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Introduction: The accelerating urbanization of the twenty-first century has 

transformed cities into hyper-connected cyber-physical-social systems (CPSS) whose 

complexity exceeds the descriptive capacity of classical modeling paradigms. Two 

complementary research traditions—parallel intelligence (PI) grounded in the ACP 

approach and digital twins (DT) based on high-fidelity virtual replication—have 

emerged in response but have evolved largely in isolation, with PI emphasizing social 

behavior and policy learning while DT emphasizes physical fidelity and real-time 

synchronization. 

Objectives: This paper proposes PI-DT-CPSS, a unified framework that integrates 

parallel intelligence and digital twins to govern complex urban systems, organizing a 

smart city into five interoperating layers—physical, digital twin, parallel intelligence, 

social, and decision support—and formalizing their interaction through a closed 

feedback loop. 

Methods: We detail the mathematical formulation of multi-fidelity twin models, a data 

fusion procedure combining Kalman filtering with deep residual correction, and a 

parallel execution strategy that combines model-predictive control with deep 

reinforcement learning. 

Results: The framework is validated through three case studies: adaptive traffic signal 

control, renewable-dominant microgrid management, and urban emergency 

evacuation. Across these domains, simulation experiments show reductions of 19–34% 

in key performance indicators relative to state-of-the-art baselines, while preserving 

human-in-the-loop accountability. 

Conclusions: We conclude by discussing theoretical contributions, deployment 

implications, and open challenges in privacy, fairness, and computational scalability. 

Keywords: Parallel Intelligence, Digital Twins, Smart Cities, Cyber-Physical-Social 

Systems, ACP Framework, Decision Support, Computational Experiments, Urban 

Informatics.  

 

1. INTRODUCTION 

By 2050, nearly seven out of every ten people on earth will live in cities [1]. This unprecedented agglomeration of 

population, infrastructure, capital, and data has turned urban environments into arguably the most complex artifacts 

ever constructed by humans. A modern metropolis simultaneously behaves as a physical system of roads, pipes, 

cables, and buildings; a cyber system of sensors, controllers, databases, and networks; and a social system of 

individuals, households, firms, and institutions whose decisions continuously reshape the other two. The resulting 

cyber-physical-social system (CPSS) exhibits emergent, non-linear, and often counter-intuitive dynamics that 
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classical engineering methods—built on assumptions of decomposability, stationarity, and bounded uncertainty—are 

ill-equipped to handle [2]. 

Two research programs have recently gained momentum as attempts to tame this complexity. The first, parallel 

intelligence (PI), was introduced by Wang and colleagues at the turn of the millennium and rests on the so-called 

ACP approach [3], [4]: Artificial systems are built to serve as executable descriptions of their real counterparts; 

Computational experiments are performed on these artificial systems to explore counter-factual scenarios that 

cannot be safely run in reality; and Parallel execution, in which artificial and real systems co-evolve through mutual 

feedback, produces policies that are simultaneously data-driven and theory-aware. PI has been successfully applied 

to transportation, logistics, manufacturing, and public health [5], [6], [7], and its explicit treatment of social behavior 

distinguishes it from paradigms inherited from engineering control [8], [9]. 

The second program, digital twins (DT), originated in aerospace and manufacturing and has since become a unifying 

metaphor for Industry 4.0 and smart cities [10]. A digital twin is a high-fidelity virtual replica of a physical asset or 

process that is continuously synchronized with its counterpart through real-time sensor streams [11]. Digital twins 

excel at geometric fidelity, predictive maintenance, and what-if analysis for physical phenomena, and are increasingly 

deployed for buildings, power plants, vehicles, and entire transportation networks [12], [13]. 

Despite their shared ambition to couple real and virtual worlds, PI and DT have evolved largely in isolation [14]. PI 

has tended to neglect the physical fidelity of its artificial systems, often reducing them to agent-based abstractions. 

DT, conversely, has tended to underestimate the social and behavioral dimensions of the systems it models, treating 

human users as exogenous noise. Neither approach, taken alone, is adequate for governing a modern CPSS in which 

physical accuracy and social legitimacy are equally necessary. 

