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Highlights

e Develops a DRL-based signal control strategy for resilient road networks.
o  Embeds behavior-aware DTD-DTA into DRL for adaptive signal learning.
e Designs an RAI-based reward to measure traffic loss and recovery.

e Improves resilience by 23.8% to 69.2% under severe disruptions.

e Offers an Al-enabled pathway for resilience-oriented traffic management.

Abstract

The frequency of weather events associated with climate change has increased, heightening the risk of disruption and damage to urban road
networks (URNSs). Because critical infrastructure underpins urban development and socioeconomic activity, URNs require enhanced resilience to
maintain stable operations under adverse conditions. Therefore, strengthening the resilience of URNs has become a pressing priority for
infrastructure management. Deep reinforcement learning (DRL) has demonstrated considerable potential for urban traffic management because of
its ability to perceive, learn, and act in complex, dynamic environments. However, few studies have developed DRL-based strategies that explicitly
target resilience while accounting for travelers’ behavioral responses. To address this gap, this study proposes a DRL-based signal control strategy
to enhance the resilience of URNs by improving their robustness and rapidity of recovery under extreme conditions. The proposed approach
integrates a within-day/day-to-day dynamic traffic assignment (DTD-DTA) model with a DRL framework to capture the joint evolution of traffic
flow and traveler behavior. A relative area index (RAI) is introduced as a quantitative resilience metric and incorporated into the reward function,
enabling the agent to dynamically adjust signal timings and influence traveler route choices during and after disruptions. Experimental results on
the Sioux Falls network demonstrate that the proposed strategy significantly outperforms conventional signal control methods across a range of
disturbance scenarios, achieving resilience improvements of 23.8%—69.2% under severe conditions. Additional validation on the Anaheim network
confirms the adaptability and transferability of the approach. This study provides a practical pathway for disruption-ready urban traffic
management and demonstrates the alignment of artificial intelligence with resilience objectives in critical infrastructure systems.

Keywords: Resilience enhancement; Deep reinforcement learning; Traffic signal control; Urban road networks
1. Introduction

Ongoing climate change has resulted in more frequent and severe weather events, including heavy rainfall, flooding, and
heatwaves [1,2]. These hazards pose significant threats to life and property, placing unprecedented strain on urban
infrastructure systems [3]. Urban transport networks are vital to socioeconomic activity; however, they are increasingly
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and economic losses were estimated at USD 50 billion [5]. Similarly, the “7-20” extreme rainfall event in Zhengzhou, China,
in 2021 led to severe urban flooding, disruption of road and rail transit systems, 302 fatalities, and direct economic losses of
CNY 40.9 billion [6]. Urban road networks (URNs) are essential for daily commuting, emergency response, and freight
movement, thereby underpinning economic activity and social stability [7,8]. However, amid rapid urbanization and the
increasing frequency of extreme events, most URNs are designed for routine operating conditions, with limited consideration
of resilience [9]. Consequently, they are susceptible to operational paralysis or functional collapse during sudden disruptions
and may trigger cascading social, economic, and environmental failures [10].

Resilience has emerged as a crucial metric for infrastructure performance, reflecting the capacity of a system to resist,
absorb, adapt, and recover from disturbances of varying magnitudes [11]. Enhancing the resilience of URNs is essential to
maintaining transport operations under climate-related stress and strengthening city-wide risk tolerance and post-disaster
recovery efficiency. Therefore, designing effective methods for resilience assessment and enhancement has become a priority
in urban transportation management and sustainable development research.

Current methods for assessing network resilience primarily follow two perspectives. Topology-based approaches focus on
connectivity and structural attributes but often overlook the dynamic evolution of traffic and travelers’ behavioral responses.
By contrast, system performance approaches evaluate operational changes during and after disturbances, making them more
suitable for capturing temporal dynamics [12,13]. The widely adopted 4R framework proposed by Bruneau [14]—
encompassing robustness, redundancy, resourcefulness, and rapidity—serves as a foundation for resilience studies in
transportation infrastructure. This study focuses on two key dimensions: robustness and rapidity, which effectively
characterize performance degradation during disruptions and the subsequent recovery phases. Urban travelers demonstrate
autonomous and rational decision-making, continuously adapting their travel choices in response to evolving traffic conditions
[15]. Therefore, to represent temporal traffic dynamics and traveler behavior during disruptions, this study employs a within-
day day-to-day dynamic traffic assignment (DTD-DTA) model. This modeling approach captures the repeated daily evolution
of urban transportation systems and the heterogeneous choices of travelers, making it well-suited for resilience quantification
[16-19]. The modeling environment is integrated with a relative area index (RAI), which quantifies resilience as the
cumulative performance deviation over time relative to the baseline. This index effectively encapsulates the dimensions of
robustness and rapidity.

Strategies for enhancing resilience can be broadly categorized into three groups: increasing network redundancy,
reinforcing infrastructure, and optimizing operational recovery [20,21]. The first two approaches are typically capital-
intensive, time-consuming, and less adaptable to changing conditions. Conversely, operational recovery strategies are
generally more cost-effective, rapidly deployable, and adaptable. Within this category, traffic signal control (TSC) is pivotal
in managing bottlenecks and regulating traffic flows at intersections. TSC systems can adapt to unstable traffic conditions
during extreme events with minimal human intervention [22]. However, many existing signal control strategies depend on
preconfigured fixed timing and involve substantial computational complexity, which constrains their adaptability and
effectiveness in highly dynamic, real-world traffic environments [23]. Moreover, the interactions between traveler choices
(such as route selection and departure time) and signal control are frequently overlooked [24]. Addressing these limitations
requires the development of intelligent resilience enhancement strategies that explicitly consider the interplay between
travelers’ learning behaviors and signal control decision-making models. Deep reinforcement learning (DRL) has emerged as
a promising approach for TSC and traffic operations management owing to its capacity to perceive traffic states, learn through
environmental interactions, and make decisions in complex, dynamic settings. Consequently, DRL facilitates the intelligent
allocation of limited intersection capacity [25].

Despite significant advancements in DRL for TSC, its capacity to enhance the system-level resilience of transportation
networks remains underexplored. Existing approaches often depend on large volumes of high-quality historical data on traffic
flow and signal timing, and few explicitly model the bidirectional interactions between traveler behavior and signal control
mechanisms. To address these gaps, this study proposes a DRL-based TSC framework that integrates a within-day DTD-
DTA environment, enabling the capture of travelers’ dynamic decision-making processes and the evolution of traffic patterns
under network disruptions. Furthermore, the RAI is introduced as a resilience metric within the reward function, steering the
DRL agent toward resilience-oriented operational recovery. This integrated framework reduces dependence on extensive
historical datasets and consistently delivers superior resilience outcomes in incident scenarios compared with conventional
signal control strategies. The framework represents a systematic development and validation of a post-disruption resilience
enhancement methodology. Extensive experiments on real-world networks of varying scales demonstrate the effectiveness
of the proposed DRL-based approach, with benchmarking results demonstrating reliable improvements in resilience across
diverse disruption conditions. These findings highlight the strong potential of the framework for practical deployment in
emergency management and post-disaster traffic operations recovery.

The primary contributions of this study are as follows:

(1) An intelligent TSC framework based on DRL was developed, enabling dynamic adjustment of signal timings to
influence travelers’ route and departure-time decisions. This approach enhances network resilience across varying disruption
intensities, affected-intersection configurations, and network scales, while simultaneously reducing travel costs (TCs) on
critical links.

(2) A within-day DTD-DTA model was employed as the training environment for the learning agents. This model
effectively captures the complex and realistic evolution of URNs and heterogeneous travel behavior under diverse disturbance
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(3) A resilience-aware reward function was formulated based on the RAI. The RAI quantifies essential resilience attributes,
including robustness in terms of performance degradation and rapidity in terms of recovery speed, and integrates them directly
into the DRL optimization objective. Consequently, the learned policy is explicitly guided to minimize cumulative
performance loss during disruptions and to accelerate post-disruption recovery.

The remainder of this paper is organized as follows. Section 2 reviews resilience assessment methodologies for URNS,
resilience enhancement strategies, and recent advances in DRL-based TSC. Section 3 presents the methodological
framework, detailing the construction of the within-day DTD-DTA model, DRL-based TSC strategy, and the approach to
resilience quantification. Section 4 examines the performance of the proposed framework in enhancing resilience under
various disturbance scenarios and benchmarks its performance against conventional signal control strategies. Section 5
discusses the limitations of this study and directions for future research.

2. Literature review

This section reviews the literature on resilience assessment methods, resilience enhancement strategies for URNs, and the
application of DRL to TSC. By examining recent advancements and persisting challenges in these domains, this study
identifies key research gaps, delineates its contributions to strengthening URN resilience, and establishes the theoretical basis
of the DRL-based signal control strategy.

