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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and/or methodology.

e  This study develops a two-layer stochastic optimization framework integrating strate-
gic fleet sizing with real-time dispatching, contributing a unified decision architecture
for multi-modal evacuation management.

e A distributional reinforcement learning algorithm with categorical value representa-
tion is introduced to model return distributions under travel time uncertainty, advanc-
ing risk-aware policy learning in stochastic transportation networks.

What are the main findings and/or the implications of the main findings?

e  The proposed framework reduces evacuation completion time by 31.5% and pas-
senger waiting time by 48.6% compared to shuttle-only operations, with only 4.0%
performance degradation under increasing travel time uncertainty.

e  Online decisions are executed in approximately 3.25 s per step, well within the 2-min
decision interval, supporting practical deployability in real-time traffic management.

Abstract

Large-scale public events generate concentrated passenger demand during egress periods,
often overwhelming urban transit systems. This paper proposes a multi-modal evacuation
framework that coordinates in-service buses temporarily diverted from existing lines and
dedicated shuttle vehicles pre-positioned at depots. The problem is formulated as a two-
layer stochastic optimization under travel time uncertainty: the upper layer determines
pre-event shuttle fleet sizing, while the lower layer makes real-time dispatching decisions
for both modes. We propose an Uncertainty-Aware Reinforcement Learning framework
with Categorical DQN (UARL-CD) that learns a robust dispatching policy through a
reward function aligned with the lower-level objective, explicitly accounting for travel
time uncertainty via distributional value representation and stochastic training, with an
action masking mechanism enforcing operational constraints. Simulation experiments
based on a realistic stadium evacuation scenario demonstrate that the proposed framework
significantly outperforms deterministic optimization and rule-based strategies, achieving a
31.6% reduction in evacuation completion time and a 48.4% reduction in average passenger
waiting time compared to shuttles alone, while maintaining robustness to travel time
uncertainty with only 4.0% performance degradation and online decisions executed within
the 2-min decision interval.
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1. Introduction

Large-scale public events, such as sports tournaments, concerts, and festivals, gener-
ate concentrated passenger demand during egress periods, often overwhelming existing
transportation infrastructure. Thousands of attendees simultaneously leaving a venue
create severe congestion at exits and surrounding road networks, while regular transit
services operating on fixed schedules and routes are ill-equipped to handle such sporadic,
high-intensity demand peaks. Dedicated shuttle fleets offer a potential solution but require
substantial capital investment and are constrained by depot capacity. Moreover, passengers
have heterogeneous destination preferences. Some need to reach nearby metro or rail hubs,
others require access to ride-hailing pickup zones or parking facilities. A single mode
cannot efficiently serve this diversity of travel needs.

In this context, a multi-modal evacuation strategy offers a superior alternative. By
coordinating regular buses diverted from existing lines and dedicated shuttle vehicles
pre-positioned at depots, the system can simultaneously serve passengers with different
destination requirements. Buses, with their large capacity and extensive route coverage,
handle the initial surge from pickup points, while shuttles provide direct, high-quality
connections to major hubs, such as metro stations and ride-hailing pickup zones, bypassing
intermediate stops and reducing overall travel time. This synergy makes more efficient use
of available resources.

However, this multi-modal coordination introduces substantial operational complex-
ity: decisions across modes are interlinked, strategic fleet sizing interacts with real-time
dispatching, and travel times are inherently uncertain. The operator must continuously
decide which bus or shuttle to dispatch, to which pickup point, for how long to dwell,
and—for shuttles—to which hub to connect, all while balancing evacuation efficiency
against regular service disruption and operating costs. The combination of multi-modal
coordination, two-layer decision making (fleet sizing and real-time dispatch), and opera-
tional uncertainty arising from travel times renders the problem highly challenging from
an optimization standpoint [1].

To address these challenges, we propose an Uncertainty-Aware Reinforcement Learn-
ing (UARL) framework that integrates a two-layer optimisation structure with a distribu-
tional reinforcement learning algorithm for real-time decision making. The upper layer
solves the pre-event fleet sizing problem using sample average approximation, evaluating
candidate shuttle counts through repeated simulations of the lower layer. The lower layer is
formulated as a Markov Decision Process and solved using a Categorical DQN (UARL-CD)
algorithm, which learns a dispatching policy that coordinates both buses and shuttles
simultaneously. The contributions of our approach are:

First, we propose a unified two-layer optimization framework that coordinates multi-
modal evacuation systems—integrating in-service buses temporarily diverted from existing
lines and dedicated shuttle vehicles pre-positioned at depots—within a single decision
hierarchy that couples pre-event strategic fleet sizing with real-time tactical dispatching.

Second, we develop a dynamic stochastic evolution model that tracks real-time vehicle
positions, passenger loads, waiting queues at pickup points and regular stations, and hub
states (metro train arrival times and ride-hailing vehicle supply rates) under uncertain
travel times. This model captures the full spectrum of multi-modal coordination, enabling
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synergistic interactions not only between buses and shuttles but also with downstream
metro and ride-hailing services.

Third, we introduce a novel UARL-CD algorithm that learns robust, real-time dispatch-
ing policies. Unlike standard value-based methods that estimate only expected Q-values,
our approach learns the full return distribution under travel time uncertainty, enabling the
agent to account for variance and tail risks.

Fourth, a constraint-aware action masking mechanism is further incorporated to
enforce operational constraints as hard constraints during both training and execution,
ensuring feasible decisions at all times.

This paper focuses on a typical yet highly challenging class of evacuation problems:
single-venue mass gatherings with a radial multi-modal feeder structure—a scenario
commonly encountered in professional football matches, large-scale concerts, and regional
sporting events. This class is characterized by concentrated demand surges, short decision
intervals, and severe multi-modal coupling. While larger multi-node urban networks and
diverse event types present additional complexities, establishing a rigorous and validated
solution for this representative class serves as an essential methodological benchmark.

The remainder of this paper is organized as follows. Section 2 reviews the related
literature. Section 3 defines the problem. Section 4 presents the system dynamics, including
vehicle movements, passenger states, hub operations, constraints, and the objective function.
Section 5 describes the UARL-CD algorithm. Section 6 reports the numerical experiments
and results. Section 7 concludes the paper and discusses directions for future work.

2. Literature Review

Vehicle scheduling in the context of mega-event evacuation has drawn increasing
scholarly interest. Teng et al. (2011) constructed a mixed-integer programming model
incorporating multiple vehicle types to reduce the fleet size required for temporary shuttle
operations [2]. Tian et al. (2023) introduced a two-phase planning framework that inte-
grates data-driven techniques with demand-responsive strategies for designing tailored
bus services in planned special events [3]. Santanam et al. (2024) developed ridership
forecasting models for public transit systems during special events and combined them
with optimized train timetables [4]. Yin et al. (2024) formulated a two-stage recoverable
robust optimization model addressing joint location-allocation and evacuation planning
under uncertainties in both supply and demand [5].

The integration of multiple transport modes in evacuation planning has also been
extensively examined. Su et al. (2024) proposed a dual-mode system that coordinates
buses with e-hailing services, incorporating a geofencing-based evacuation approach to
shorten clearance times [6]. Jiang et al. (2022) developed a macro-level optimization model
for large-scale multi-modal evacuation that coordinates pedestrian movement with metro,
bus, and taxi systems, achieving notable improvements over single-mode alternatives [7].
Zhang et al. (2019) addressed a dynamic system-optimal multi-modal traffic evacuation
problem using a mixed-integer linear programming formulation that accounts for private
vehicles, emergency buses, and rail transit, and employed a Lagrangian relaxation-based
heuristic for solution decomposition [8].

Flexible bus scheduling strategies have emerged as a promising avenue for improving
operational performance. Kliewer et al. (2006) devised a time-space network for the multi-
depot vehicle scheduling problem that enables vehicles to cover multiple routes through
coordinated bus service planning [9]. Gu et al. (2018) put forward a strategy for dynamically
assigning buses to bridging routes during metro service disruptions [10]. Li et al. (2019)
extended the mixed-fleet bus scheduling framework by incorporating refueling station
placement, simultaneously considering service delivery, passenger mobility, and emission
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objectives [11]. Liu et al. (2024) investigated the scheduling of public transport vehicles
with flexible departure times, aiming to minimize both fleet size and passenger schedule
deviations [12]. Li et al. (2024) tackled the multi-route bus fleet allocation problem using a
combination of distributionally robust optimization and reinforcement learning [13].