The present paper proposes PI-DT-CPSS, a framework that integrates parallel intelligence and digital twins for the 

governance of smart-city cyber-physical-social systems [15]. Our contributions are fourfold. First, we propose a five-

layer reference architecture—physical, digital twin, parallel intelligence, social, and decision support—that makes 

explicit the information flows and control loops among these layers. Second, we formalize a multi-fidelity modeling 

approach in which coarse and fine twins coexist and are selectively activated based on decision latency and data 

quality. Third, we design a parallel execution strategy that combines model-predictive control (MPC) with deep 

reinforcement learning (DRL), yielding adaptive policies that remain interpretable at the supervisory level. Fourth, 

we validate the framework across three representative smart-city applications—adaptive traffic signal control, 

renewable-dominant microgrid management, and urban emergency evacuation—and show consistent improvements 

over competitive baselines. 

The remainder of the paper is organized as follows. Section 2 reviews the literature on parallel intelligence, digital 

twins, and cyber-physical-social systems, and identifies the research gaps that motivate our framework. Section 3 

presents the proposed PI-DT-CPSS architecture in detail. Section 4 develops the mathematical methodology. Section 

5 describes the three case studies. Section 6 reports the experimental evaluation. Section 7 discusses theoretical 

contributions, practical implications, and limitations. Section 8 concludes and identifies directions for future work. 

2. BACKGROUND AND RELATED WORK 

2.1. Parallel Intelligence and the ACP Approach 

Parallel intelligence emerged from the recognition that many social and engineering systems cannot be studied by 

reproducible controlled experiments. Weather systems, traffic networks, and financial markets, for example, evolve 

in real time and cannot be replayed or isolated. Wang proposed that such systems require a parallel strategy in which 

an artificial counterpart is constructed in silico, serving simultaneously as a descriptive, predictive, and prescriptive 

tool [3], [4]. The ACP approach formalizes this strategy. Artificial systems are built as agent-based or hybrid 

simulations whose purpose is not perfect fidelity but behavioral equivalence for the decision at hand. Computational 

experiments design and execute large ensembles of what-if scenarios on these artificial systems, generating synthetic 

datasets that enrich the empirical record. Parallel execution completes the loop by running the artificial and real 

systems side by side and using their discrepancies to continuously update both models and policies. 
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Since its introduction, PI has been adopted in domains as varied as transportation [5], energy dispatch [6], social 

manufacturing [7], and public health surveillance. The programme has recently been reinvigorated by advances in 

large-scale simulation, foundation models, and multi-agent reinforcement learning, giving rise to the vision of 

parallel systems as societies of intelligent agents [16]. 

2.2. Digital Twin Technologies 

The term digital twin was popularized by Grieves in the context of product lifecycle management and has since 

acquired a rich technical literature. A typical digital twin consists of a physical asset, a virtual model of that asset, and 

a bidirectional data channel connecting the two [10]. Three maturity levels are commonly distinguished: digital 

models, which are static representations; digital shadows, which receive one-way updates from the physical asset; 

and digital twins proper, which close the loop by sending control actions back to the asset [17]. 

Contemporary research organizes digital twins along several axes [18]. By scale, one distinguishes component, asset, 

system, and system-of-systems twins. By fidelity, one distinguishes geometric, behavioral, and physics-based twins. 

By purpose, one distinguishes design-time, operational, and decommissioning twins. Enabling technologies include 

the Internet of Things (IoT) for sensing [19], fifth and sixth generation cellular networks for low-latency 

communication, edge and fog computing for decentralized processing, and cloud platforms for elastic storage and 

analytics [11]. Ontologies such as the Digital Twin Definition Language and the Asset Administration Shell provide 

standardization, while physics-informed neural networks [20] and graph neural networks [21] are increasingly used 

to enhance model accuracy. In manufacturing contexts, digital twins underpin Industry 4.0 architectures and 

predictive-maintenance pipelines [22], [23]. 