2.1 Resilience assessment methods for URNs

2.1.1 Definitions of resilience

The concept of resilience originated in ecology, where Holling defined it as the capacity of ecosystems to absorb, adapt,
and recover from external disturbances [26]. Over time, this concept has been adopted across various disciplines, including
engineering [27], social systems [28], economics [29], and disaster management. In transportation research, resilience
integrates perspectives from these fields—particularly engineering and disaster risk management—to describe the ability of
a transportation system or network to resist, absorb, adapt, and recover from disturbances [11,30]. This foundational concept
is applicable to a wide range of transportation modes, such as road networks [31], maritime transport networks [32], air
transport networks [33], urban rail transit networks [34], and transportation-electric power systems [35]. Across these
contexts, resilience emphasizes the capacity of a system to maintain operational performance during disturbances and restore
functionality in their aftermath. Accordingly, the present study adopts a transportation resilience framework that prioritizes
robustness and rapidity, both of which are quantified using the RAI.

2.1.2 Resilience assessment methods

Assessing the resilience of URN:Ss is critical for ensuring service continuity during and after disruptive events [36]. Existing
studies typically approach this challenge from two key perspectives: topology- and system-performance-based [37,38].
Topology-based approaches focus on the structural stability and redundancy, whereas system performance-based methods
emphasize the ability of a system to maintain and restore its functionality during disturbances.

Topology-based methods represent URNs as graphs of nodes and edges, leveraging graph and complex network theories
to evaluate post-disruption connectivity and integrity [12]. Commonly used metrics include the shortest path length [33],
network efficiency [39], node centrality, and the maximum connected subgraph [40]. These methods are computationally
efficient and provide clear, intuitive diagnostics of network structure, making them valuable for pre-disaster resilience
screening and early warning systems. However, their primary limitation lies in their static nature—they do not capture the
dynamic evolution of traffic flows or the adaptive behavior of travelers. Consequently, topology-based methods offer limited
insights into the functional performance loss and recovery processes, which reduces their utility in designing detailed post-
disaster recovery strategies.

By contrast, system performance-based approaches directly evaluate changes in service capacity before, during, and after
disruptions. By simulating traffic flow scenarios that incorporate both demand- and supply-side dynamics, these methods
address the key limitations of topology-based models [41]. Performance impacts are typically quantified using indicators
such as travel delay, passenger volume [42], satisfied travel demand [43], and travel time [44]. However, conventional
performance metrics often fall short in capturing the full spectrum of dynamic traffic flow characteristics, the adaptive
recovery properties of the system, and the influence of traveler behavior during disruptions. The DTD-DTA model is a
promising approach to address this gap. For example, Ye and Ukkusuri [45] integrated a logit-based loading model with a
DTD-DTA framework to simulate the evolution of traffic flows during post-disaster recovery, quantifying resilience through
the performance restoration rate of the system. By incorporating factors such as bounded rationality, experiential learning,
and behavioral inertia, this framework enhances the realism of resilience assessments [46]. Furthermore, the DTD model
accounts for various real-world factors and temporal dynamics, including forecasting mechanisms [16], whereas the DTA
model provides a foundational framework for predicting time-varying travel demand, travel behavior, and network flows [19].

In summary, topology-based resilience studies typically represent road networks as graphs and assess structural
vulnerability and redundancy through connectivity-, efficiency-, and centrality-based indicators, often in conjunction with
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network. However, because they primarily rely on static or quasi-static graph metrics, they are generally unable to capture
the temporal propagation of traffic flows, such as congestion formation, diffusion, or spillback, as well as travelers’ adaptive
responses informed by information and experience. Consequently, these approaches are limited in their ability to reflect time-
dependent TCs or cross-day recovery trajectories. Topology-based methods are therefore more appropriate for structural
diagnosis and pre-disruption screening; however, they are less effective as interactive environments for strategy learning,
where the system-level performance changes result from the closed-loop interactions among action, traffic state, and traveler
responses. In contrast, system performance-based approaches—particularly DTD-DTA frameworks that integrate traveler
behavior modeling—can generate continuous, multi-day performance trajectories. This capability makes them better suited
for resilience quantification and DRL reward design, thereby capturing the evolution and recovery dynamics of transportation
networks under disruptive events.

2.2 Resilience enhancement strategies

While resilience assessment primarily aims to identify vulnerabilities and quantify system performance losses, enhancing
the resilience of URNS is critical for enabling rapid recovery following disruptions. Existing research has proposed diverse
strategies, which can be broadly categorized into three groups: improving network redundancy, reinforcing infrastructure, and
optimizing operational recovery [20,21]. Among these, improving network redundancy is a widely adopted pre-disaster
planning strategy, focusing on optimizing network topology by adding alternative paths and links to mitigate the systemic
impact of disruptions [47,48]. However, Qu et al. [49] observed that redundancy-oriented strategies may offer limited
resilience improvements if spatial risk distributions and network vulnerabilities are not carefully considered. Furthermore,
implementing redundancy-based strategies often demands significant computational resources, rigorous modeling, and
extensive policy coordination [50], which can limit their practical applicability in real-world transportation networks.
Infrastructure reinforcement involves the physical modification of roads, bridges, and other critical assets to enhance their
resilience against various disturbances. For example, Thorisson and Lambert [51] employed corridor trajectory analysis to
identify road segments susceptible to traffic congestion, accidents, and deterioration, thereby informing the prioritization of
reinforcement efforts. However, these strategies require substantial investments and are typically designed to address specific
hazards, which can limit their broader applicability [21]. By contrast, optimizing operational recovery emphasizes the
restoration and enhancement of system performance following a disruption. Key interventions include dynamic lane
management and adaptive signal control (ASC) [52]. For example, lane reversal strategies can substantially reduce overall
traffic delays during emergency evacuations [53]. Similarly, ASC mitigates travel delays, emissions [54,55], and random risks
associated with the transportation of hazardous material [56].

Among the various recovery-oriented measures, the TSC has emerged as a particularly effective approach for strengthening
the resilience of URNs. TSC offers notable advantages including operational flexibility, rapid deployability, and relatively
low implementation costs [57]. Unlike infrastructure reinforcement or redundancy improvements—which require substantial
capital and extended timelines—signal control measures can be swiftly activated post-disturbance to facilitate traffic
redistribution. By optimizing green times, phase splits, and coordination schemes, signal control enables efficient vehicle
rerouting and mitigates localized congestion, thereby expediting system recovery [58]. Recent studies further highlighted the
pivotal role of traffic control and intelligent technologies in resilience-oriented management during disruptions. Khan et al.
[59] investigated the impact of targeted intersection interventions and advanced traffic control mechanisms on enhancing
operational performance and network robustness under disrupted conditions. Expanding the scope to urban transportation
resilience, Wei et al. [60] reviewed the concepts, assessment methods, and development trends of urban rail transit resilience,
highlighting the increasing convergence of resilience analysis with big data, intelligent technologies, and operational
optimization. Similarly, Yang et al. [61] systematically summarized recent advances in resilience assessment and
enhancement strategies for urban integrated transportation networks, highlighting the necessity for more adaptive, data-driven,
and operation-oriented resilience strategies. Despite these advancements, conventional signal control methods—relying on
fixed timing plans and simplified traffic models—remain limited in their adaptability to sudden disruptions or rapidly
evolving traffic conditions. To address these limitations, signal control strategies that integrate intelligent optimization
technologies with autonomous adjustment capabilities are increasingly viewed as a viable and effective means of
strengthening system resilience. Among these methods, DRL has emerged as a promising paradigm for TSC.

2.3 Application of signal control based on DRL

DRL has garnered significant attention in TSC owing to its capacity to perceive, learn, and make real-time decisions in
dynamic environments [62]. By directly interacting with the environment, DRL-based control continuously refines signal
timings in response to real-time traffic conditions [63]. Recent studies have demonstrated their advantages for improving
traffic efficiency. For example, Yu et al. [64] developed a Graph Forecast-Vector Dueling Deep Q Network (GF-VDDQN)
that integrates pedestrian demand into a distributed DRL framework. By integrating graph neural network-based prediction
with state vector construction, their approach effectively optimized signal control policies within the SUMO platform. A
reward function that integrates both green time and vehicle waiting time has demonstrated significant improvements in
intersection utilization compared with several baseline methods. However, these findings are based solely on simulation
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To enhance real-world applicability, Zhang et al. [65] developed a multi-objective signal control approach within the
dueling double deep Q network (D3QN) framework. The model simultaneously optimizes safety, efficiency, and carbon
emissions during peak periods. Simulation experiments at a Changsha intersection indicated that the D3QN approach
consistently outperformed the ASC across all evaluation metrics. Building on this, Wang et al. [66] proposed a DRL-based
TSC scheme that employed proximal policy optimization. By incorporating vehicle waiting time and lane queue length into
the reward function to capture the spatiotemporal dynamics of traffic flow, the proposed method achieved substantial
improvements in travel time, speed, and overall traffic performance at a single intersection when compared with benchmark
approaches. However, these methods are primarily tailored to single-intersection scenarios, highlighting the need for further
research to address large-scale road networks.

