socio-economic analysis
	Post-disaster recovery
	Lack of micro-level data; limited representation of social/behavioural factors; simplified assumptions
	High conceptual relevance, particularly because post-conflict reconstruction requires understanding spatial and socio-economic inequalities. Transferability is constrained by data scarcity and difficulties representing population and institutional dynamics

	Scapellato et al., 2026
	Parametric platforms; GIS; digital monitoring systems
	Governance; cost estimation; coordination; monitoring
	Post-disaster / reconstruction planning and governance
	High dependence on data quality; need for institutional capacity; complexity; limited scalability
	High potential relevance to coordination and information integration across reconstruction actors. However, institutional fragmentation and weak digital infrastructure may substantially constrain implementation in post-conflict environments

	Tandon & arora, 2025
	Digital twins; IoT; satellite data; drones
	Simulation; planning; stakeholder coordination; adaptive decision-making
	Disaster/reconstruction-oriented conceptual and ethical framework
	Data dependency; integration challenges; privacy issues; need for infrastructure and expertise
	Potentially relevant for integrated planning and coordination, but implementation requires digital infrastructure, interoperable data, technical expertise, and governance arrangements that may be weakened by conflict

	Estêvao, 2024
	Generative AI; Interdependent Network Design Problem (INDP); optimization models
	Automated damage assessment; infrastructure recovery planning incorporating socio-economic considerations
	Post-earthquake damage assessment and infrastructure recovery
	Moderate GAI accuracy; need for larger datasets and validation; strong model assumptions; limited representation of real-world complexity
	High potential relevance, particularly for rapid assessment and prioritisation of infrastructure recovery. Direct transfer is limited by data availability, model reliability, and the greater institutional and socio-economic uncertainty of post-conflict settings

	Gómez et al., 2019
	Multicriteria optimization; INDP
	Infrastructure recovery planning incorporating socio-economic factors
	Post-disaster infrastructure recovery
	Sensitivity to assumptions; difficulty representing real-world complexity; limited validation
	High conceptual relevance because it extends recovery optimisation beyond technical performance to socio-economic considerations. Post-conflict application would require additional representation of institutional fragility, governance and changing stakeholder priorities












Damage assessment and reconstruction monitoring
The first theme concerns the use of AI-enabled technologies to assess damage and monitor reconstruction. UAVs, remote sensing, image recognition, and generative AI are used to classify damaged infrastructure, support preliminary damage assessment, and monitor reconstruction progress (Kheildar et al., 2025; Perrucci et al., 2026; Estêvao, 2024). These applications primarily address the need for rapid and systematic information collection following disruptive events. However, their performance remains dependent on image and data quality, model validation, and the availability of sufficiently representative datasets.

Optimization and decision support for recovery planning
The second theme includes approaches supporting prioritization and optimization of reconstruction activities. Reinforcement learning, approximate dynamic programming, genetic algorithms, and multicriteria optimization have been applied to debris removal, infrastructure recovery scheduling, resource allocation, contractor assignment, and the management of time–cost trade-offs (Kheildar et al., 2025; Nozhati, 2021; Orabi et al., 2010; Gómez et al., 2019). Some approaches also incorporate socio-economic considerations into infrastructure recovery planning (Estêvao, 2024; Gómez et al., 2019). Across these studies, recurring limitations include sensitivity to assumptions, computational complexity, scalability, and simplified representations of real-world recovery conditions.

Governance, coordination, and resilience-oriented reconstruction planning
The third theme extends AI-supported decision-making beyond individual recovery activities toward broader reconstruction systems. Machine learning and agent-based modelling are used to analyse socio-economic recovery dynamics, while GIS-based platforms, digital monitoring systems, and digital twins support coordination, simulation, planning, and information integration (Ghaffarian et al., 2021; Scapellato et al., 2026; Tandon and Arora, 2025). These studies highlight the potential for digital technologies to support more integrated reconstruction planning, but also identify dependencies on data availability, institutional capacity, digital infrastructure, and stakeholder coordination.
Across the three themes, an important pattern is the limited direct evidence from post-conflict reconstruction. Most included studies investigate applications in natural-disaster or broader infrastructure-recovery contexts rather than reconstruction following armed conflict. Table 2 therefore distinguishes the original evidence context from the potential relevance of each approach to post-conflict reconstruction. This distinction provides the basis for examining the transferability and contextual limitations of these approaches in the Discussion.