2.3. Cyber-Physical-Social Systems 

Cyber-physical systems (CPS) were originally conceived as engineered systems tightly coupling computation, 

networking, and physical processes [24]. As CPS were deployed in domains with intense human involvement—

healthcare, transportation, public services—it became clear that humans are not external disturbances but 

constitutive components of the system. This recognition led to the extension of CPS to cyber-physical-social systems 

(CPSS), in which a dedicated social layer models individual behaviors, collective dynamics, and institutional norms 

[25], [26]. A CPSS framework for smart cities must therefore integrate high-resolution sensing of the physical world, 

elastic computation across cloud and edge, and rich models of human mobility, consumption, and trust. 

2.4. Research Gaps and Motivation 

Three gaps emerge from our review. First, the literature offers few end-to-end frameworks that integrate parallel 

intelligence and digital twins within a CPSS perspective; most existing work treats them as competing rather than 

complementary paradigms. Second, the interaction between multi-fidelity twin models and large-scale 

computational experiments is poorly understood: how should experimental budgets be allocated across fidelities to 

maximize decision quality under latency constraints? Third, the socio-technical legitimacy of data-driven urban 

decision systems—their fairness, transparency, and accountability—is rarely formalized within the technical 

architecture itself, being relegated to post-hoc audit. Our framework addresses these three gaps in turn. 

3. THE PI-DT-CPSS FRAMEWORK 

3.1. Architecture Overview 

PI-DT-CPSS organizes a smart-city cyber-physical-social system into five loosely coupled layers, each with a well-

defined responsibility and data contract [27]. From the bottom up, these are the physical layer, the digital twin layer, 

the parallel intelligence layer, the social layer, and the decision support layer. The layers are not strictly hierarchical: 

the social layer, in particular, interacts with every other layer, reflecting the fact that human behavior both drives and 

is driven by urban dynamics. The architecture is summarized in Table 1 and discussed in detail below. 
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TABLE I.   THE FIVE LAYERS OF THE PI-DT-CPSS FRAMEWORK 

Layer Primary Role Key Technologies Typical Outputs 

Physical 
Sensing and actuation 

of urban assets 

IoT, 5G/6G, SCADA, edge 

devices 

Raw telemetry, control 

signals 

Digital Twin 
Virtual replication at 

multiple fidelities 

Physics-based models, 

PINNs, GNNs 

Synchronized state 

estimates, predictions 

Parallel 

Intelligence 

Computational 

experiments and policy 

learning 

ABM, DRL, MPC, Monte 

Carlo 

Candidate policies, 

scenario distributions 

Social 
Behavioral and 

institutional modeling 

Discrete choice, social 

graphs, NLP 

Preference profiles, 

acceptance scores 

Decision 

Support 

Human-in-the-loop 

decision making 

Dashboards, XAI, 

recommendation engines 

Ranked actions, 

justifications, audit logs 

 

3.2. Physical Layer 

The physical layer encompasses urban assets and their instrumentation. Roads, intersections, vehicles, buildings, 

power substations, water pipes, and public spaces are densely equipped with sensors—inductive loops, cameras, 

LiDAR, phasor measurement units, smart meters, and mobile devices—yielding high-volume, high-velocity, and 

heterogeneous data streams. Actuators at this layer include traffic signals, variable message signs, demand response 

controllers, public transit dispatch, and emergency notification systems. Edge computing nodes located near the 

physical assets preprocess data, enforce safety envelopes, and provide fast local control, relieving bandwidth and 

latency pressure on the rest of the architecture. 

3.3. Digital Twin Layer 

The digital twin layer hosts multi-fidelity virtual replicas of physical assets. We distinguish three fidelities. Low-

fidelity twins are lightweight models—typically analytic or empirical—suitable for fast queries on commodity 

hardware; they are used for routine monitoring and rapid scenario screening. Medium-fidelity twins are physics-

based or hybrid models calibrated against measurement data and validated across operating regimes; they support 

predictive analytics such as short-term traffic forecasting or one-hour-ahead energy demand projection. High-fidelity 

twins are fine-grained simulations—microscopic traffic, electromagnetic transient power, computational fluid 

dynamics for evacuation—reserved for safety-critical or precedent-setting decisions. A fidelity scheduler, described 

in Section 4, selects the appropriate fidelity for each query in light of available time, data, and computational budget. 