To facilitate coordination across multiple intersections, Sattarzadeh and Pathirana [58] proposed unifying a probabilistic
graph model with DRL (UPGMDRL). This approach extracted semantic traffic information using a probabilistic graph model
and integrated it with DRL state representations, thereby enhancing both the interpretability of control decisions and
adaptability to dynamic traffic conditions. Simulation results on multi-intersection networks demonstrated that UPGMDRL
substantially improved the traffic efficiency and control stability. For large-scale cooperative control across intersections with
diverse structural configurations, Wang et al. [63] proposed a multi-layer graph-mask Q-learning (MGMQ) algorithm. This
approach constructs a dual-layer graph architecture, comprising a global traffic flow layer and a local intersection layer, and
leverages a graph attention mechanism to facilitate coordination. In both synthetic and real-world traffic grid simulations, the
MGMQ outperformed the other strategies in terms of delay and waiting time reduction while enhancing throughput. Despite
these advances, most existing DRL frameworks overlook unexpected disturbances, such as accidents or adverse weather
conditions, and seldom incorporate travelers’ route choice behavior. These omissions limit their capacity to support rapid
recovery and maintain system resilience in the face of real-world disruptions.

As DRL applications evolve from single-intersection control to coordinated management across multiple intersections, the
design of reward functions has emerged as a critical factor that governs adaptability and system performance. Existing
research predominantly defines reward functions around three core objectives: safety [67], efficiency [68], and sustainability
[69,70]. Efficiency is the most frequently targeted, typically measured by metrics such as total waiting time, queue length, or
cumulative delay [71]. Furthermore, Li et al. [72] developed a mixed traffic signal intersection control system with a reward
function that simultaneously optimizes efficiency, fairness, and energy conservation by accounting for vehicle penalty waiting
time, delay, and fuel consumption. Although these DRL-based methods have achieved significant improvements in
operational efficiency, safety, and sustainability, their computational intensity and prolonged training periods pose challenges
for real-time deployment in emergency and disruption management scenarios. Moreover, research on reward function designs
specifically aimed at enhancing the resilience of URNs remains limited.

In summary, topology-based resilience assessment methods for URNs are limited in their capacity to capture the dynamic
evolution of traffic flows and adaptive behaviors of travelers. By contrast, system performance-based approaches that
incorporate the DTD-DTA model can represent traffic evolution and post-disruption recovery mechanisms more realistically.
With respect to resilience enhancement, strategies such as network redundancy construction and infrastructure reinforcement
are often constrained by high costs and limited adaptability. In comparison, optimizing the TSC presents a more flexible and
cost-effective approach to improving network performance during disruptions. However, conventional signal control methods
rely on pre-set timing plans and lack the dynamic adaptability required to respond effectively to sudden disturbances. Existing
research highlights the significant potential of DRL in TSC; however, several challenges persist. First, most studies
overlooked the interactive feedback mechanisms between travel behavior and TSC strategies. Second, they insufficiently
capture the complex evolution of urban traffic systems and the heterogeneous choices of travelers under extreme conditions,
while also facing substantial computational demands. Third, few studies have explicitly incorporated resilience-oriented
objectives, resulting in limited exploration of strategies that enhance robustness and recovery under severe disruptions. To
address these limitations, this study proposes a signal control strategy that integrates DRL with the DTD-DTA model,
explicitly prioritizing resilience enhancement as the primary optimization objective. The proposed strategy effectively
characterizes both the complex evolution of traffic flows and the route and departure-time choice behaviors of travelers.
Therefore, it establishes a robust theoretical foundation and provides a practical pathway for advancing resilience-oriented
intelligent traffic control.

3. Methodology

This section outlines the overall methodological framework for the proposed DRL-based intelligent TSC strategy aimed at
enhancing network resilience. The system architecture integrates DRL with a DTD-DTA model, detailing the interaction
between learning agents and the simulated traffic environment. By dynamically optimizing signal timings, the proposed
approach influences travelers’ departure-time and route-choice decisions, thereby facilitating rapid traffic dissipation during
disturbances and strengthening overall system resilience.

3.1 Problem description

This study focuses on improving the resilience of URNs during the post-disruption phase. The analysis considers
unexpected hazardous events—such as extreme weather or incidents—that result in temporary network service loss. To
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Simultaneously, disruptions are modeled in a simplified yet flexible manner: An event may simultaneously impact multiple
intersections or links, with spatial extents ranging from localized corridors or areas to more dispersed network-wide effects.
Severity levels are categorized as minor, moderate, or severe. The physical consequences of disruptions are represented by
reductions in link capacity, which directly increase congestion and travel times, thereby changing travelers’ generalized TCs
and subsequent traffic flow patterns. In this study, we assume that travelers have access to real-time road traffic information—
a standard premise in traffic assignment models [73,74] and increasingly realistic with the proliferation of navigation
applications and real-time traffic feeds [75]. With access to updated information, travelers can adapt their behavior by
modifying route choices and/or departure times to minimize perceived TCs. Traffic management systems can intervene
actively through ASC. In our approach, signal lights at intersections are modeled as independent agents that observe local
traffic conditions and select signal timing actions (e.g., green splits) to influence link travel times and queue lengths. A central
challenge lies in the complex, network-wide relationship between signal actions, TCs, traveler responses, traffic dynamics,
and system resilience under disruption—an issue examined in detail in Section 3.2. Therefore, we trained a DRL-based
intelligent signal control policy within a DTD-DTA simulation environment. The policy is guided by an RAI, enabling the
system to learn operational strategies that accelerate recovery following disruptions.

3.2 System framework

The framework is built upon a deep Q-network (DQN), utilizing multi-layer neural networks to extract traffic flow features
and iteratively refine signal timing decisions based on environmental feedback. Each traffic signal agent leverages the value
function to determine optimal timing schemes using state information, such as link flow and capacity, and implements these
schemes within the simulated traffic network. The environmental module employs the DTD-DTA framework to realistically
simulate traffic flow dynamics within a URN. The reward mechanism is based on the RAI metric, which evaluates system
resilience. By minimizing the RAI, the framework incentivizes the learning of control strategies that enhance resilience. As
shown in Fig. 1, the system architecture comprises five core modules that form a closed-loop training process: state perception,
decision learning, environment interaction, reward feedback, and model updating.

(1) State: At the onset of each training episode, the agent perceives the operational state of the traffic network. The primary
state variables include link flow and link capacity, which are input into the neural network to evaluate current traffic load
and network accessibility.

(2) Agent: Traffic lights at intersections serve as agents, each influenced by traffic flows and disturbances. This study
employs a distributed independent-learner framework, wherein each controlled intersection operates as an individual agent
that maintains its own neural network with independent weights and selects actions based solely on locally observed link flow
states. No network parameter sharing was introduced across intersections, and no centralized critic mechanism was employed.
To facilitate system-level resilience, all agents utilize a common system resilience-based reward function. During each DTD
iteration, agents generate time-varying timing action sequences for every discrete within-day time step during the dynamic
network loading (DNL) process. These dynamic timing plans are collectively input into the DTD-DTA environment, guiding
the evolution of network states and traveler choice behavior.

(3) Action: For each agent, the action consists of a sequence of green-time ratios across all discrete within-day DNL time
steps for the subsequent day. Consistent with Refs. [76] and [77], a split-based (link-based) signal was adopted in DNL, where
signal timing was abstracted as green splits that allocate discharge capacity among incoming links, rather than explicitly
simulating phase sequences and inter-green intervals. At each DNL time step, the agent outputs a discrete action index mapped
to the corresponding green-split vector using a predefined action library. The resulting green-split vector is incorporated into
the intersection model within the DNL at each time step to constrain link outflows. This, in turn, influences within-day traffic
propagation, queue evolution, and network operating costs, ultimately influencing travelers’ route and departure-time
decisions on subsequent days.

(4) Environment: The environment is structured around the DTD-DTA model, with the following core components: (1)
DNL: Given a specific signal timing scheme and the current network state, the realized travel times for each origin—destination
(OD) pair are determined. (2) Simultaneous route and departure-time choice (SRDT): A multinomial logit model captures
travelers’ behavioral preferences in both route and departure-time selection. (3) Perceived travel cost updating (PTCU): The
perceived TCs for different routes are updated using a weighted averaging learning rule. Upon completion of the cost-updating
process, the network state for Day + 1 was generated, initiating the next iteration of the training cycle. Unlike external traffic
simulators, such as SUMO, this environment provides a self-consistent, closed-loop learning and evaluation mechanism,
thereby reducing the reliance of the model on extensive historical datasets.