Uncertainty modeling plays a vital role in evacuation planning, given the prevalence
of data inaccuracies, environmental variability, and measurement errors [14]. Robust
optimization and stochastic programming have emerged as two primary methodologies
in this domain [15]. Yan and Tang (2008) proposed an integrated framework for intercity
bus routing and scheduling that accounts for stochastic travel times [16]. Shen et al. (2016)
developed a probabilistic scheduling model based on stochastic trip durations [17]. Chu
et al. (2022) designed a two-stage stochastic programming model that combines fixed-route
bus services with dial-a-ride transportation under demand uncertainty [18]. However,
obtaining reliable probability distributions can be difficult when historical records are
scarce. Fuzzy programming has been employed to address epistemic uncertainty [19], and
more recently, distributionally robust fuzzy optimization has been introduced to capture
ambiguity in possibility distributions [20]. An et al. (2026) advanced this line of research by
developing a distributionally robust optimization approach for customized bus scheduling
using parametric interval-valued fuzzy variables [21].

Solution techniques for large-scale evacuation problems have also received substantial
attention [22,23]. Variable neighborhood search (VNS) and its extensions have been applied
to vehicle scheduling problems [24,25]. More recent contributions have integrated reinforce-
ment learning into VNS frameworks to enable adaptive neighborhood selection. Qin et al.
(2021) developed a reinforcement learning-based hyper-heuristic that employs distributed
proximal policy optimization to orchestrate multiple metaheuristics dynamically [26].
Zhang et al. (2022) proposed a deep reinforcement learning-driven hyper-heuristic using
Double Deep Q-Networks for dynamic heuristic selection [22]. An et al. (2026) [21] incor-
porated the KL-UCB algorithm and sliding window mechanisms into VNS to adaptively
choose neighborhood structures, thereby improving computational efficiency. These devel-
opments underscore the promise of reinforcement learning-enhanced metaheuristics for
tackling complex scheduling problems [21].

Despite significant progress, two critical gaps remain. First, from an evacuation
scheduling perspective, strategic fleet sizing and real-time dispatching are almost always
treated as separate problems, with pre-event resource deployment optimized indepen-
dently of operational policies. Moreover, most existing studies coordinate only a subset
of transport modes without systematically incorporating the full spectrum of in-service
buses, dedicated shuttles, metro systems, and ride-hailing services, along with dynamic
hub states that critically affect passenger waiting times. Second, from a reinforcement
learning perspective, existing RL-based evacuation studies predominantly rely on standard
value-based methods that estimate only expected returns, failing to capture the variance
and tail risks inherent in stochastic travel times. To address these gaps, we propose an
UARL framework that integrates strategic fleet sizing with real-time dispatching, explicitly
accounts for travel time uncertainty through distributional value representation, coordi-
nates multiple modes with real-time hub states, and enforces operational constraints via
action masking to ensure feasible decisions at all times.

3. Problem Description

This study addresses the passenger evacuation problem from large-scale event venues
under uncertain travel times. Figure 1 presents a conceptual illustration of the multi-modal
evacuation scheme. The venue is located at the center, surrounded by three types of
facilities: pickup points (blue squares) where passengers board, regular bus stations (gray
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circles) on existing transit lines, and depots (larger gray circles) where shuttle vehicles are
pre-positioned before the event. Two transport modes are coordinated: (i) in-service buses
(green lines) are temporarily diverted from their regular bus lines (black dashed lines)
to serve pickup points, then return to their original routes after dropping off evacuees;
and (ii) dedicated shuttle vehicles (red dashed lines) travel from depots to pickup points,
transport passengers to nearby hubs (metro stations or ride-hailing zones, yellow circles),
and then return to depots for re-dispatch. Once passengers arrive at hubs, they continue
their onward journeys via metro lines or ride-hailing services.

e ———y ?
G| '
)
— | |
T
e | AR : oo
I 'I \' ~ |
[} - \ ‘!‘_ —
| \
akin e S
= ,r::=~* ------ -
& - : i
(- (- 3
1
- ! !
. ! I
SRS a— | l
o }‘
. Pickup Point Depot Hub Destination @ Regular bus station
om0 Metro line <= =P Detour of buses Regular bus line
=== Shuttle line ----" +  Shuttle dispatch Ride-hailing service radius

Figure 1. An illustration example of multi-mode evacuation scheme.

It is important to clarify the operational boundary conditions of this study. To ensure
the efficiency of the multi-modal shuttle system and to eliminate the confounding effects of
private vehicle interference, we assume that a temporary traffic restriction zone is enforced
around the venue during the egress period. All non-authorized private cars are prohibited
from entering the core area. Furthermore, the travel time parameters used throughout
this study are calibrated to reflect congested urban conditions typical of stadium egress
periods—accounting for junction delays, turning maneuvers, and reduced speeds due to
dense traffic flow within the restricted zone. This ensures that while congestion propagation
is eliminated through traffic management, the actual operating speeds remain realistic for
post-event scenarios.

The problem is formulated as a two-layer stochastic optimization. The upper layer
(pre-event) determines the number of shuttle vehicles R; to pre-position at each depot
d € D, balancing rental costs against expected operational performance. The lower layer
(real-time) makes dynamic dispatching decisions at each decision epoch ¢t € 7: which bus
or shuttle to dispatch, to which pickup point, for how long to dwell, and (for shuttles) to
which hub to connect. The lower-level objective minimizes the expected total cost over the
evacuation horizon, comprising evacuee waiting time, regular passenger disruption, dwell
time penalties, and hub waiting time.

The problem is challenging due to three factors. First, the decisions concerning buses
and shuttles are coupled, since sending a bus to a pickup point diminishes the need for shut-
tles while potentially disrupting regular service. Second, strategic fleet sizing and real-time
dispatching are coupled. Third, travel times are inherently uncertain. The combination of
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multi-modal coordination, two-layer decision making, and operational uncertainty exceeds
the capabilities of conventional deterministic optimization. The objective is to learn a dis-
patching policy that minimizes the weighted sum of all cost components while respecting
operational constraints, including vehicle capacity limits, maximum detour/round-trip
times, minimum headways, and line dispatch balance.

4. Model Formulation
4.1. Notation
Table 1 summarizes the sets, parameters, and decision variables used in the model

formulation.

Table 1. Sets, parameters, and decision variables of the model.

Symbol Description
Sets and indices
L Set of transit lines, indexed by 1
Vi Set of vehicles on line 1, indexed by v
P Set of pickup points near the venue, indexed by p
N Set of stations on line 1, indexed by n
T Set of decision time points, indexed by t
At Time step between decision points
D Set of depots, indexed by d
H Set of hubs, indexed by h
shuttle Set of shuttle vehicles
Yshuttle Set of shuttle vehicles pre-positioned at depot d
Parameters
Ap Passenger arrival rate at pickup point p (passengers/min)
Ain Passenger arrival rate at station n of line | (passengers/min)
Cio Capacity of vehicle v on line 1
Cshuttle Capacity of each shuttle vehicle (passengers)
Qmin Minimum effective capacity for bus dispatch
Tdetour Maximum allowed bus detour time
Tshuttle Maximum allowed shuttle round-trip time
Hmin Minimum headway between consecutive buses at same pickup point
wpormal Maximum allowed waiting time for regular passengers
¢ Maximum proportion of vehicles that can be dispatched from line 1
phom Normal bus operating speed (km/min)
pdetour Bus speed while traveling to pickup points
preturn Bus speed while returning to original route
pshuttle Shuttle operating speed

Ot, 04, Or, Ushuttle

Cvehri]cle
Rmax
T}};ead
train
(éq‘ide
h
&, B, 6, Hsh, Ometro, Bride

Standard deviations of travel time uncertainty for normal, detour, return and shuttle phases

Boarding rate at pickup point p
Rental cost per shuttle vehicle
Maximum number of shuttles that can be stored at depot d
Scheduled metro headway at hub h
Capacity of one metro train at hub h
Capacity per ride-hailing vehicle
Weighting coefficients in the lower-level objective function
Bus State Variables
Position of bus v on line 1 at time t
Passenger load of bus v on line 1 at time t
Status of bus v on line 1 at time t: 0 = available, 1 = pickup, 2 = dwelling, 3 = returning
Assigned pickup point for bus v on line | at time t (if any)
Accumulated detour time for bus v on line | at time t
Remaining dwell time counter for bus v
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Table 1. Cont.