Twins at all fidelities are continuously synchronized with their physical counterparts through a state estimator that 

combines Kalman-style filtering with deep residual correction, as detailed in Section 4.2. Each twin exposes a 

standardized interface comprising a state-read, a forward-simulate, and a counterfactual-query operation, so that 

higher layers can use twins interchangeably within well-defined contracts. 

3.4. Parallel Intelligence Layer 

The parallel intelligence layer implements the ACP approach on top of the digital twin layer. Its artificial systems are 

not constructed from scratch but composed from digital twins and agent-based social models, augmented with 

scenario generators that sample exogenous variables such as weather, demand, and disruptions. Its computational 

experiments are organized as Monte Carlo campaigns that explore the policy space under a curated distribution of 

scenarios. Its parallel execution module compares the behavior of the artificial and real systems in rolling windows 

and closes the loop by updating policy parameters and twin parameters alike. The parallel intelligence layer is the 
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principal consumer of computational resources in PI-DT-CPSS and is therefore deployed on elastic cloud 

infrastructure with opportunistic offloading to high-performance computing when available. 

3.5. Social Layer 

The social layer makes the human components of the CPSS first-class citizens of the architecture. It maintains 

behavioral models—discrete choice for mode selection, activity-based for mobility, diffusion models for information 

propagation—calibrated against survey and sensor data. It also represents institutional actors such as municipal 

authorities, utilities, transport operators, and civic associations, each with its objectives, constraints, and bargaining 

power. Crucially, the social layer hosts a public engagement sub-module through which residents can provide 

qualitative feedback via surveys, mobile apps, or participatory budgeting platforms. This feedback is encoded as 

acceptance scores and fed back into the parallel intelligence layer, where it shapes the multi-objective criteria against 

which candidate policies are evaluated. 

3.6. Decision Support Layer 

The decision support layer is the interface between the system and its human stewards. It presents ranked candidate 

actions together with their projected consequences on a transparent set of indicators—mobility, emissions, equity, 

resilience, and so on—and with explanations generated by explainable-AI modules [28] that trace each 

recommendation to the scenarios and data on which it depends. Decisions approved by the appropriate authority are 

dispatched to the physical layer through secure channels with mandatory audit logging. Rejected decisions and 

human overrides are recorded as labeled counter-examples that are used to retrain the policy models in subsequent 

cycles, thus closing a learning loop at the organizational timescale, complementary to the fast loop at the control 

timescale. 

4. METHODOLOGY 

4.1. Multi-Fidelity Digital Twin Formalization 

Let the physical system be described by an unobservable state vector x(t) ∈ ℝⁿ governed by dynamics 

 dx/dt = f(x(t), u(t), w(t)), (1) 

where u(t) is the control input and w(t) is a stochastic disturbance. The physical layer provides a measurement y(t) = 

h(x(t)) + v(t), where v(t) is measurement noise. A digital twin at fidelity level k approximates the dynamics by a model 

fₖ with state xₖ(t) satisfying 

 dxₖ/dt = fₖ(xₖ(t), u(t), θₖ) + ηₖ(t), (2) 

where θₖ is a vector of calibrated parameters and ηₖ(t) captures the residual modeling error at fidelity k. Fidelity 

increases with k in the sense that the expected residual norm 𝔼[‖ηₖ‖²] is non-increasing in k, at the cost of a non-

decreasing computational cost cₖ. The fidelity scheduler solves, for each incoming decision query q with latency 

budget τₖ and accuracy requirement εₖ, the integer program 

 k*(q) = arg min { cₖ : 𝔼[‖ηₖ‖²] ≤ εₖ, Tₖ(q) ≤ τₖ }, (3) 

where Tₖ(q) is the predicted execution time of query q at fidelity k. In practice, cₖ, Tₖ, and residual statistics are 

learned online from a historical log of twin queries. 