(5) Reward: The reward function is formulated based on the RAI, where a lower RAI signifies higher system resilience.
Accordingly, the reward is defined as the negative value of the RAI, ensuring that the Q-value updates guide the training
process toward a more resilient traffic system.



State Reward

] ST [ N NN
It : e e e e
- - : e e e e
, o e e e
. [ ] @ L L]
i i e e | I |
! Number of Links@p L) 4*25‘3‘ @ Number of Actions
i Fully Connected Layer
i Input S,,, Output
' i Ypdate parameters Epsilon- greedy strategy

; __________ ,’\- - ”0“ {

Link Flow Link Capacity

Update states (S,—S,.,)

-+ i -
\[1 M | l>l' i Environment -
=TT 7 : Action
N DL~ Day +1 D N 1'1
—_—— |- . ay + o - green light
i } 4 l+ I ! Leml timing ratio

{1
- EEER § -
\ \ =-q.;
‘ l A ||+ - | L T 1-g;
\ﬁ — \ ' Perceived Travel Cost Simultaneous Route-and- ) i
1™ Updating Departure-Time Choice f“.d I}Eh‘
\ \) e e LS e | timimg
) 1 Weighted Average I . ' ratio
\ Anaheim ) | Leaming Operator Model i Multinomial Logit Model |

Fig. 1. Signal control strategy framework based on the DQN model. g;: green split for incoming link 7; S;: the traffic state at decision iteration #
3.3 Environmental modeling based on DTD-DTA

In this study, disruptions are modeled as capacity degradations rather than through node or link removal. Therefore, the
network topology remains unchanged. Consequently, topology-based indicators, which are typically insensitive to functional
deterioration, are unsuitable for resilience evaluation or reward design in this context. In contrast, DTD-DTA can generate
multi-day performance trajectories essential for calculating the RAI, encompassing both the baseline and post-disruption
integration periods. This capability also facilitates the incorporation of the RAI into the DRL reward design, thereby enabling
resilience-oriented signal control learning. The DTA model aims to analyze and forecast the temporal evolution of traffic
flows within a network, with the primary objective of characterizing traffic dynamics under specified travel demand, traveler
behavior, and traffic flow theory frameworks. Based on Wardrop’s equilibrium principle [78], DTA can be formulated as a
system optimum or user equilibrium, along with their dynamic extensions [77,79]. DTA models are generally categorized by
temporal scale into within-day and DTD models. Within-day models focus on traffic dynamics over the course of a single
day or specific period (e.g., morning or evening peaks), typically assuming stable network conditions and travel demand
within the analyzed timeframe. Consequently, these models have limited capacity to capture the effects of external disruptions
on intra-day traffic evolution. By contrast, DTD models emphasize multi-day dynamics, allowing for the representation of
equilibrium states that are continuously influenced by external factors such as weather events or traffic incidents [80].
Accordingly, the DTD-DTA framework effectively captures non-equilibrium traffic fluctuations across days, analyzes the
impacts of external disturbances on route and departure time choices, and provides a realistic modeling foundation for
resilience studies in traffic networks. As shown in Fig. 2, the DTD-DTA model operates across two temporal scales. At the
DTD scale, it incorporates a learning and decision-making framework comprising the PTCU and SRDT choice models,
responsible for updating travelers’ daily perceived costs and adjusting their route and departure time decisions, respectively.
At the within-day scale, network loading and flow propagation were captured using the DNL model [81]. Detailed
formulations are provided in Appendix A.
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Fig. 2. Structure of the DTD-DTA model.

Intersection node flows are determined using a supply—demand coordinated junction model, which balances upstream
demand and downstream supply at each node to yield feasible passing flows. This approach effectively captures queue
formation, dissipation, and spillback phenomena. Accordingly, this study adopted a split-based (link-based) signal
representation at the macroscopic DNL level. Signal timing is simplified as a green split g; associated with each incoming
link 7, rather than explicitly modeling phase sequences and cycle-by-cycle switching details [76,77]. To characterize the node-
level supply—demand relationship and flow allocation mechanism across connected links, the flow-splitting ratio a; j(h), was
introduced. This ratio denotes the proportion of the total outflow from incoming link i that is assigned to downstream
connected link ; at time step 4, and satisfies Y, a;;(h) = 1, where & represents the discrete loading time step in the DNL
procedure, enabling a finer-grained depiction of traffic dynamics. Considering the link capacity C;, downstream node supply
Si(h), and flow-splitting ratio «;j(h), the effective supply €;(h) of incoming link 7 at time step /4 can be expressed as follows:

e(h) = min{c;, min {jfj((’;f)}} )

At discrete time steps 4, the actual link outflow (Q°") and inflow (Q™) are simultaneously determined by the link demand
(Dy), effective supply, and green split, as shown in Eq. (2) and (3). The relevant derivation and details of the node-level
supply—demand coordination model can be found in Ref. [81]. This representation enables the macroscopic loading model to
capture queue formation and dissipation, as well as flow propagation at intersections.

Q*'(h) = min{D;(h), gies(W)}  (2)

Q" (h) = a;,;(W)Q (R A3)

Meanwhile, to maintain consistency with the discrete action space of the DQN, we discretized the green split of each
incoming link, denoted as g;, over the interval (0,1) with a step size of 0.1, and imposed a minimum value of g, to ensure
that every incoming link receives a nonzero service. Furthermore, node-level feasibility constraints are enforced such that
any signalized intersection satisfies); g; = 1. At each time step 4, the DQN outputs a discrete action index mapped through a
lookup table to the green-split vector g for the corresponding time step. The resulting g can be used directly in Egs. (2) and
(3) for discharge-capacity allocation and node-flow updating.

3.4 DON-based signal control strategy

3.4.1 Q-Value calculation and action selection

In the conventional Markov decision process (MDP) [82], the agent optimizes its policy based on state transition
probabilities and immediate reward functions. However, in complex traffic environments, the high dimensionality and
dynamic nature of the state space make it challenging to utilize standard MDP reward functions directly for effective learning.
To resolve this issue, the present study introduced the Q-value as the core metric for value evaluation [83], leveraging the
DQN for policy updates [84]. The Q-value is computed according to the Bellman optimality equation [85]:

QS A) =R+y-max,Q(s,4) @)
where Q(S, A) denotes the action-value function in the DQN framework, representing the expected cumulative discounted
reward obtained by taking action A4 under state S and subsequently following the optimal policy. R denotes the immediate
reward obtained after executing action 4; S’ denotes the next traffic state after the DTD-DTA environment is updated; 4’
denotes a candidate action available in the next state S*; following hyperparameter tuning, the discount factor y is setto 0.95,
striking a balance between immediate traffic efficiency and long-term network resilience while ensuring stable convergence
and emphasizing cumulative rewards over extended horizons.

To maintain an effective trade-off between exploration and exploitation throughout training, an ¢-greedy mechanism was
adopted for action selection. At each decision step, the agent selects a random action with exploration probability &; otherwise,
with probability 1 — &, it chooses the action that maximizes the current Q-value according to the learned policy. The action
selection process is governed by the following rule:



<1 —~¢ (5)
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the initial phase of training. As training proceeds, the parameter &€ is gradually annealed to a final value of 0.001, facilitating
a smooth transition from exploration to exploitation while retaining a minimal level of exploration to prevent premature

convergence.
3.4.2 Network parameter update

Following action selection, the mean squared error loss was utilized for backpropagation and network parameter
optimization [86], enabling the estimated Q-values to converge toward their optimal targets. The update procedure comprises
three primary steps.

First, the target Q-value is computed from the Bellman equation:

Qtarget =R+y- max,Q(S,4) (6)

Next, the loss function L(8) is defined to quantify the discrepancy between the Q-value predicted from the current network
parameters 6 and the target Q-value:

1(0) = (0(5,4:0) — Quarger) (7)

Finally, gradient descent is applied to optimize the parameter 6:

66 —nVeL(6) (8)
where the learning rate # is fixed at 0.001 in this study. This configuration ensures stable parameter updates and reliable
convergence, even in high-dimensional, random traffic environments.