Symbol Description
Shuttle State Variables
pZ},‘U (t) Position of shuttle v from depot d at time t
‘7?1},10 (1) Passenger load of shuttle v from depot d at time t
ch Status of shuttle v at time t: 0 = available, 1 = pickup, 2 = dwelling, 3 = returning to hub,
Si0(t) 4 = returning to depot
‘L';I;J (1) Assigned pickup point for shuttle v at time t (if any)
wi{‘v (t) Assigned hub destination for shuttle v at time t
rd%‘v (t) Remaining dwell time counter for shuttle v
Passenger State Variables
wp(t) Number of waiting passengers at pickup point p at time t
Wy (F) Number of waiting passengers at station n of line 1 at time t
Wp(t) Cumulative waiting time at pickup point p up to time t (passenger-minutes)
Wi, (1) Cumulative waiting time at station n of line 1 up to time t (passenger-minutes)
wierO(t) Number of waiting passengers at metro hub h at time t
w,ﬂide (1) Number of waiting passengers at ride-hailing hub h at time t
wnetro () Cumulative waiting time at metro hub h up to time t (passenger-minutes)
Wﬁide (t) Cumulative waiting time at ride-hailing hub h up to time t (passenger-minutes)
Hub State Variable
gnext(t) Time remaining until the next metro train arrives at hub h
Lirain (t) Current passenger load of the next arriving metro train at hub h
(1) Real-time ride-hailing vehicle supply rate at hub h
breto(t) Number of passengers boarding metro at hub h at time t
b;lide (1) Number of passengers picked up by ride-hailing at hub h
Ugon(t) Passengers unloaded from shuttle v at hub h at time t
Decision Variables
Xlo,pt Binary decision: dispatch bus v from line I to pickup point p at time t
twy o p ¢ Dwell time of bus v from line 1 at pickup point p at time t
Binary decision: dispatch shuttle v from depot d to pickup point p and then to hub h, and
Ydopht then return to depot d at time t
twfi},‘v, Pt Dwell time of shuttle v at pickup point p at time t
Ry Number of shuttle vehicles pre-positioned at depot d (upper-level decision)

4.2. Vehicle Position Update

The position of each vehicle is updated based on its current status and the travel time
uncertainty. However, vehicle speeds are not constant; they are influenced by real-time
pedestrian density at the pickup zones they serve. To capture this critical interaction, we
define a speed attenuation factor ¢, (t) for each pickup zone p, which reduces vehicle speed
when crowds accumulate at the curbside. Let p,(t) = w,(t)/ Ay denote the pedestrian
density (passengers per square meter) in the vicinity of pickup point p, where wy(t) is
the current queue length and A, is the effective standing area. The actual vehicle speed

is then adjusted as: 5(.) (t) = o(*) . exp(—« - pp(t)). x is a calibrated sensitivity coefficient.
This formulation captures the phenomenon that when a massive crowd surges out of
the stadium and occupies the curbside, the bus or shuttle must decelerate significantly
regardless of the open-road speed limit. Consequently, the base speeds in all position update

equations below—gynorm, pdetour gretumn a5 pshutle__are replaced by g(.) (t) conditioned
on the nearest pickup zone’s real-time pedestrian density. This coupling makes the vehicle
dynamics responsive to the very passengers they are trying to serve, reflecting realistic
physical interference during stadium egress.

The update equations for each status are follows:
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1. Normal operation (s; , () = 0):
~norm )
Pro(t+A0) = pro(t) + 37 (1) At (14-¢), & ~ N(0,07) )

this equation updates the vehicle position by adding the distance traveled during nor-
mal operation, which is the product of normal speed, time step, and a random factor
representing travel time uncertainty.
2. Enroute to pickup point (s; ,(f) = 1):

If vehicle v has been dispatched but has not yet reached the assigned pickup point:

~detour
PLo(t+A8) = pro() +3° (1) At- (1+¢), ea ~ N(0,03) @)
this equation updates the vehicle position while traveling to a pickup point, considering

detour speed and a different uncertainty factor.
If vehicle v reaches the pickup point at time t:

e  Sets;,(t+ At) = 2 (dwelling at pickup point).

e  Record the assigned dwell time tw ; , ; (from the decision variable).
e Initialize a remaining dwell time counter rd; , (f + At) = twy ;-

e  Apply the boarding process as per Section 4.3 to update g; ,,(f).

3. Dwelling at pickup point (s; ,(t) = 2):
If the vehicle is dwelling at a pickup point:
e  Update remaining dwell time: rd; ,(t + At) = max(0, rd; ,(t) — At).

e  Update vehicle position: the vehicle remains stationary p; ,(t + At) = p;,(t).

e  Check dwell completion: if rd; ,(t + At) = 0, set s, ,(t + At) = 3 (start returning to
original route).

e  Update accumulated detour time: d; , (t + At) = dj o (t) + twy p ¢

4. Returning to original route (s; ,(t) = 3).
If vehicle v is returning to its original route and has not yet rejoined:

~return >
Pro(t+At) = pio(t) + 0 (t)-At-(1+er), & ~ N<Or‘7r) @3)
this equation updates the vehicle position while returning to the original route, with return
speed and corresponding uncertainty.
If vehicle v has rejoined:

e  Sets;,(t+ At) = 0 (normal operation).
o SetT,(t+ At) = ¢.

4.3. Passenger State Update

The number of waiting passengers at each location is updated based on arrivals and
boardings. The cumulative waiting time is also updated accordingly.

Pickup point waiting passengers:

wp(t+At) =wp(t) +Ap-At— Y Y by ,(t) 4)
leAVEG

this equation calculates the number of waiting passengers at pickup point p at the next
time step, which equals the current waiting passengers plus new arrivals minus the total
number of passengers who boarded vehicles at this point.
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Line station waiting passengers:

wl,n(t + At) = wl,n(t) + Al,n <At — 2 bl,v,n(t) (5)
VEG]

similarly, this equation updates the number of waiting passengers at station n of line 1,
considering arrivals and boardings by vehicles on that line.
Cumulative waiting time:

W, (t+ At) = W,(£) + wy(t) - At ©6)

this equation accumulates the total waiting time at pickup point p by adding the product
of current waiting passengers and time step.

Wl,n(t + At) = Wl.n(t) + wl,n(t> AV (7)
similarly, this accumulates the total waiting time at station n of line L

4.4. Boarding Process

When a bus arrives at a pickup point, the number of passengers boarding is determined
by the minimum of three quantities: available waiting passengers, available vehicle capacity,
and maximum passengers that can board during the dwell time.

When bus v arrives at pickup point p:

bip(£) = min (wp(£), Cro = Q1o (t) ptp - i) ®)

this equation determines the number of passengers boarding vehicle v at pickup point
p, which is the minimum of: (1) waiting passengers at the point, (2) available capacity
on the vehicle, and (3) maximum passengers that can board given the boarding rate and
dwell time.

Update vehicle load:

q1,0 (t+) =0 (ti) + bl,v,p(t) (9)

this equation updates the vehicle load by adding the number of boarded passengers.

4.5. Vehicle Availability Constraints
Single dispatch per vehicle:

Yo xppr <1—I{su(t) €{1,2}},VIeLoeV,teT (10)
peP

this constraint ensures that at each time t, a bus can be dispatched to at most one pickup
point, and only if it is not already on a detour (status 1 or 2).

4.6. Shuttle Vehicle Dynamics

In addition to buses, depot-based shuttle vehicles are dispatched to pickup points to
transport evacuees directly to hubs (metro stations or ride-hailing points). The dynamics of
shuttles are defined below.