4.2. State Estimation and Data Fusion 

Synchronization between twin and physical asset relies on a hybrid estimator that combines an extended Kalman 

filter (EKF) with a deep residual corrector [29], [30]. At each control step, the EKF produces a prior estimate x̂ₖ⁻(t) 

and covariance Pₖ⁻(t) using the twin's linearized dynamics. A neural residual module g_φ, trained to predict the 

systematic bias between the EKF prior and observed measurements, produces a correction x̂ₖ(t) = x̂ₖ⁻(t) + 

g_φ(yₖ(t), x̂ₖ⁻(t)). The residual module is trained incrementally on rolling windows and regularized toward zero to 

preserve the EKF's optimality whenever the twin is well-calibrated. Data fusion across heterogeneous sensors is 

handled upstream by a covariance-intersection step that is robust to unknown cross-correlations, a common situation 

in urban sensor networks where provenance metadata is incomplete. 
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4.3. Computational Experiments 

Computational experiments explore a policy space Π under a scenario distribution D_s. For each policy π ∈ Π and 

each scenario s ∼ D_s, the artificial system is rolled out over a decision horizon H and a vector of indicators I(π, s) = 

[I₁, …, I_m] is recorded. The goal is to estimate the Pareto frontier of expected indicators 

 J(π) = 𝔼_{s ∼ D_s}[ I(π, s) ]. (4) 

Because naive Monte Carlo evaluation is intractable at urban scale, we combine three variance-reduction techniques 

[31]. Importance sampling upweights rare but consequential scenarios—major incidents, extreme weather, 

coordinated attacks. Common random numbers synchronize stochasticity across policies so that their comparison 

reflects design differences rather than simulator noise. Bayesian optimization with Gaussian-process surrogates 

guides the sampling of π toward promising regions of the policy space. The output of the experiment campaign is a 

ranked set of candidate policies together with confidence intervals on their performance. 

4.4. Parallel Execution: MPC with Deep Reinforcement Learning 

Parallel execution combines model-predictive control [32] with deep reinforcement learning [33], [34]. At each 

control step, an MPC optimizer solves a finite-horizon problem using the medium-fidelity twin as its internal model, 

yielding an action u_MPC(t). In parallel, a DRL policy π_θ trained offline on high-fidelity twin rollouts [35] proposes 

an action u_DRL(t). A supervisor module combines the two as 

 u(t) = (1 − α(t)) · u_MPC(t) + α(t) · u_DRL(t), (5) 

where the adaptive weight α(t) ∈ [0, 1] is increased when the MPC's twin residual exceeds a threshold or when the 

DRL's uncertainty estimate is sufficiently low. The safety of the composite action is verified against a conservative 

envelope before dispatch. This blended design retains the interpretability and hard-constraint handling of MPC while 

exploiting the data-efficient generalization of DRL. 

5. CASE STUDIES 

To evaluate PI-DT-CPSS under representative conditions, we instantiate it in three case studies spanning the 

transportation, energy, and public-safety domains of a mid-size European city with approximately 800,000 

inhabitants. All three studies share the same five-layer architecture and differ only in the specialized twins, social 

models, and decision criteria they employ. 

5.1. Adaptive Traffic Signal Control 

The first case study applies the framework to a network of 42 signalized intersections in the city's central district, 

with an average daily throughput of roughly 340,000 vehicle-trips. The physical layer provides loop-detector, 

camera, and Bluetooth-probe measurements at 1 Hz [36]. The digital twin layer comprises a low-fidelity cell-

transmission model, a medium-fidelity mesoscopic simulator calibrated on three months of historical data, and a 

high-fidelity microscopic simulator derived from SUMO [37]. The social layer represents commuter preferences 

through a nested-logit mode-choice model distinguishing car, bus, bicycle, and walking, with parameters estimated 

from a 2,000-respondent household survey. 