3.4.3 Reward function

To comprehensively evaluate the resilience of a traffic network following disturbances, this study utilizes the RAI as the
resilience quantification metric. A lower RAI value indicates reduced cumulative performance loss and, consequently, greater
resilience. Originally introduced by Shang [73], RAI effectively captures both the robustness and rapidity of a network
system. Furthermore, RAI accounts for realistic network characteristics, including network topology, flow patterns, link
capacities, and travel demand [87], making it a robust indicator for evaluating both the impact of disruptions and overall
resilience of URNs. The RALI is calculated as follows:

— (t3a TC(®)— TC(t1)

The disturbance is introduced on day ¢, whereas #; denotes the first post-disruption day on which the network converges
to a new equilibrium state. Owing to the possibility of irreversible loss of network capacity, this new equilibrium may differ
from the pre-disruption state. The convergence criterion is based on the relative gap derived from the DTD-DTA model,
defined as follows:

lf oy D~ f iy T+ D) ||

- <p (10)
where f (. (T) denotes the departure flow on route r at time step ¢ on day 7, p denotes the relative gap threshold utilized as

the convergence criterion and is fixed at 0.001 in this study. The relative gap quantifies the changes in departure flow along
identical paths across two consecutive days. A consistent decrease and subsequent stabilization of the relative gap indicate
that the route and departure-time decisions of travelers have stabilized, signifying that the traffic network is approaching
equilibrium. In a practical implementation, the convergence of the post-disruption recovery process was evaluated using the
relative gap derived from the DTD-DTA model, with a threshold set at p = 0.001. When the relative gap on a given day falls
below this threshold, the route and departure-time flows are deemed to have stabilized across consecutive days, signifying
that the road network has reached a new equilibrium state. This day was designated as z;.

In conclusion, a training framework was established for a DQN-based signal control strategy, wherein policy optimization
was conducted through iterative cycles, each referred to as an epoch. During the initialization phase, the parameters of the
DQN, exploration rate, and other hyperparameters were configured. Post-disturbance link flow data and the initial signal
timing scheme were then loaded, and link capacities were adjusted to represent the disturbance scenario. In each epoch, the
agent selects a signal timing plan according to the e-greedy policy, and the DNL model simulates the resulting impacts on the
traffic system. The PTCU model is subsequently employed to update the traffic state, whereas the SRDT choice model
estimates travelers’ route and departure-time distributions for the following day. The reward was determined from the RAI
metric, and the resulting interaction records were stored in an experience replay buffer for subsequent training. When the
number of training days exceeds the predefined convergence threshold, the reward is moderately increased to expedite policy
convergence and mitigate the risk of entrapment in local optima. If the experience buffer contains an insufficient number of
samples, the agent prioritizes exploration to collect additional interaction data, thereby ensuring the stability and diversity of
policy updates. As the iterations progress, the signal timing plans are progressively optimized, enabling the agent to ultimately
acquire an optimal control policy that significantly enhances network resilience across varying levels of disturbance. The
computational demand of the proposed framework was primarily influenced by the network size, number of within-day DNL
loading steps, and number of DRL training interactions required prior to convergence.
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Table 1
Primary training parameters and implementation details of the proposed framework.

Value
Parameter

0.001
Learning rate n

0.95
Discount factor ¥

1
Initial exploration probability €

0.001

Relative gap threshold p
256 per layer

Hidden units

1500
Training epochs

150 days
Simulation horizon

S5h
Within-day peak period

180's
DNL time step 4h

900 s

Departure-time window

3.5 Traditional signal control strategies (baseline methods)

Three representative conventional TSC methods were selected for comparison: equi-saturation, capacity-based, and fixed-
time signal control. All comparison methods were implemented using the same split-based signal representation adopted in
the DNL model, thereby ensuring a consistent basis for evaluation with the proposed DQN-based strategy. Specifically, these
methods regulate the intersection discharge capacity through green-split allocation, rather than by explicitly simulating cycle-
by-cycle phase switching. Equi-saturation signal control assigns green time based on traffic demand and saturation levels,
aiming to balance the degree of saturation across approaches and allowing for limited responsiveness to demand fluctuations.
Capacity-based signal control assigns green time based on the design capacity of each incoming direction, thereby primarily
reflecting supply-side characteristics. Fixed-time signal control employs a predetermined green-split scheme that remains
static following a disruption. Comprehensive interpretations of these conventional methods can be found in Shang et al.’s
study [70], with adaptive adjustments implemented to ensure compatibility with the specific network structure and disturbance
scenarios under consideration. These methods served as benchmarks for evaluating the resilience performance of the proposed
DRL-based signal control strategy, with detailed formulations provided in Appendix A.

4. Case study

This section investigates the effectiveness of the proposed DRL-based signal control strategies in enhancing the resilience
of URNs under varying levels of disruption. Consistent with the problem formulation, we assume that the disruption does not
alter the OD demand or interrupt overall traffic operations. Disruptions may impact multiple intersections or links
simultaneously, demonstrating different spatial extents (localized versus dispersed) and varying degrees of severity (minor,
moderate, and severe). To test the effectiveness and general transferability of the resilience-oriented TSC strategy based on
DRL, two representative traffic networks were selected as experimental cases: the Sioux Falls and Anaheim networks. The
Sioux Falls network, derived from the transportation planning model of Sioux Falls, SD, USA, is a medium-scale network
comprising 24 nodes, 76 links, 528 OD pairs, and 6180 paths. Its moderate size and publicly available data have made it a
widely used benchmark in traffic assignment and control research. By contrast, the Anaheim network is based on the real-
world urban traffic system in Anaheim, CA, USA. The abstracted model comprises 914 nodes, 416 links, 1406 OD pairs, and
30719 paths, representing a large-scale urban network with a complex topology. As shown in Fig. 3, these two networks differ
significantly in both scale and structure, providing complementary experimental environments for model validation and
performance evaluations'.

! Data source: https://github.com/bstabler/TransportationNetworks




Fig. 3. Test networks employed in this study: (a) Sioux Falls; (b) Anaheim.

The simulation period spans 150 days and is structured into three distinct phases: pre-disturbance stable phase, disturbance
impact phase, and post-disturbance recovery phase. Each simulated day focuses on a 5 h morning peak, segmented into
twenty 15 min intervals to capture temporal fluctuations in travel demand. After the system achieved equilibrium, a
disturbance was introduced on day ¢, after which different signal control strategies were applied. Disturbance scenarios were
designed by varying both intensity and spatial distribution. Link capacities were reduced by 25%, 50%, and 75%, representing
mild, moderate, and severe disturbances, respectively. Mild disturbances simulate localized incidents such as minor collisions,
short construction closures, or short-term rain or snow. Moderate disturbances correspond to more significant events, such as
multi-vehicle collisions, long-term construction, or moderate to heavy rainfall. Severe disturbances reflect extreme conditions,
such as major accidents, flooding, or snowstorms, which can disable critical nodes and substantially degrade overall network
performance. This design considers both ordinary and major traffic incidents. Recognizing the increasing prevalence and
complexity of cascading disasters in urban environments [88], the simulation incorporates two spatial distribution patterns:
(1) a single critical intersection failure, representing a localized disruption, and (2) simultaneous failures of multiple
structurally similar intersections, representing a system-level cascading disturbance.

4.1 Sioux Falls network

In the Sioux Falls network, node degree is utilized to characterize the geometric branching properties of intersections.
Statistical analysis reveals the presence of 13 three-leg intersections (degree = 3), six four-leg intersections (degree = 4), and
one five-leg intersection (degree = 5), with the remaining nodes classified as boundary-type two-leg intersections (degree =
2) [89]. For subsequent comparative analysis of network resilience under various signal control strategies and disturbance
conditions, scenarios involving three-, four-, and five-leg intersections under minor disturbances were denoted as S-I-1, S-I-
2, and S-I-3, respectively. Corresponding scenarios under moderate disturbance are denoted as S-1I-1, S-II-2, and S-II-3,
respectively, whereas those under severe disturbance are labeled as S-1II-1, S-11I-2, and S-III-3, respectively.