4.6.1. Position Update for Shuttles

Let sf},‘v (t) € {0,1,2,3,4} denote the status of shuttle v from depot d:
0 = idle at depot.

1 = en route to pickup point.

2 = dwelling /boarding at pickup point.

https://doi.org/10.3390/systems14091135
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3 = en route to hub.
4 = returning to depot.
1. Idle at depot (SZ},lv(t) =0)
Pan(t+8) = pify() (1)
2. Enroute to pickup point (532;(0 =1)
~shuttle
?i})v(t + At) = pfit,lv(t) +o (t) - At - (1 + ‘Ssh)/ €sh ~~ N<0/ Uszhutt1e> (12)

If the shuttle reaches the pickup point:
o Sets (t+At) =2

e  Record the assigned dwell time twS!

dopt
e Initialize remaining dwell time counter rd%‘v (t+At) = th%lv, e

e Apply the boarding process to update qfihv (1).
3. Dwelling at pickup point (SZ},‘U(t) =2).

e  Update remaining dwell time: rd;hv(t + At) = max (0, rdihv(t) . At)
e  Vehicle remains stationary.
e Check dwell completion: if rdSt (t + At) = 0, set s (¢ + At) = 3 (en route to hub).
4. Enroute to hub (szhv(t) =3)
The update of plsihv is identical to that in Equation (12).
If the shuttle reaches hub h:

e  Update all passengers: qz}"v(ﬁ) =0.

e Update hub waiting passengers wi"® (¢) (see Section 4.7).

o  Set sfi},‘v(t + At) = 4 (return to the idle at depot).
5. Returning to depot (s () = 4)

The shuttle travels back from the hub to its original depot. The position update is also
identical to that in Equation (12).
If the shuttle reaches depot d:

o Set SZ},lv(t + At) = 0 (idle at depot, available for re-dispatch).
e  Reset p;hv to the depot’s position.

4.6.2. Shuttle Boarding Process

The number of passengers boarding a shuttle at pickup point p is determined by the
allocation mechanism in Section 4.8. In general:

b, (£) = min (Wp(t) c@p(t), Cshuttle — gsh (1) gy, - twf},‘v,p,t) (13)
where @) (t) is the proportion of waiting passengers allocated to shuttles.

4.7. Hub Dynamics with Real-Time Operational Status

Hubs are of two types: metro stations and ride-hailing pickup zones. Their real-time
status is captured by state variables defined below. The dynamics are discretized with time
step At. At each time step, the following updates occur in sequence: (i) shuttle unloads
arrive at hubs; (ii) metro trains may arrive and board passengers; (iii) ride-hailing pickups
occur; (iv) waiting times are accumulated.

https://doi.org/10.3390/systems14091135
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4.7.1. Metro Station Dynamics

1. Shuttle unloads (arrival of new evacuees)

Before any metro boarding happens, shuttles that have reached hub h during the
interval [t,t + At) unload their passengers. The total number of passengers unloaded is
Yo Udon(t). These passengers are added to the waiting queue:

WPt (1) = e (1) 4 Y Y wy (1) (14)

deAVEG

here t~ denotes the state just after unloading but before any train arrival processing.
2. Train arrival check

If t7(t) > 0, no train arrives during this time step. The countdown decreases by At:
5t + At) = max (0, £, (t) — At) (15)

if £2*(+) = 0, a train is currently arriving. The boarding process occurs immediately.
3. Boarding process upon train arrival

When a train arrives, the number of passengers who can board is limited by both the
waiting queue and the remaining capacity on the train:

bhmetro (t) — min (wznetro (t_ ) , C;lrain o L;{rain(t)) (16)
After boarding, the train load increases and the waiting queue decreases:
L;lrain (tJr) — L;t1rain(t) + b;lnetro(t) (17)

w}r}‘letro (t+) — whmetro (f_) _ b}r;netro (t) (18)
The train then departs, and the next train arrival countdown is reset:
t;llext (t+) _ T}l:ead (19)
if multiple trains could arrive within the same time step (e.g., At larger than headway), the

above process is repeated until no more arrivals occur in this step.

4. If no train arrives (tf(t) > 0), then (¢ + At) is set as above, and wj"*"™ (1) =
whmetro (t— ) .

5. Cumulative waiting time update
Regardless of whether a train arrived, the cumulative waiting time increases by the
product of the waiting queue (after unloading and boarding) and the time step:
WP (£ At) = Wi (t) + wi®™ (1) - At (20)
4.7.2. Ride-Hailing Hub Dynamics
1.  Shuttle unloads (arrival of new evacuees)

As with metro hubs, passengers unloaded from shuttles are added to the waiting
queue.

wide () = wite(t) + Y Y ugon(t) (21)

deAvEG

2. Ride-hailing pickup process
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During the interval [t, t + At), the total ride-hailing capacity available is 7, (t) - CHide - At,
where C}% denotes the capacity per ride-hailing vehicle. In this study, we assume a
maximum of 4 passengers per ride-hailing vehicle, consistent with the common ride-
pooling practice of allowing carpooling, and the actual number of passengers picked up is
limited by both this available capacity and the current waiting queue:

bri%e (£) = min (wﬁde (£7), ru(r) - Ciide.. At) (22)
After pickup, the waiting queue decreases:
w;lide (tJr) — w;’lide (ti) _ b;;ide (t) (23)

3. Supple rate update

The supply rate r,(t) can follow an external stochastic process. This study uses a
simple mean-reverting model:

ra(E+ At) = 1y (8) + 5 (F — rp(£)) A+ 0 VAL - E(F) (24)

where ¢(t) ~ N(0,1).
4. Cumulative waiting time update.
WIS (E + A) = WEdR () +wide (1) - At (25)

4.8. Capacity Constraints
4.8.1. Bus Constraints

1. Vehicle capacity limit:
Gio(t) <Cro,..VIENvEG,tET (26)

this constraint ensures that the passenger load on each vehicle never exceeds its capacity.
Minimum effective capacity for dispatch:

Xopt =1= Cro—q10(t) > Quin,-..Vl€ LveV,peP,teT (27)

this constraint ensures that if a vehicle is dispatched (xy p+ = 1), it must have at least Qpi
available capacity to be effective for evacuation. When xy;, , + = 0, the constraint is trivially
satisfied and imposes no requirement on the vehicle’s remaining capacity.

2. Time Constraints
Maximum detour time:

dp,(t) < Teetour (28)

where Tdetour jg the maximum allowed detour time.

The accumulated detour time d; ,(f) consists of current accumulated time from previ-
ous detours and expected additional time if the vehicle is dispatched at time t. To account
for travel time uncertainty, we use a chance constraint. Assuming normally distributed

travel times with means y and variances 02, this can be converted to:

dl,v(t) + (Atl,v,p + Atﬁs;;m) "Xt + Z1—y "/ 0'5 + O-rz "Xt < T%gtxour (29)

where At} , and Atfevt‘;m are the expected travel time to pickup point and return time, z; _,,
is the (1 — 7)-quantile of the standard normal distribution.

3. Operational Constraints
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Minimum headway:
dep dep
o 3P| = iy VL€ Lo A €VpeP (30)

this constraint ensures that the departure times of consecutive vehicles at each pickup point
are separated by at least the minimum headway Hpin.
Maximum waiting time for regular passengers:

wyu(t) 1
A =V

NlelneN,teT (31)

this constraint ensures that the estimated waiting time for regular passengers (waiting
passengers divided by arrival rate) does not exceed the maximum allowed waiting time.
Line dispatch balance:

Z Y Y xops < giclail. VIEL (32)

teTveV pell

this constraint ensures that on average, no more than ¢, proportion of buses from line 1 are
dispatched, preventing over-exploitation of any single line.