The parallel intelligence layer runs overnight computational experiments that explore 50 candidate signal plans—

each a combination of cycle length, offset, and green-split configurations—under 200 demand scenarios. The decision 

support layer presents the resulting Pareto frontier—average delay, public-transport priority, and pedestrian level of 

service—to the city's traffic-operations center. Once a plan is approved, the parallel execution module adjusts signals 

in real time via the MPC-DRL supervisor. Safety envelopes forbid green-time reductions that would leave a queue 

beyond storage capacity, and social acceptance is enforced by a cap on the fraction of pedestrian phases shortened 

during any 15-minute window. 

5.2. Renewable-Dominant Microgrid Management 

The second case study addresses a university-campus microgrid [38] comprising 4.2 MW of rooftop photovoltaic, 1.5 

MW of wind generation, 3 MWh of lithium-ion storage, and approximately 12 MW of peak demand from buildings 

and electric-vehicle charging stations. The microgrid is connected to the distribution network through a point of 
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common coupling and can operate in grid-connected or islanded mode. The physical layer provides PMU-grade 

measurements at 50 Hz and smart-meter readings at 15-minute resolution. The digital twin layer includes a quasi-

steady-state power-flow model for fast dispatch, an electromagnetic-transient model for stability analysis, and a 

thermal model of the battery for degradation-aware operation. 

The social layer encodes occupant preferences for indoor temperature and lighting, and the willingness of EV 

users to defer charging in exchange for incentives, using a latent-class choice model fitted to a campus-wide survey. 

Computational experiments explore dispatch policies combining battery state-of-charge targets, demand-response 

activation thresholds, and EV charging schedules under 300 weather-and-demand scenarios. The framework 

recommends policies that balance economic cost, CO₂ intensity, battery wear, and user discomfort. During operation, 

the MPC-DRL supervisor adjusts dispatch every minute while remaining within grid-code constraints and respecting 

the negotiated demand-response envelope. 

5.3. Urban Emergency Evacuation 

The third case study concerns the planning and coordination of evacuations in response to urban-flooding scenarios. 

The physical layer integrates river-gauge sensors, weather radar, a camera-based crowd-density estimator in public 

spaces, and cellular-network aggregate counts. The digital twin layer couples a hydrodynamic flood model, a 

pedestrian-dynamics simulator based on the social-force model [39], and a transport-network twin inherited from 

the first case study. The social layer integrates a compliance model that predicts, for each demographic segment, the 

probability of evacuating within a given time after an alert, conditioned on channel, message content, and perceived 

risk. 

Computational experiments evaluate alternative alerting strategies—simultaneous mass alert, zone-by-zone 

staggering, targeted push notifications—under uncertain flood propagation. The decision support layer presents to 

emergency managers a dashboard that displays, for each candidate strategy, projected evacuation-completion times, 

expected exposure-hours in risk zones, and fairness across neighborhoods. Once a strategy is approved, the parallel 

execution module dispatches alerts and dynamically reroutes public-transit vehicles. Throughout the event, digital-

twin predictions are continuously compared against observed flood and crowd states; significant divergence triggers 

an immediate re-evaluation of the active strategy. 

6. EXPERIMENTAL EVALUATION 

6.1. Simulation Setup 

All three case studies are evaluated on a high-performance computing cluster equipped with 256 CPU cores, 2 TB of 

RAM, and four NVIDIA A100 GPUs. The SUMO traffic simulator [37], OpenDSS power-system simulator [40], and 

a custom pedestrian-dynamics engine serve as the high-fidelity twins; their medium-fidelity surrogates are 

implemented in Python with NumPy and PyTorch. Deep reinforcement-learning policies are trained with proximal 

policy optimization (PPO) [41] over 10⁷ environment steps using the Adam optimizer [42]. MPC horizons are set to 

10 minutes for traffic, 4 hours for energy, and 30 minutes for evacuation, with planning steps of 10 seconds, 1 minute, 

and 10 seconds respectively. For each case study we design 30 independent experiment campaigns with different 

random seeds to obtain variance estimates on the reported metrics. 