4.1.1 Resilience analysis of minor disturbance scenarios (S-1-1, S-1-2, S-1-3)

Under minor disturbances, the network generally returns to equilibrium within a short timeframe, indicating that such
disruptions have a limited impact on the system stability. As shown in Fig. 4, in Scenario S-I-1—where the capacities of the
incoming links at a three-leg intersection are reduced by 25%—the network governed by the DQN-based signal control
strategy converges to a new equilibrium on day 28, which is only one day later than that under the equi-saturation signal
control strategy. Notably, the RAI, which quantifies cumulative post-disruption performance loss relative to the baseline, is
0.0699, which is 4.2% lower than that of the equi-saturation control (0.0730), suggesting that despite a marginally slower
recovery speed, the DQN approach more effectively suppresses deviations from the original performance, demonstrating
stronger resilience. In Scenario S-I-2, the network achieves equilibrium on day 26 across all strategies except for fixed-time
control, which stabilizes on day 27. Although the recovery durations were similar, the DQN-based strategy achieved a lower
RAI (0.0536), representing a 4.1% reduction compared with the Equi-saturation strategy (0.0558) and a substantial 64.3%
reduction relative to the fixed-time strategy (0.1501). In Scenario S-1-3, both the DQN-based and equi-saturation strategies
restored network equilibrium by day 26, with corresponding RAI values of 0.0622 and 0.0630, respectively. This indicates
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Therefore, the DQN-based strategy reduces the RAI by 61.1% and 79.7%, respectively, compared with the two conventional
approaches. These findings demonstrate that the DQN-based strategy achieves superior robustness, even under low-intensity

disturbances.
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Fig. 4. RAI performance under minor disturbance in diverse intersection scenarios. (a) S-I-1: three-leg; (b) S-1-2: four-leg; (c) S-1-3: five-leg.
4.1.2 Resilience analysis of moderate disturbance scenarios (S-1I-1, S-1I-2, S-11-3)

Under moderate disturbances, the network requires a longer period to recover equilibrium, and the deviation from baseline
performance increases. As shown in Fig. 5, in Scenario S-II-1—where the capacities of the incoming links at a three-leg
intersection are reduced by 50%—the DQN-based and equi-saturation signal control strategies both achieve equilibrium by
day 32. The DQN-based strategy yields an RAI of 0.8142, which is 10.2% lower than that under the Equi-saturation strategy
(0.9068), indicating an enhanced robustness within the same recovery duration. Compared with the capacity-based (1.7255)
and fixed-time (2.4207) strategies, the DQN-based strategy reduced the RAI by 52.8% and 66.4%, respectively, further
confirming its superior robustness within the same recovery rapidity. In Scenario S-1I-2, the network employing the DQN-
based strategy reached equilibrium by day 30, achieving an RAI of 1.1947. In comparison, the equi-saturation, fixed-time,
and capacity-based strategies reached equilibrium on days 32, 38, and 40, with RAIs of 1.4087, 2.5221, and 2.9339,
respectively. Consequently, this corresponded to RAI reductions of 15.2%, 52.6%, and 59.3%, respectively, relative to the
three benchmark methods. Similarly, in Scenario S-II-3, the DQN-based strategy achieves equilibrium on day 28 with an
RAI of 0.3547. By contrast, the equi-saturation, capacity-based, and fixed-time strategies converged on days 35, 41, and 45,
yielding RAIs 0f 0.4613, 1.1608, and 1.2232, respectively. The corresponding RAI reductions were 23.1%, 69.4%, and 71.0%,
respectively. These findings highlight the superior performance of the DQN-based strategy in terms of both rapidity and
robustness, particularly when compared with conventional strategies that lack the capability for dynamic signal timing
adjustments.

Under moderate disturbances, capacity reductions exacerbate the imbalance between traffic supply and demand.
Conventional strategies that rely on static or infrequently updated signal timings are unable to effectively mitigate the rapid
amplification of performance deviations. By contrast, the DQN-based strategy continuously optimizes the green time ratio
g; through iterative Q-value updates to minimize the RAI. As the RAI encapsulates both recovery rapidity and robustness,
the learning process converges toward an optimal policy that achieves a shorter recovery time and minimal deviation from
baseline performance. The DQN-based strategy delivers network capacity more efficiently by prioritizing green-time
allocation to bottleneck links. Meanwhile, within the DTD-DTA environment, travelers iteratively update their perceived
costs and adapt their route and departure time decisions in response to the optimized green time ratio g;, thereby alleviating
localized congestion. Consequently, networks managed by the DQN-based signal control strategy achieved equilibrium more
rapidly and maintained higher stability during recovery, demonstrating notable improvements in both responsiveness and
robustness.
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Fig. 5. RAI performance under moderate disturbance in different intersection scenarios. (a) S-1I-1: three-leg; (b) S-1I-2: four-leg; (¢) S-1I-3: five-
leg.

4.1.3 Resilience analysis of severe disturbance scenarios (S-11I-1, S-111-2, S-111-3)

Under severe disturbances, the time required for the network to reach equilibrium increases substantially, and performance
fluctuations intensify, highlighting the vulnerability of traffic systems to extreme events. As shown in Fig. 6, in Scenario S-
ITI-1, the DQN-based strategy enables the network to converge to a new equilibrium by day 38, achieving an RAI of 24.7237.
In comparison, the equi-saturation, fixed-time, and capacity-based signal control strategies reached equilibrium on days 49,
59, and 70, with corresponding RAI values of 49.0819, 71.9281, and 80.1515, respectively. Accordingly, the DQN approach
reduced the RAI by 49.6%, 65.6%, and 69.2% and achieved recovery 11-32 days earlier than the alternative strategies. In
Scenario S-11I-2, the DQN-based strategy allowed the network to reach equilibrium on day 53 with an RAI of 60.4238,
whereas the equi-saturation, fixed-time, and capacity-based strategies controlled the network to reach equilibrium on days 55,
80, and 84 with RAIs of 83.8725, 141.9002, and 160.6305, respectively. Therefore, the DQN-based strategy reduced the RAI
by 28.0%, 57.4%, and 62.4% compared with the three conventional strategies, and enabled recovery nearly 30 days earlier
than both fixed-time and capacity-based controls. In Scenario S-11I-3, the network reached equilibrium on day 32 under the
DQN-based strategy with an RAI of 4.7097. Under the equi-saturation, capacity-based, and fixed-time strategies, equilibrium
was reached on days 45, 48, and 50, with RAIs of 6.1802, 6.9314, and 14.2687, respectively. Therefore, the DQN-based
strategy reduced the RAI by 23.8%, 32.1%, and 67.0%, and shortened the recovery period by 13—18 days. Overall, under
extreme disturbance conditions, the DQN-based strategy consistently delivered the fastest recovery speed and demonstrated
the strongest capability to suppress deviations from the original network performance across all scenarios. Its resilience
improvement relative to the other strategies ranges from 23.8% to 69.2%, highlighting a clear systemic advantage under
severe disruptions.

During severe disturbances, the capacities of the incoming links at the affected intersections were reduced by 75%, and the
supply—demand imbalance described in Egs. (1)—(3) reached its maximum. If the green time ratio g; remains static or is
adjusted inappropriately, the effective supply &; becomes severely constrained, resulting in a significant decline in outflow
traffic QP"". This situation readily triggers network-wide spillback and congestion propagation, leading to intensified
performance degradation and a substantially prolonged recovery period. However, the other three conventional strategies are
unable to prevent this adverse trend. By contrast, the DQN-based strategy is not limited by predetermined timing rules; rather,
it continuously learns an adaptive policy through interaction with the environment, effectively guiding the traffic system
toward minimizing the RAI. This approach begins by collecting behavioral feedback from travelers within the DTD-DTA
environment, where each signal agent receives real-time state information regarding the link flow and capacity, thereby
capturing the complex dynamics of traffic evolution. At each iteration, the signal agent updates its decision using a Q-value
iteration based on the observed state, optimizing the green time ratio g; accordingly. Through ongoing policy refinement,
the strategy enhances the alignment between supply and demand, maintaining the outflow traffic QP"* as close as possible
to the demand D;. This mitigates traffic shock waves during peak periods. Consequently, the system achieves coordinated
improvement in both recovery speed and system robustness.
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Fig. 6. RAI performance under severe disturbance in different intersection scenarios. (a) S-III-1: three-leg; (b) S-1I1-2: four-leg; (c) S-111-3: five-

leg.

As shown in Fig. 7, the comparative heat maps demonstrate that the DQN-based strategy delivers the most resilient network
performance, regardless of whether disruptions occur at a single critical intersection (five-leg) failure or at multiple
structurally similar intersections (three-leg and four-leg) disruptions.
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Fig. 7. RAT heat map by intersection.
Table 2.
t; and RAI under all scenarios and strategies
Five-leg
Three-leg Four-leg
Signal control strategy
i RAI
Degree of disturbance t RAI t RAI 4
0.0622
DQN-based 28  0.0699 26  0.0536 26
) ) 0.0630
Equi-saturation 27 0.0730 26 0.0558 26
i 0.1602
Minor Capacity-based 30 01066 26 00723 34
o 0.3066
Fixed-time 29 0.2181 27 0.1501 35
0.3547
DQN-based 32 0.8142 30 1.1947 28
. . 0.4613
Equi-saturation 32 0.9068 32 1.4087 35
1.1608
Moderate Capacity-based 40 17255 40 29339 41
o 1.2232
Fixed-time 44 24207 38 2.5221 45
4.7097
DQN-based 38 247237 53 60.4238 32
) ) 6.1802
Equi-saturation 49  49.0819 55 83.8725 45
Severe
) 6.9314
Capacity-based 70  80.1515 84 160.6305 48
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4.1.4 Reward mechanism comparison (reward ablation) under severe disturbance (Scenario S-111-3)

To further examine the impact of the reward design on resilience-oriented signal control, we conducted a supplementary
reward ablation study in the severe-disruption five-leg intersection (Scenario S-111-3) of the Sioux Falls network. This analysis
aims to benchmark the proposed RAI-based reward against two representative alternative reward formulations, specifically
in terms of resilience enhancement. To balance the experimental workload and maintain the focus of the study, this
comparative analysis is limited to the representative severe-disruption scenario, rather than being replicated across all
disruption scenarios presented in this study. For the remaining scenarios, the evaluation of the proposed method primarily
involves comparisons with conventional signal control strategies, including equi-saturation, capacity-based, and fixed-time
controls, to systematically evaluate the resilience enhancement achieved by the proposed framework under different
disruption intensities and affected-node types. These conventional strategies have been widely implemented in practical TSC
applications and are frequently adopted as representative baseline methods in review studies on RL for TSC [57].