4.8.2. Shuttle Constraints
1. Shuttle capacity limit

q;l;lv(t) S CShuttle, vd c A,U c VshUttle,t cT (33)

this constraint ensures that the passenger load on any shuttle vehicle never exceeds its
physical capacity Cshuttle,

2.  Maximum round-trip time (chance constraint)

p(T;f;pa,g* < T;{g;:ﬂe) >1—1,Yd,0,p,h (34)

where TShu a;t is the actual random round-trip time from depot d to pickup point p and to
hub h, and then return to depot. This chance constraint requires that the round-trip time
does not exceed the maximum allowed T$h4t¢ with probability at least 1 — . To make
it computationally tractable, we assume travel times are normally distributed with mean

( o.shuttle) 2

y;hp , and variance . The constraint is then reformulate as:

Vill,ip,h + 21, shuttle < T&l}t}l{ttle (35)

where z;_. is the (1 — )-quantile of the standard normal distribution. This ensures robust
dispatching under travel time uncertainty.

3. Depot availability constraint
Y Hsh(=0}= ¥ ¥ vaoppu¥deDET (36)
peVshuttle peP heH

the left-hand side counts the number of shuttle vehicles currently idle at depot d. The
right-hand side sums over all dispatch decision 4, 1+ that would sent shuttles from depot
d at time t.
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4.8.3. Pre-Event Upper-Level Constraints

These constraints govern the strategic (pre-event) decision of how many shuttle vehi-
cles to position at each depot. They are defined before the real-time operation and remain
fixed throughout the evacuation.

1. Total budget constraint

2 R; < Rmax (37)
deD
where R; is the number of shuttles pre-positioned at depot d, and R™®* the maximum
number of shuttles that can be stored at depot d.

2. Maximum shuttles per depot
0<R; <Ry™VdeD (38)

4.9. Passenger Demand Allocation Mechanism at Pickup Points

In the multi-modal system, evacuees waiting at a pickup point p are served by
whichever vehicle (bus or shuttle) arrives first with available capacity. To enable the
optimization to balance the two modes, we introduce a dynamic allocation variable @ (t)
that represents the target proportion of waiting passengers intended for shuttle vehicles.

Let @,(t) € [0, 1] be the proportion of waiting passengers at pickup point p that are
expected to board shuttles during the next decision interval. It is derived from the relative
service pressure:

—r— - RemShuttle(t)
@p(t) = T (39)
—— -RemBus(t) + —mx— - RemShuttle(t)
T, (t T, ()

—b . . iy . .
where TpuS (t) is estimated average waiting time for a bus to arrive at p based on current

o . C . . —shuttl
positions and travel time distributions, T; e

to arrive at p, RemBus(t) is total remaining capacity of buses already dispatched to p

(t) is estimated waiting time for a shuttle

plus those that can be dispatched within the next window, RemShuttle(t) is analogous
for shuttles.

This formulation allocates more passengers to the mode that provides faster service,
weighted by available capacity. When a shuttle arrives at p, the actual number of boarding
passengers is:

b, () = min (1w, (8) - @, (1), e — geh (8), oy - pecsh, ) (40)
When a bus arrives at p, the boarding number is:
bs}zlzs,p(t) = min (wp(t) : (1 - (Dp(t))r Cl,v - ’ﬂ,v(t)/ Hp - twl,v,p,t) (41)

the remaining waiting passengers after boarding update wy, (t + At) as in Section 4.3, but
with the boarding terms replaced by the sum of b*" and bPvs.

4.10. Objective Function

Minimize the expected total cost considering travel time uncertainty:
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Upper-level objective (pre-event):

mian {dZD CvehideRd + E; Ulower (Rd )] }
€

Subject to : (42)
E. [Tevac(Rd)] =~ Tmax

where Jiower (Ry) is the minimal expected lower-level cost given the pre-positioned shuttle
fleet, Tevac(Ry) is the expected evacuation completion time for fleet configuration R, and
Tinax is the maximum acceptable evacuation time stipulated by the emergency management
plan. This constraint reflects the practical requirement that service level takes precedence
over cost minimization in emergency operations.

The real-time (lower-level) objective is to minimize the expected total cost over the
evacuation horizon T, considering travel time uncertainty, operational penalties, and hub
congestion. The objective function is defined as:

xy WP(T) =+ ,B Y X Wl,n(T) +5Yy Y L X Xlopt - ﬂk(l,v,p,t)

i E peP leLneN, leLveV, pePteT (43)
min :
¢ +775h Z Z Z E Yaopnt: ﬁSh + Gmetro Z W}rln EtrO(T) + 9ride Z Wﬁlde(T)
P k(d,v,p,t) )
deD ve V;huttle pEP teT he Hmetro he Hride

the lower-level objective function consists of six componentsl, evacuee waiting at pickup
points, regular passenger waiting, penalty for bus dwell times, penalty for shuttle dwell
times, waiting at metro hubs and waiting at ride-hailing hubs.

All cumulative waiting time terms (W, (T), Wy, (T), W€ (T), Wiide (T)) are updated
according to the dynamics in Sections 4.3, 4.7.1 and 4.7.2. The expectation E; is taken over
the random travel time disturbances.

These objective components form a well-balanced reward signal that guides the agent
to make real-time dispatching decisions under uncertainty, trading off evacuation speed
and regular service disruption. Firstly, the waiting time terms (&, B, Ometro, Oride) directly
capture the primary goal of minimizing passenger delay. They provide immediate per-step
feedback, enabling the agent to learn policies that reduce queue accumulation. Secondly,
the dwell time penalties (J, #7¢) address the temporal opportunity cost: prolonged boarding
delays vehicle return, reducing future service frequency. Without this penalty, the agent
might adopt a myopic strategy that clears the current queue with an excessively long stop
while harming overall throughput. Hence, these terms act as a regulariser that aligns
short-term actions with long-term system efficiency.

5. Uncertainty-Aware Reinforcement Learning with Categorical DQN

We formulate the dynamic bus dispatching problem as a Markov Decision Process
under travel time uncertainty. The proposed UARL-CD algorithm learns a policy that
jointly controls both bus and shuttle dispatches while explicitly modeling the distribution
of returns to account for environmental stochasticity. The agent observes the full system
state at discrete epochs t € 7 and selects action for all available vehicle. After executing
the actions, the environment transitions to a new state and returns a reward signal aligned
with the lower-level objective.

The proposed UARL-CD adopts a centralized-training-decentralized-execution archi-
tecture. During training, a single global Q-network is updated using system-wide rewards
and state information, capturing inter-vehicle coordination through shared observations.
During execution, each vehicle’s action is selected independently from this unified network
based on the current global state, enabling real-time decisions without the non-stationarity
and credit assignment challenges of multi-agent formulations.
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5.1. State Representation

The state s; at time t must capture all information required for making coordinated
dispatching decisions. It is defined as:

s = {P;, Q, S, P, Q" S Wi, Dy, Ay, My, 1, Hi )
where P; is the position of all buses {p;,(t)},,, Q; is passenger loads of all buses
{@10(t)}y,,» St is bus statuses {s;,(t)},,, (0 = available, 1 = en route to pickup, 2 =
dwelling, 3 = returning), P{" is the position of all shuttle vehicles {pfihv(t) }Vd , QM is the
’ 0

passenger loads of all shuttles {qzhv(t) }W , ${M is the statuses of all shuttles {szhv(t) }W ,
4 " 4 "

W, is waiting passengers at pickup points {w,(t) }p op and at regular stations {wy, (t) }y; .,

D; is accumulated detour times {d 1 () }w o At is the resent travel time uncertainty realiza-

tions (moving averages over the past k time steps), M; is recent boarding rates {1, (t) }p cp

at each pickup point p, calculated as moving averages of actual boarding per minute. ®;

is dynamic passenger allocation proportions at pickup points { ¢, ()} H; is real time

peP’
hub status, containing for each hub h € H:

Hy = {0 (1), 1948), L (1), wfe(r), ny (1)}

where w™°'™(t) and w'l4¢(t) are waiting queues at metro and ride-hailing hubs, 1)
is the time until the next metro train, L{™"(t) is the current train load, and r,(t) the
ride-hailing vehicle supple rate.

5.2. Action Space with Discrete Dwell Time

The agent must select actions for all available buses and all idle shuttles simultane-
ously. For computational tractability, dwell times are discretized into K levels (e.g., 2, 4, 6
min). Each level k corresponds to a predetermined dwell time ¢ via a mapping function
f ck— 19k .