6.2. Baselines and Metrics 

For traffic, the baselines are fixed-time signal plans optimized by SYNCHRO, and an adaptive-control algorithm 

representative of state-of-the-art products. The metric is average vehicle delay at peak hour, complemented by a 

fairness index across origin-destination pairs. For energy, the baselines are a rule-based dispatch heuristic and a 

conventional MPC without DRL augmentation. The metric is total operating cost per day, complemented by CO₂ 

emissions and a battery-degradation proxy. For evacuation, the baselines are a simultaneous mass-alert strategy and 

a zone-by-zone policy derived from civil-protection guidelines. The metric is the time required to evacuate 95% of 

residents at risk, complemented by an equity index measuring disparities in evacuation time across neighborhoods. 

6.3. Results and Analysis 

Table II summarizes the performance of PI-DT-CPSS against its baselines across the three case studies. Values are 

means ± standard deviations over the 30 campaigns. 



Journal of Information Systems Engineering and Management 
2026, 11(3s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article 
 

 

 

 1008 
Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

TABLE II.   PERFORMANCE COMPARISON ACROSS CASE STUDIES 

Case Study Primary Metric Best Baseline PI-DT-CPSS Improvement 

Traffic Average delay (s/veh) 46.7 ± 2.1 30.8 ± 1.6 −34.0% 

Energy Daily cost (€) 3,124 ± 87 2,531 ± 64 −19.0% 

Evacuation 
Time to 95% evac. 

(min) 
38.4 ± 3.9 26.9 ± 2.3 −29.9% 

Traffic Fairness index (Gini) 0.213 ± 0.012 0.171 ± 0.009 −19.7% 

Energy CO₂ (kg/day) 1,940 ± 58 1,523 ± 41 −21.5% 

Evacuation 
Equity (neighborhood 

gap) 
14.2 ± 2.0 8.1 ± 1.5 −43.0% 

 

Across the three domains, PI-DT-CPSS consistently outperforms the strongest baseline by a margin of 19% to 34% 

on the primary operational metric, while also improving the ancillary fairness and sustainability indicators. The 

improvements are statistically significant at the 0.01 level in a paired t-test across campaigns. Ablation studies further 

clarify the source of these gains. Removing the multi-fidelity scheduler and forcing the framework to always use the 

high-fidelity twin degrades the traffic delay by 11% and doubles the per-decision latency, because the budget for 

computational experiments is effectively halved. Removing the DRL component and retaining only MPC degrades 

the energy cost improvement from 19% to 9%, indicating that DRL captures correlations among weather, demand, 

and prices that the MPC horizon misses. Removing the social layer and replacing acceptance scores with uniform 

weights barely changes the primary metrics but substantially worsens the equity indicators, underscoring the role of 

explicit social modeling in producing legitimate decisions. 

Scalability experiments indicate that the framework degrades gracefully as the network size grows. Doubling the 

number of intersections in the traffic case study from 42 to 84 increases the per-decision latency from 1.7 seconds to 

3.1 seconds—well below the one-cycle budget—while preserving the relative performance gain over the baseline. In 

the energy case study, extending the microgrid twin to 80 buildings across four sub-grids raises the dispatch latency 

from 18 to 34 seconds per control step, again within the operational tolerance. These results suggest that the 

framework can be deployed in larger, city-scale settings with modest additional computational investment. 

7. DISCUSSION 

7.1. Theoretical Contributions 

At the theoretical level, PI-DT-CPSS offers three contributions. First, it provides an integration between parallel 

intelligence and digital twins that preserves the epistemic strengths of each: PI's explicit treatment of the social layer 

and its scenario-driven exploration of counterfactuals, and DT's physical realism and real-time synchronization. 

Second, it formalizes multi-fidelity modeling as a resource-allocation problem in which fidelity is traded against 

latency and accuracy in a decision-theoretic manner, generalizing earlier work that treats fidelity as a static design 

choice. Third, it promotes social acceptance from an afterthought to a first-class design variable, entering the 

optimization through the scoring of candidate policies and the fidelity-selection logic. 