In addition to the proposed RAl-based reward, two alternative reward mechanisms are introduced in this ablation study.
The first is a TC-based reward, which targets the reduction of daily network total TC, thereby prioritizing operational
efficiency and cost minimization. The second is a ¢;-based reward, which focuses on minimizing the recovery time r;—defined
as the duration required for the network to return to equilibrium—thus emphasizing rapid recovery. These two alternatives
reflect the prevailing design philosophies of solely minimizing operational costs and recovery durations, respectively. Their
inclusion in the ablation study serves to rigorously evaluate the necessity and effectiveness of the proposed RAI-based reward
in achieving a comprehensive resilience objective.

As shown in Fig. 8(a), under Scenario S-III-3, the RAI-based reward demonstrates superior resilience performance,
achieving an RAI value of 4.7097 and reaching a stable state at #; = 32 days. In comparison, the TC- and #;-based rewards
yielded RAI values of 5.5535 and 5.7261, respectively, and reached stability at #; = 38 and # = 33, respectively. The fixed-
time strategy performs notably worse, displaying a substantially higher RAI of 14.2687 and a substantially delayed recovery
process (#; = 50). These results indicate that the RAI-based reward reduces RAI by 15.19% and 17.75% relative to the TC-
and t;-based rewards, respectively. To further elucidate these differences, the multi-day total TC trajectories under different
reward mechanisms are shown in Fig. 8(b). First, the TC-based reward accelerates the reduction of TC immediately following
disruption; however, it also produces the largest oscillation amplitude during the recovery phase, characterized by significant
fluctuations and a less stable convergence process. This instability ultimately delays the attainment of equilibrium, as reflected
in the later #;. These findings suggest that optimizing solely for daily TC may prompt the policy to implement more aggressive
signal timing adjustments in pursuit of short-term cost reduction, inadvertently amplifying system fluctuations and impeding
rapid recovery. Second, the #;-based reward prioritizes achieving equilibrium as early as possible, resulting in a noticeable
advantage in recovery speed, as evidenced by an earlier ;. However, its effectiveness in suppressing costs during the
disruption period and the early recovery stage is relatively limited, leading to a less significant improvement in the cumulative
loss compared with the RAI-based reward.

Collectively, the results shown in Figs. 8(a) and (b) indicate that the RAI-based reward does not optimize a single objective
in isolation. Instead, it targets the cumulative loss area defined by the performance curve, baseline, and integration interval.
This approach enables a more effective balance between minimizing cost losses during the disruption period and reducing
recovery duration, ultimately achieving the lowest RAI. This comparison further validates the rationale behind the proposed
reward design: Incorporating RAI into the DRL reward enables the agent to enhance both robustness, by reducing the
cumulative loss, and rapidity, by shortening the recovery time, within the resilience metric.
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Fig. 8. Reward ablation in Scenario S-III-3 under different reward mechanisms and baseline strategies. (a) Reward-ablation comparison based on
the R

4.1.5 Link TC analysis of severe disturbances (S-11I-1, S-111-2, S-111-3)

To further investigate link-level variations in the recovery processes of various signal control strategies under network
disruptions, this section presents the link-level average TC distribution diagram in the Sioux Falls network across all strategies
on a selected day after the network has returned to equilibrium. Owing to space constraints, only the severe disruption
scenarios (Scenarios S-III-1, S-III-2, and S-III-3) are discussed here; the results for the other scenarios are provided in
Appendix A.

Under severe disturbance Scenarios S-111-1, S-1I1-2, and S-I1I-3, link-level TCs increased significantly across the network,
and the disparities among the control strategies became significant. As shown in Figs. 9, 10, and 11, the DQN-based signal
control strategy consistently achieves the lowest link TCs, whereas the capacity-based and fixed-time strategies result in
significant cost accumulation across multiple links. This demonstrates that, under extreme disruption conditions, the dynamic
optimization capability of the DQN approach enables a more effective regulation at the link level, thereby suppressing the
propagation of high-cost regions. In Scenario S-III-1 (Fig. 9), the DQN-based strategy yields substantially lower TCs on
critical links at the disturbed intersections compared with those of other strategies. For example, on link 26 at disrupted
intersection 9, the DQN-based strategy reduced the network cost by 44.5% compared with the capacity-based strategy.
Similarly, on links 30, 41, 42, 58, and 60 at the failed intersection, TCs were 30%—40% lower than those under the fixed-time
strategy. In Scenario S-11I-2 (Fig. 10), severe disruptions resulted in extremely high TCs for several critical links; however,
the improvement achieved by the DQN-based strategy was particularly significant. At the failed intersection 16, the costs on
its links are 30%—-50% lower than those under the equi-saturation strategy, with link 29 demonstrating a reduction of up to
63.7%. Compared with the capacity-based strategy, the advantage is even more significant, as the costs on the links at failed
intersection 15 decreased by over 60%. Relative to the fixed-time strategy, the costs on links 29 and 49 at intersection 16 were
reduced by 66.4% and 53.6%, respectively. In Scenario S-I1I-3 (Fig. 11), the cost-reduction advantage of the DQN-based
strategy is more evident. As the most geometrically complex intersection, the disrupted area experienced extremely high costs
under the fixed-time and capacity-based strategies. By contrast, the DQN-based strategy achieved a 15%—50% reduction in
costs on nearly all inbound and outbound links of the disrupted intersections. The improvement is particularly significant on
several critical links: For links 47-52, the TCs under the DQN-based strategy were nearly 60% lower than those under the
capacity-based strategy.

In conclusion, both the fixed-time and capacity-based strategies lack dynamic adaptability, resulting in continuous cost
accumulation as capacity declines. However, the equi-saturation strategy, while somewhat more responsive, demonstrated
limited effectiveness under severe disruptions. By contrast, the proposed DQN model effectively incorporated travelers’
behavioral feedback within the DTD-DTA framework, enabling the identification of supply—demand imbalances and the
dynamic adjustment of signal timings. This approach optimizes effective link capacities and manages inflow—outflow
relationships, thereby mitigating deviations from the baseline performance even under significant disturbances. The link-level
outcomes are consistent with the RAI indicators, substantiating that the DQN-based signal control strategy enhanced overall
network robustness and delivered a systemic improvement in network resilience.
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4.2 Anaheim network

To examine the applicability of the DQN-based strategy to a large-scale network, experiments were extended to the
Anaheim network, which typifies a large urban road system. Six-leg intersections were selected as test nodes owing to their
higher structural complexity, increased number of traffic conflict points, and the greater demands they place on signal control
coordination. In addition, these intersections typically experience heavier traffic volumes and are more susceptible to
becoming network bottlenecks during disruptions, potentially triggering cascading congestion. In the Anaheim network, three
representative six-leg hub intersections—Nodes 303, 330, and 337—were selected as the disrupted nodes for analysis. These
nodes possessed the highest degree in the network (degree = 6) and served as critical traffic hubs, demonstrating significant
merging and diverging effects. Under baseline conditions, their incoming links are characterized by relatively high capacities,
underscoring their significant role in accommodating traffic demand; the link-capacity parameters are sourced from Ref. [81].
Therefore, targeting these hub intersections for disruption provides a rigorous test environment to evaluate the robustness of
the learned DQN strategy when high-impact nodes are compromised. Notably, this subsection evaluates the effectiveness of
the developed approach under disruptions at critical hub nodes rather than represent all intersection types within the
Anaheim network. Future research will expand the analysis to encompass a broader spectrum of intersection categories and
randomly selected node sets, thereby further examining the generalizability and transferability of the proposed methodology.

Building on this framework, three levels of disruption (minor, moderate, and severe) were defined by decreasing the
capacities of the incoming links at the selected six-leg intersections by 25%, 50%, and 75%, corresponding to Scenarios S-I-
4, S-11-4, and S-11I-4, respectively. As shown in Fig. 12, under the no-disruption baseline condition, the total network TC is
approximately 1.2x10% s. Following the introduction of disruptions at the six-leg hub intersections, TC increased to
approximately 1.4x10% s, 1.7x10% s, and 2.4x108 s under minor, moderate, and severe disruptions, respectively. These results
demonstrate that system-level performance declines significantly and monotonically, with sensitivity to the severity of
disruptions. The experimental procedure is consistent with that adopted for the analysis of the Sioux Falls network.