1. Bus Action Space

For each bus v on line 1 with status sl,v(t) = 0, the action is:
apss € APt = {0y u{(pk): pe P, ke{l,...K}}

where 0 denotes no dispatch (continue normal operation), (p, k) denotes dispatch the bus
to pickup point p with dwell time level k.
2. Shuttle Action Space

For each idle shuttle v at depot d (status sfihv(t) = 0), the action is:
ag, € AP ={0yu{(phk): peP he M ke {l,...K}}

where 0 leaves the shuttle idle, and (p, h, k) dispatches the shuttle to pickup point p, dwells
for ¢, minutes, then proceeds to hub h (metro or ride-hailing). The shuttle’s return to depot
after unloading is automatic.

3. Joint Action

The joint action at time t is the concatenation of all individual vehicle actions:

bus sh
o= | {0 At
l: Lo Vl,v:s1 5 (t)=0 o Vd,v:sf},‘v(t)zo
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The total number of possible joint actions is:

[I @Q+|P|xK)x [T @Q+IP|x|H|xK)
(Lv:s 5 (£)=0) (d,z;:s;*,‘v(t):())

which is extremely large. The categorical DQN handles this by outputting independent
Q-value distributions for each vehicle-action pair.

Although actions are selected independently per vehicle, coordination is maintained
through three mechanisms. First, all selections condition on the shared global state, align-
ing decisions toward globally optimal allocation. Second, the shared reward signal trains
the network to maximize system-wide efficiency rather than individual vehicle perfor-
mance. Third, the action masking mechanism (detailed in Section 5.3) enforces operational
constraints locally, including headway and dispatch balance limits, ensuring that inde-
pendently chosen actions collectively constitute a feasible joint action. Thus, independent
selection is a computationally efficient implementation of a coordinated policy, not a
relaxation of the coordination problem.

5.3. Constraint-Aware Action Masking

To avoid sampling infeasible actions, we apply action masking during both training
and execution. For each vehicle, invalid actions are disabled (masked) according to the
following rules.

1. Bus Action Masking
A bus action (p, k) is masked if any of the following holds:

e  Vehicle not available: s; ,(t) # 0.

e Insufficient capacity: (p, k) is masked if C; , — q;,(t) < Qmin-

e  Detour time limit would be exceeded: (p, k) is masked if d; , (t) + Tl,w + ) > Tdetour,
where Tj, , is the estimated round-trip travel time to point p and back using mean
travel times.

e Line dispatch balance exceeded: Actions from line 1 are masked if the current dispatch

ratio exceeds ¢;.
2. Shuttle Action Masking
A shuttle action (p, h, k) is masked if:

e Shuttle not idle: s3 (t) # 0.
e  Round-trip time limit would be exceeded: pt;hp , +z1_qoshuttle g, > Tshuttle,

max
e Noidle shuttles at depot: The left-hand side of the depot availability constraint is zero,
but the action would require a shuttle; this is already covered by the idle check.
e Hub queue exceeds soft limit: if the target hub’s current waiting queue w"*"™(t) or
wﬁde (t) is above a predefined threshold, the action can be masked to avoid worsening
congestion.

Masked actions are excluded from the agent’s action selection, ensuring policy compli-
ance with operational constraints.
5.4. Reward Function

The reward r; received after executing joint action a4; and transitioning to s;;1 is
designed to match the lower-level objective as closely as possible, but expressed as an
incremental signal:
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a )l AW(T)+BL ¥ AW,(T)+6 X %
= — pepP leLneN bus dispatches .
+1sh )3 ﬁih + Ometro L AW;lnetrO (T) 4 Oride L AWﬁlde ( T)
shuttle dispatches he Hmetro he Hride

where AW, (t) = Wy(t) — Wy(t — 1) is the increment in cumulative waiting time at pickup
point p during the last At minutes (similarly for AW, ,(t), AW (¢), AWHde(t)). The
sums over dispatches count the number of buses and shuttles that were actually dispatched
in action a;. All weight «, B, 9, #sh, Ometro, Oride are non-negative and chosen to reflect the
relative importance of each cost component.

This reward function provides immediate, per-step feedback that aligns with the
long-term objective. The dwell penalties act as regularizers, preventing the agent from
adopting myopic strategies that clear queues via excessively long stops at the expense of
future service frequency.

5.5. A Hybrid Algorithm for Multi-Modal Evacuation
5.5.1. Algorithm Framework

This paper solves the two-layer problem using a hybrid approach. Upper layer (pre-
event) optimizes the number of shuttle vehicles R; to pre-position at each depot, balancing
fixed investment cost against expected evacuation performance. Then, given a fixed Ry,
lower layer (real-time) with the UARL-CD agent learns a dispatching policy for buses and
shuttles under travel time uncertainty.

The overall algorithm is shown as Algorithm 1, which consists of an outer loop over
candidate upper-level decisions, and an inner loop that trains the UARL-CD agent and
evaluates the expected lower-level cost Jiyyper (Ry)-

In this work, we optimize the upper level using sample average approximation (SAA)
with a small set of candidate fleet configurations (e.g., grid search over a bounded integer
space). For each candidate R = (R;), we run M independent training-evaluation cycles of
the lower-level UARL-CD algorithm and average the resulting total costs. The configuration
with the lowest total cost (upper-level vehicle cost plus average lower-level cost) is selected.

Algorithm 1: Two-Layer UARL-CD for Multi-Modal Evacuation

Input: Environment env, atom size G, value range [Vinin, Vimax|, replay buffer capacity
|D|, dwell time levels 9, exploration rate ¢, discount factor vy, target update interval C,
number of lower-level episodes |, number of upper-level samples M, candidate fleet set
Rcand (e.g., all integer combinations of R; satisfying budget and max constraints).
Output: Optimal pre-vent fleet R* and learned lower-level policy 7*

1. Upper-level optimization (pre-event):

For each candidate fleet configuration R € R 4ng:
Set total_upper_cost = y_; cvehicleR
Form =1 to M:
Train a lower-level UARL-CD agent (steps 2—4 below) with fixed R, obtaining
an estimate of the expected lower-level cost ]AI(OHQ or(R).
Compute average lower-level cost flower(R) = 4Xu ]Al(:x or(R)-
Store total cost Cyya1 (R) = total_upper_cost + Jjgwer (R)-
Select R* = arg mingcr,_ , Crotal (R)
2. Lower-level training (real-time policy learning) with optimal R*:

Initialize online network Qg with categorical output for each bus-action and
shuttle-action pair.Initialize target network Qy- < Qp.
Initialize replay buffer D = .
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Algorithm 1: Cont.

For episode =1to J:
Reset environment to initial state sg.
Fort=1toT:

a. Observe state s;.
b. For each available bus (I, v) and each idle shuttle (d, v), compute valid action
sets AY2lid(1,9) and AVl (d, v) using constraints in Section 4.
c. Select joint action ay:
With probability e: randomly select a; from valid actions.
G
Otherwise: for each vehicle, select 2 = arg max Y zi-pi(se,a’;0).
a'e Avalidi—1
d. Execute 4; in environment (simulate one step: movement, boarding, hub
events).
Observe reward r; and next state sy, 1.
e. Store transition (s, a¢, #1, s¢41) in D.
f. Sample mini-batch B from D.
For each (s, a, 1, ') in B:
Compute target distributions using target network (greedy actions in s’
with masking, Tz, = clip(r + 7z;), then L2 projection to atoms)
Compute KL loss: cross-entropy between target and predicted
distributions
Update 6 via gradient descent on loss via Adam.
Every C steps: 07« 6.
End for.
After training, evaluate the learned policy on M.y, independent test episodes
(with new random seeds) to obtain Jigyer(R*).

3. Return R* and the trained lower-level policy 7t* derived from Qy (greedy action
selection with masking)

5.5.2. UARL-CN Algorithm for Lower-Level

We adapt the categorical DQN [27] algorithm for lower-level to handle the multi-
discrete action space with action masking. Instead of estimating the expected Q-value,
the network outputs a categorical distribution over a fixed set of atoms for each vehicle—
action pair.