4. Discussion 
From post-disaster evidence to post-conflict reconstruction
The thematic analysis identifies three areas where AI-driven technologies support reconstruction decision-making: damage assessment and monitoring; optimization and recovery planning; and governance, coordination, and resilience-oriented planning. Together, the reviewed studies show a progression from technologies supporting operational tasks towards integrated approaches capable of informing complex reconstruction decisions.
At the operational level, UAVs, remote sensing, image recognition, and generative AI support rapid damage assessment and reconstruction monitoring (Kheildar et al., 2025; Perrucci et al., 2026; Estêvao, 2024). Optimization approaches, including reinforcement learning, approximate dynamic programming, and genetic algorithms, support debris removal, infrastructure restoration, resource allocation, project prioritization, and contractor assignment (Kheildar et al., 2025; Nozhati, 2021; Orabi et al., 2010). At a broader system level, machine learning, agent-based modelling, GIS-based platforms, and digital twins support the analysis of recovery dynamics, stakeholder coordination, and adaptive planning (Ghaffarian et al., 2021; Scapellato et al., 2026; Tandon and Arora, 2025).
However, an important gap exists between demonstrated technological capabilities and the contexts in which they have been evaluated. Most studies address natural-disaster recovery rather than reconstruction following armed conflict. Consequently, evidence of effectiveness in post-disaster reconstruction cannot be interpreted as direct evidence for post-conflict settings. Instead, the reviewed literature identifies potentially transferable methods whose applicability requires further examination under conflict-specific conditions.
This distinction is important because post-disaster and post-conflict reconstruction share challenges such as infrastructure damage, resource constraints, uncertainty, interdependent systems, and competing recovery priorities. At the same time, post-conflict reconstruction introduces additional complexities related to institutional fragility, population displacement, disrupted information systems, fragmented governance, security concerns, and rapidly changing priorities. The transferability of AI approaches therefore depends not only on computational performance but also on their ability to function within these constraints.

Technical feasibility versus contextual applicability

A central finding is the distinction between technical feasibility and contextual applicability. While many reviewed approaches demonstrate AI’s ability to process complex information, identify patterns, optimize competing objectives, and simulate recovery scenarios, technical capability alone does not establish readiness for deployment in reconstruction practice.
Data availability and quality represent a major constraint. Remote sensing, machine learning, digital twins, and optimization models often depend on accurate, detailed, and continuously updated data (Perrucci et al., 2026; Scapellato et al., 2026; Tandon and Arora, 2025). Such requirements may be difficult to satisfy following armed conflict, where information infrastructure may be damaged, administrative records fragmented, and conditions rapidly changing. Generative AI approaches similarly require further validation before they can reliably contribute to critical damage-assessment decisions (Estêvao, 2024).
Model robustness and scalability constitute a second challenge. Reinforcement-learning and optimization approaches may be sensitive to assumptions, predefined parameters, initial conditions, and environmental changes (Kheildar et al., 2025; Kavuran et al., 2026; Nozhati, 2021). Computational demands may also increase substantially as infrastructure networks and decision spaces become more complex. These limitations are particularly significant in post-conflict reconstruction, where uncertainty is a defining characteristic of the decision environment.
A third challenge concerns the representation of real-world complexity. Several approaches simplify social, institutional, and behavioural dimensions through predefined parameters and weighted objectives (Ghaffarian et al., 2021; Gómez et al., 2019; Orabi et al., 2010). Although such simplifications are necessary for computational modelling, they raise questions about how effectively these models can represent environments characterised by population movement, institutional change, competing stakeholder interests, and evolving socio-economic conditions.
The evidence therefore suggests that the primary challenge is not only developing more sophisticated algorithms, but ensuring that AI-based approaches remain useful when information is incomplete, objectives change, and institutional conditions are unstable.

From optimization to socio-technical decision support
The review further suggests that reconstruction decision support cannot be understood solely as a technical optimization problem. Several studies extend beyond conventional objectives such as time and cost by incorporating socio-economic vulnerability, stakeholder interests, resilience, and governance considerations (Ghaffarian et al., 2021; Estêvao, 2024; Gómez et al., 2019). This is particularly relevant for post-conflict reconstruction, where decisions regarding what to reconstruct, where, when, and for whom inevitably involve social and institutional priorities.
These findings have implications for how AI-supported reconstruction systems should be conceptualized. Rather than replacing human decision-making, AI may be better positioned as a means of structuring information, comparing scenarios, identifying trade-offs, and supporting coordination among multiple actors. In post-conflict environments, where legitimacy, transparency, and trust may already be weakened, human oversight and transparency regarding the assumptions underlying computational recommendations remain essential.
Digital platforms, GIS-based systems, and digital twins may therefore provide value not only through their analytical capabilities but also through their ability to create shared information environments for reconstruction actors (Scapellato et al., 2026; Tandon and Arora, 2025). However, these benefits depend on institutional capacity, interoperability, technical expertise, data governance, and sustained coordination. The same conditions that make such systems valuable may therefore also constrain their implementation.

5. CONCLUSION
This systematic literature review identified three main areas in which AI-driven technologies can support reconstruction: damage assessment and monitoring, optimization and recovery planning, and governance and coordination. The reviewed approaches demonstrate promising capabilities for processing complex information, prioritizing recovery actions, allocating resources, and supporting reconstruction planning. However, the review also identifies an important evidence gap. Most existing studies concern natural-disaster recovery rather than post-conflict reconstruction. Their findings therefore demonstrate potential transferability rather than established effectiveness in conflict-affected environments.
The applicability of AI in post-conflict reconstruction depends not only on technical performance but also on data availability, model robustness, institutional capacity, and the ability to represent socio-economic and governance complexity. Future research should therefore prioritize conflict-specific validation and the development of context-sensitive approaches capable of operating under incomplete information and rapidly changing conditions. Overall, AI offers significant potential to support post-conflict reconstruction, but realizing this potential requires moving beyond technological capability toward reliable, transparent, and context-sensitive decision support.
Future research should consequently move from demonstrating technological potential toward validation in conflict-specific contexts. Particular attention is needed to model performance under incomplete data and unstable conditions, integration of socio-economic and governance factors, and the transparency and adaptability of AI-supported decision-making.
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