7.2. Practical Implications 

At the practical level, the framework provides a blueprint for urban operators seeking to retrofit legacy management 

systems with data-driven decision support. The layered architecture supports incremental deployment: a city can 
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begin with low-fidelity twins and rule-based policies, then upgrade fidelities and policies as data and confidence 

accumulate, without redesigning the overall architecture. The explicit audit trail from physical measurement to final 

decision facilitates regulatory compliance and public scrutiny. And the human-in-the-loop design philosophy 

accommodates institutional realities in which fully autonomous operation is neither legally nor politically feasible for 

the foreseeable future. 

7.3. Limitations 

Several limitations qualify the results. The case studies rely on simulated environments; although the underlying 

simulators are calibrated against real data, they cannot capture every aspect of an operational setting, most notably 

adversarial behavior and long-tail anomalies. The social models, while richer than in most comparable work, remain 

data-hungry and potentially biased toward populations over-represented in survey and sensor data. The 

computational experiments assume stationarity of the scenario distribution within each design cycle, which may be 

violated in rapidly evolving contexts such as pandemics or large-scale crises. Finally, the framework assumes that 

digital twins, social models, and the policies derived from them are trustworthy and interpretable; this assumption 

is non-trivial and points to the following ethical discussion. 

7.4. Ethical and Governance Considerations 

Urban decision systems that aggregate personal data and influence the lives of millions of residents raise profound 

ethical and governance questions. Privacy is a primary concern: telemetry from smart meters, cameras, and mobile 

devices can, even when de-identified at source, be re-identified through inference attacks that leverage the 

correlations inherent in urban data. The framework mitigates this risk through differential privacy [43] at the data 

ingestion boundary and through federated learning [44] in the social layer, but residual risks remain and should be 

subject to periodic independent audit. Fairness is another concern [45]: a framework optimized on the average risks 

amplifying disparities across neighborhoods, demographics, or transport modes. The explicit inclusion of equity 

indicators in the decision support layer and their enforcement via acceptance scores is a structural safeguard, but it 

does not replace deliberative oversight. Finally, accountability requires that the chain of reasoning from 

measurement to action be legible to human stewards; the explainable-AI modules in the decision support layer 

contribute to this goal but cannot be considered sufficient in themselves. 

8. CONCLUSION AND FUTURE WORK 

This paper proposed PI-DT-CPSS, a framework that integrates parallel intelligence and digital twins within a cyber-

physical-social perspective for the governance of smart cities. The framework organizes urban systems into five 

interoperating layers—physical, digital twin, parallel intelligence, social, and decision support—and couples them 

through a closed feedback loop in which computational experiments conducted on multi-fidelity twins inform 

adaptive, socially-aware control of physical infrastructure. A mathematically grounded methodology was developed 

for multi-fidelity modeling, hybrid state estimation, computational experiments, and MPC-DRL parallel execution. 

Three case studies—adaptive traffic signal control, renewable microgrid management, and urban emergency 

evacuation—demonstrated consistent improvements of 19% to 34% on primary operational metrics over competitive 

baselines, with additional gains on fairness and sustainability indicators. 

Several directions warrant further work. First, integrating large language models and foundation models at the social 

layer could allow more nuanced modeling of resident preferences and of the qualitative feedback gathered through 

participatory channels. Second, blockchain and distributed-ledger technologies [46], [47] could underpin the audit 

logs of the decision support layer, providing tamper-evident records that strengthen accountability across 

institutional boundaries. Third, the framework should be extended to cover ecological twins of urban greenery and 

water bodies, which would support climate-adaptation policies in an integrated manner. Fourth, a comprehensive 

pilot deployment in a real city—beyond high-fidelity simulation—would test the framework against the full richness 

of urban life, including the political, legal, and cultural constraints that shape the viability of any data-driven decision 

system. Finally, the co-evolution of foundation-model agents and classical optimization within parallel intelligence 

is a promising direction for closing the loop between perception, reasoning, and action at unprecedented scales. 
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