1. Distributional Value Representation

Let {Zl}f}:1 be a set of atoms equally spaced between Vi,in and Vimax. For each indi-
vidual vehicle-action pair (I, v, a) for buses or (d, v, a) for shuttles, the network outputs a
probability vector p(st,a) = [p1,..., pc] such that }; p; = 1. The Q-value is approximated

as the expectation:
G

Q(st,a) ~ Zzi - pi(st,a).

i=1
because actions are selected independently per vehicle (but the joint action is executed
simultaneously), the algorithm uses independent action selection for computational feasi-
bility: for each available vehicle, the agent chooses the action that maximizes the expected
Q-value among the valid actions, given the current state.

2. Training Procedure
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The training uses a replay buffer D and target network with parameters 0~. At each
update, a mini-batch of transition (s,a,r,s") is sampled. For each transition, the target
distribution is computed as follow. Firstly, for each vehicle, compute the greedy action in
the next state s’ using valid actions only:

G
o =arg max )z pi(s,a;07)
a' € Ayaria (s )i:l

Secondly, obtain the target distribution for atom z;:
sz = CliP (r +7- Zj, Vinin, Vmax)

where 7 is the discount factor.
Then, project the T;; onto the original atom grid using as L2 projection as in the stan-

dard categorical DQN. This yields a target probability vector f) for each vehicle-action pair.
The loss is the Kullback-Leibler divergence between the predicted distribution

p(s,a;0) and the target distribution I/;:

L£(0) = )y Dxv.(pllp(s,a;0) ).

vehicle—action pairs in a

the network parameter 6 are updated via gradient decent using the Adam optimizer. The
target network 6~ is updated every C steps.
The pseudocode of the two-layer UARL-CD algorithm is shown below.

6. Numerical Experiments

To validate the effectiveness and robustness of the proposed UARL-CD algorithm for
real-time multi-modal evacuation in large-scale event evacuations, we conduct a series of
simulation-based experiments under stochastic travel time conditions.

6.1. Experimental Setup
6.1.1. Network and Parameter Settings

All simulation parameters are calibrated based on a field investigation of the Dalian
Suoyuwan Football Stadium. The evacuation scenario is modeled after a major stadium
event with 20,000 attendees, of which 80% are assumed to use the multi-modal evacuation
system. The total attendance of 20,000 passengers represents a mid-sized mass gathering
event, which is a common scale for professional football matches and large-scale concerts.
Consistent with observed egress behavior at similar events, approximately 80% of these
attendees are assumed to utilize the multi-modal evacuation system, with the remaining
20% departing via private vehicles, walking, or other unmodeled modes. The simulation
operates with a decision time step At = 2 min and a maximum of T = 60 decision steps
during which the RL agent actively makes dispatch decisions. The simulation terminates
only when all passengers have been evacuated from the system, with the evacuation
completion time recorded as the moment when the last passenger get on a vehicle. This
design ensures that the actual clearance time is measured for all strategies, providing a fair
and complete comparison.

The evacuation scenario includes |P| = 4 designated pickup zones within a 500 m
radius of the venue, || = 4 hubs (two metro stations and two ride-hailing pickup zone),
and a regular transit network consisting of 25 bus lines operating within a 3 km radius,
each with 8-10 buses and headways ranging from 4 to 6 min. Each line serves on average
15 regular stations, where passenger arrival rates A; , follow a uniform distribution with
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mean 5-10 passengers/minute during the peak egress period. The three depots are located
2 km and 3 km from the venue, respectively, each with a maximun storage capacity of
20 shuttle vehicles, with a per-vehicle rental cost of 1000 RMB.

Travel time and speed parameters, including bus speeds and shuttle speed are set
based on the actual road network characteristics surrounding the stadium and measured
transit operating speeds during event egress periods, with the detour speed slightly reduced
to account for turning and merging maneuvers.

Metro and ride-hailing parameters, including metro headway (4 min), and ride-hailing
supply dynamics, are calibrated based on the actual public transportation infrastructure
serving the venue and surrounding urban areas.

The weighting coefficients in the lower-level objective are set based on operational
priorities in evacuation management: passenger waiting time at pickup points receives the
highest weight (¢« = 1.0) as the primary evacuation goal, while hub congestion weights
(Ometro = Brige = 0.8) are slightly lower since passengers at hubs have already completed
the primary pickup phase and typically have better waiting conditions; regular service
disruption (B = 0.5) is assigned the lowest weight because emergency evacuation takes
precedence over normal transit operations, though still accounted for; and shuttle operation
(7s, = 1.0) is weighted equally to a to discourage excessively long dwell times that reduce
shuttle throughput and delay vehicle returns.

Key model parameters are summarized in Table 2, while the algorithm hyperparame-
ters of UARL-CD are listed in Table 3.

Table 2. Parameter settings.

Parameter Symbol Value
Bus capacity Ciov 70 passengers
Shuttle capacity Cshuttle 50 passengers
Minimum effective capacity for bus dispatch Omin 30 passengers
Maximum bus detour time Tdetour 30 min
Minimum headway between buses at same pickup point Hmin 5 min
Max waiting time for regular passengers wpormal 15 min
Max dispatch proportion per line 0.4
Bus speed (km/min) phorm gydetour g,shuttle 0.5,0.4,0.5
Shuttle speed (km/min) pshuttle 0.5
Metro headway T,ﬁlead 4 min
Passenger arrival rate at pickup point p Ap 80-120 passengers/min
Regular station arrival rate Al 5-15 passengers/min
Boarding rate Hp 20 passengers/min
Travel time uncertainty std 0t, 04, Or, Oghuttle 0.15,0.15, 0.15,0.15
Confidence level for chance constraints 1—1v 0.95

Weighting coefficients

«, ,8/ J, Nsh, Ometro, Qride

1.0,0.5,1.0,1.0,0.8, 0.8

Table 3. UARL-CD Algorithm Hyperparameters.

Hyperparameter Value
Learning rate 5x 1074
Discount factor 0.99
Number of atoms 51
Training episodes 1500
Mini-Batch size 128
Hidden layer sizes [256, 256] with ReLU
Value range [Vinin, Vimax| [—200, 50]
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6.1.2. Simulation Environment

The environment is implemented in Python 3.10 using a discrete-time, event-driven
simulator. At each time step At = 2 min: (i) all vehicle positions are updated using the
stochastic equations in Sections 4.2 and 4.6; (ii) arrivals at pickup points trigger boarding
according to the allocation mechanism (Section 4.9); (iii) arrivals at hubs trigger metro board-
ing (if a train is present) or ride-hailing pickups (based on real-time supply; (iv) cumulative
waiting time variables are incremented; and (v) the reward r; is computed as per Section 5.4.
Random seeds are fixed for reproducibility across different strategies.

In the simulation environment, the ride-hailing supply rate r;(t) evolves according to
the stochastic mean-reverting process defined in Equation (24). At each time step, a random
perturbation ¢(t) ~ N(0,1) is sampled to generate different supply trajectories across
episodes. This exposes the agent to a wide range of supply conditions during training,
enabling it to learn policies that are robust to fluctuations in ride-hailing availability. The
current supply rate r;,(t) is included in the state representation Hy, allowing the agent to
condition its dispatching decisions on real-time supply conditions.

6.2. Results and Analysis

To validate the effectiveness and efficiency of the proposed UARL-CD framework, we
conduct comprehensive simulation experiments under the stochastic environment defined
in Section 6.1. The performance of our approach is compared against four alternative
strategies: (1) Shuttle-only UARL-CD, a variant of our algorithm that uses the same RL
framework and training procedure but with all bus dispatch actions disabled. This strategy
serves as an ablation component that isolates the marginal contribution of integrating
in-service buses into the evacuation system—a standard practice in ablation studies to
demonstrate the necessity of each system component. (2) a Deterministic Optimization
(DO) model solved as a Mixed-Integer Linear Programming (MILP) problem using ex-
pected travel times. This strategy is included as a legitimate optimization-based approach
that practitioners would consider as a benchmark, demonstrating that even with perfect
information about expected travel times, deterministic planning falls short under stochastic
conditions. (3) a Fixed-Interval Dispatch (FID) rule-based policy that dispatches both buses
and shuttles at fixed 8-min intervals. FID represents a simple yet practically implementable
rule-based strategy commonly used in real-world contingency planning for its ease of
execution and low communication overhead, providing a lower-bound performance ref-
erence for adaptive decision-making. (4) a Standard DQN variant that shares the same
state representation and stochastic training environment as UARL-CD, differing only in its
value representation (expected Q-values rather than a categorical distribution), to isolate
the contribution of distributional value representation to robustness. Each algorithm is
evaluated over 10 independent simulation runs with different stochastic realizations of
travel times and passenger arrivals.