4.2.1 Resilience analysis of six-leg intersection disturbance scenarios (S-1-4, S-11-4, and S-111-4)

As shown in Fig. 12, Scenario S-I-4 involves a 25% reduction in the capacities of the incoming links at a six-leg
intersection. Under the DQN-based strategy, the network converged to a new equilibrium on day 28, which is 2, 5, and 8 days
earlier than the values obtained under the equi-saturation, capacity-based, and fixed-time signal control strategies,
respectively. The corresponding RAI was 0.1911, representing reductions of 52.4%, 65.5%, and 51.6% compared with the
equi-saturation (0.4013), capacity-based (0.5534), and fixed-time (0.3948) strategies, respectively. With increased
disturbance intensity in Scenario S-1I-4, the recovery process was further prolonged. The DQN-based strategy enabled the
network to achieve a new equilibrium on day 31, whereas the other three strategies required 40, 44, and 42 days, respectively.
The RAI for the DQN-based strategy was 0.3812, which was 60.1% lower than that under the equi-saturation strategy
(0.9550), 71.5% lower than that under the capacity-based strategy (1.3360), and 56.7% lower than that under the fixed-time
strategy (0.8809). In the case of severe disturbance (Scenario S-11I-4), system recovery became substantially more
challenging. Under the DQN-based strategy, the network reached a new equilibrium on day 51, significantly earlier than
under the equi-saturation, capacity-based, and fixed-time strategies, which achieved equilibria on days 60, 68, and 74,
respectively. The corresponding RAI for the DQN-based strategy was 1.8660, which was 44.6%, 59.4%, and 51.7% lower
than those under the equi-saturation (3.3666), capacity-based (4.5994), and fixed-time (3.8656) strategies, respectively.

Overall, when high-degree intersections in the large-scale Anaheim network were subjected to varying levels of disruption,
the DQN-based strategy consistently achieved the smallest RAI values, reflecting its superior network resilience enhancement
capacity. These findings demonstrate that as the disturbance intensity increases, the DQN-based strategy maintains a distinct
advantage in terms of both robustness and recovery speed. This case study further highlights the generality, scalability, and
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Fig. 12. RAI performance under different intensity disturbances at six-leg intersections. (a) S-I-4: minor; (b) S-1I-4: moderate; (c) S-11I-4: severe.

4.2.2 Link TC analysis of Scenario S-111-4

To further elucidate the link-level response capabilities of various signal control strategies under severe disruptions at
critical intersections within a large and complex network, this section examines the inbound and outbound link TCs at three
disrupted six-leg intersections (Nodes 303, 330, and 337) in the Anaheim network. Under the severe disruption scenario (S-
111-4), a heat map of the average link-level TCs of the Anaheim network was generated for a representative day after network
equilibrium was achieved using the DQN-based strategy (Fig. 13(a)). For comparison, the corresponding distributions of
average link-level TCs are also plotted for the equi-saturation, capacity-based, and fixed-time signal control strategies.

As shown in Fig. 13(b), at Node 303, the link TCs under the equi-saturation, capacity-based, and fixed-time signal control
strategies were relatively similar, indicating that the conventional control methods offered limited effectiveness in managing
traffic under disruption conditions. By contrast, the DQN-based strategy significantly reduced the TCs on links connected to
the disrupted Node 303 (specifically, Nodes 28, 42, and 43), thereby effectively mitigating congestion at this intersection. At
Node 330 (Fig. 13(c)), the DQN-based strategy also demonstrated superior regulatory capability, particularly on links
associated with Nodes 31, 319, and 331, where TCs were significantly lower than those observed under the other strategies,
indicating enhanced traffic efficiency around the disrupted intersection. Similarly, at Node 337 (Fig. 13(d)), all connecting
links consistently demonstrated noticeably lower TCs under the DQN-based strategy compared with the other alternative
control methods.
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Fig. 13. Link travel cost distribution of the network under the four TSC strategies in Scenario S-111-4 (Severe: six-leg). (a) Regional heat map of
link

In summary, under severe disruption conditions, the DQN-based signal control strategy demonstrates significant
advantages by continuously learning from and interacting with the environment to dynamically optimize the signal timings.
This adaptive approach effectively reduces TCs on the links adjacent to disrupted intersections and mitigates the propagation
of local congestion. The observed reductions in the link-level TCs and congestion propagation provide a link-level explanation
for the smaller performance losses shown in the previous subsection, thereby substantiating the conclusion of enhanced system
resilience, particularly in terms of robustness.

4.3 Discussion

A comprehensive analysis of the experimental results from both the Sioux Falls and Anaheim networks revealed that the
proposed resilience-oriented DQN-based strategy consistently enhanced network resilience across varying levels of disruption
and diverse network topologies. This holds true for both the medium-scale, topologically balanced Sioux Falls network and
the large-scale, structurally complex Anaheim network. Across all tested scenarios, the DQN-based strategy outperformed
conventional control approaches, consistently achieving lower RAI values compared with the equi-saturation, capacity-based,
and fixed-time strategies. These results indicate faster recovery and greater robustness. At the link level, the DQN-based
approach yielded more substantial reductions in TCs on critical links and more effectively mitigated cost accumulation around
disrupted intersections. This superior performance is attributed to the DQN model’s capacity to learn optimal signal timings
within the DTD-DTA environment, thereby minimizing RAI while simultaneously accommodating travelers’ route and
departure-time adjustments and capturing the dynamic evolution of traffic flow. This approach effectively mitigates link
congestion and enhances system resilience in the aftermath of disturbances. By contrast, conventional strategies such as equi-
saturation, capacity-based, and fixed-time control rely on pre-defined timing schemes or demonstrate delayed responses
during severe disruptions, resulting in prolonged recovery periods and greater deviations from baseline performance. The
DQN-based signal control strategy provides a robust technical pathway for developing intelligent signal control schemes that
strengthen urban transportation resilience during unexpected events.

5. Conclusions

Resilience of transportation infrastructure is essential for the safe and efficient operation of urban systems, as disruptions
to road networks can rapidly compromise mobility, emergency response, and economic activity. However, conventional
strategies, which often depend on infrastructure redundancy or static signal timing, are limited in their ability to support
dynamic and coordinated responses.

To address this challenge, this study proposed a resilience-oriented DRL-based TSC framework that integrated a DTD-
DTA model with an RAI-based learning objective. The findings demonstrated that the proposed DQN-based signal control
strategy consistently outperformed the conventional signal control strategies across both benchmark networks. In the Sioux
Falls network, the proposed strategy delivered the highest resilience performance under the different disturbance scenarios,
with its advantages becoming increasingly significant with increased disruption intensity. This indicates that the proposed
strategy can preserve the network robustness under minor disruptions and accelerate the system recovery under more severe
conditions. In the more complex Anaheim network, the proposed method demonstrated strong scalability and adaptability,
maintaining superior resilience performance across disturbance levels and enabling faster recovery under severe disruption.
At the link level, the proposed strategy effectively mitigated the accumulation of TCs on critical bottleneck links and curtailed
the spatial propagation of localized congestion. Overall, the findings indicate that the proposed framework enhanced network
resilience by employing a dynamic and coordinated learning mechanism that regulated key links, suppressed disruption-
induced congestion propagation, and rapidly guided the system toward equilibrium.

Despite these demonstrated advantages, several limitations warrant consideration. First, the current model does not
explicitly incorporate geographic morphology, topography, or hazard-specific climate exposure, factors that can significantly
influence the spatial distribution and severity of disruptions. Future research will address this gap by integrating high-
resolution geographic information system (GIS) and meteorological data to enable more realistic and probabilistic disruption
modeling. Second, the present study assumes static OD demand and uninterrupted traffic operations following disruptions.
Future research should account for disruption-induced demand fluctuations and extend the framework to include
preparedness, real-time responses, and post-disruption recovery phases. Multiple concurrent disruption mechanisms such as
speed degradation, signal malfunction, and spillback propagation should be considered. Third, although the DTD-DTA
environment reduces reliance on extensive historical datasets, DRL training still necessitates substantial simulation
interactions. Therefore, enhancing training efficiency and enabling rapid policy updates are critical for large-scale, emergency
response applications.

This study proposed a resilience-oriented traffic signal control framework that delivered quantifiable, iterative, and
transferable decision support for emergency management across a range of disruption intensities. The framework provided
an empirically validated pathway for leveraging artificial intelligence in resilience-oriented urban traffic management. This
has significant potential value for urban transport authorities by enhancing early warning capabilities, improving event
response, and strengthening overall system resilience, thereby fortifying urban transportation networks against disaster-
related disruptions.
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