6.2.1. Upper-Level Fleet Optimization Results

The upper-level optimization determines the number of shuttle vehicles to pre-position
at each depot before the event, balancing rental costs against expected operational per-
formance. Figure 2 illustrates the total expected cost as a function of the total number of
shuttle vehicles, evaluated at discrete candidate fleet sizes of 30, 35, 40, 45, 50, 55, and 60
(the maximum physical capacity across three depots). For each candidate total, the fleet is
distributed as evenly as possible among the three depots to balance spatial coverage and
reduce deadhead travel time.
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Figure 2. Upper-level cost comparison across candidate fleet sizes.

As shown in Figure 2, the total cost increases monotonically with fleet size, as the
rental cost of additional shuttles consistently outweighs the marginal operational savings.
From a purely cost-minimization perspective, the smallest fleet (30 shuttles) would appear
optimal. However, the evacuation completion time exhibits a decreasing trend as more
shuttles become available, reflecting improved service capacity. The upper-level objective
defined in Equation (42) explicitly incorporates a hard constraint on evacuation completion
time to reflect the practical priority of service level in emergency management.

As indicated by the dashed curve in Figure 2, fleet sizes below 50 shuttles result in
evacuation completion times exceeding the acceptable threshold, failing to satisfy this hard
service-level requirement. At 50 shuttles, the evacuation time is reduced to 106.2 min.
For fleet sizes above 50, the marginal reduction in lower-level cost diminishes to neg-
ligible levels, while rental costs continue to accrue without commensurate operational
benefit. Therefore, the 50-shuttle configuration thus represents the minimum fleet size
that guarantees the required service level, making it the most pragmatic choice for real-
world deployment.

To validate the reasonableness of the near-equal distribution (17, 17, 16) obtained
from the upper-level grid search, we conduct a sensitivity analysis comparing this optimal
configuration against several deliberately unbalanced allocations, all with a total fleet size
of 50 shuttles. As shown in Table 4, the uniform configuration consistently outperforms all
unbalanced alternatives across multiple performance metrics.

Table 4. Sensitivity analysis of depot allocation strategies.

Allocation Total Objective (x10%)  Evacuation Completion Time (min)
(17,17, 16) 212.8 106.8
(25,15, 10) 218.6 112.4
(30,10, 10) 2225 118.7
(10, 25, 15) 217.9 112.1
(15,10, 25) 219.3 113.5

The unbalanced configurations, such as (25, 15, 10), (30, 10, 10), (10, 25, 15), and (15, 10,
25), exhibit total cost increases ranging from 2.3% to 4.6% compared to the uniform solution.
This cost penalty stems primarily from two sources: (i) increased deadhead travel distances,
as shuttles from overloaded depots must traverse longer distances to serve pickup zones on
the opposite side of the venue; and (ii) imbalanced depot utilization, where certain depots
become bottlenecks due to excessive dispatch requests while others remain underutilized.
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The performance gap widens as the allocation becomes more skewed, confirming that
uniformity is indeed the optimal strategy under our scenario.

It should be emphasized that this result is contingent upon the relatively symmetric
spatial distribution and capacity of the three depots around the venue in our scenario, which
were selected to provide balanced coverage of the surrounding road network. Under such
conditions, a balanced allocation naturally minimizes the maximum travel distance from
any depot to any pickup zone, thereby reducing overall deadhead mileage and ensuring
equitable workload distribution across depots. If the depots were highly asymmetric in
their locations or service conditions, the optimal allocation would likely deviate from
uniformity. Thus, the optimal upper-level solution is R} = 17, R} = 17, R; = 16, totalling
50 shuttles, which is adopted for all subsequent lower-level experiments.

6.2.2. Lower-Level Real-Time Performance Comparison

Table 5 reports the key performance metrics for the proposed two-layer UARL-CD
and the three comparison strategies. The shuttle-only UARL-CD serves as a comparison
strategy: if shuttles alone could achieve near-optimal performance, the complexity of
coordinating bus detours would be unnecessary. The FID strategy, which uses both modes
but with fixed rules, reveals the value of intelligent, adaptive coordination over simply
having access to both vehicle types. The standard DQN, which employs the same state
representation, action space, and neural network architecture as UARL-CD, but estimates
only the expected Q-value rather than the full return distribution. This baseline is included
to isolate and quantify the specific contribution of the distributional value representation
in our framework.

Table 5. Average performance comparison across methods.

Evacuation Completion Time Avg. Passenger Waiting Time

Algorithm Total Objective (x10%) . .
(min) (min)
Shuttle-only 213.1 £4.38 155.8 5.2 14.6 0.8
DO 166.4 + 3.1 126.1 4.1 99+ 0.6
FID 178.8 + 3.6 133.4 + 4.5 11.6 = 0.7
Standard DQN 168.3 +2.9 118.5+ 3.8 93+£05
UARL-CD 163.3 £ 2.6 106.8 + 3.2 75+04

Note: The total lower-level objective (a weighted sum of multiple cost components as defined in
Section 4.10) is the quantity actually optimized by the RL agent, while the evacuation completion
time and average passenger waiting time are reported as intuitive physical metrics to facilitate
interpretation.

The proposed two-layer framework significantly outperforms all comparison meth-
ods. Compared to the shuttle-only UARL-CD, it reduces evacuation completion time by
31.5% and average passenger waiting time by 48.6%. The shuttle-only UARL-CD, de-
spite using the same RL framework and the same 50-vehicle fleet, performs significantly
worse than the full two-layer model. Shuttles must travel from depots to pickup points,
then to hubs, and return to depots before being re-dispatched, which severely limits their
effective throughput.

Compared to the FID strategy, which also uses both buses and shuttles but with fixed
rules-our method reduces evacuation time by 19.9% and waiting time by 35.3%. This gap
highlights the critical value of adaptive coordination: simply having access to both modes
is insufficient; the ability to dynamically decide which vehicle goes where and for how
long is what drives performance gains.

Compared to the DO model, which optimizes both modes using expected values,
our UARL-CD achieves 15.3% lower evacuation time and 24.3% lower passenger waiting
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time. The performance gap stems from the DO model’s inability to adapt to stochastic
real-time events; its decisions, made with deterministic travel time estimates, often become
suboptimal when actual travel times deviate from expectations.

UARL-CD outperforms Standard DQN by 3.0% in total objective, reducing evacuation
completion time from 118.5 to 106.8 min (9.9%). This performance gap directly quantifies
the benefit of learning the full return distribution under travel time uncertainty. Standard
DQN, which effectively optimizes for the mean performance, fails to account for the
variance and tail risks inherent in stochastic travel times, leading to policies that are less
robust when actual conditions deviate from expectations. In contrast, the distributional
representation in UARL-CD enables the agent to capture the trade-off between mean and
variance, resulting in more reliable and efficient dispatching decisions.

Furthermore, the relatively small standard deviations observed for UARL-CD across
all metrics (e.g., evacuation completion time: +3.2 min; total objective: +2.6 x 103) indicate
that the learned policy produces stable and reliable performance regardless of the specific
stochastic realizations of travel times. In contrast, the shuttle-only and FID baselines exhibit
larger standard deviations, reflecting their higher sensitivity to random variations in the
environment. This consistency analysis confirms that the superior performance of UARL-
CD is not only statistically significant but also consistently achievable across different
random conditions.

6.2.3. Sensitivity to Travel Time Uncertainty

To assess the robustness of the proposed framework under varying levels of travel
time variability, we conduct a sensitivity analysis by varying the standard deviation of
travel time uncertainty o from 0.10 to 0.25. Note that o is not an optimized parameter but
a preset environmental attribute representing the level of travel time stochasticity in the
simulation. The sensitivity analysis is designed to evaluate how performance degrades as
environmental uncertainty intensifies. Table 6 reports the total lower-level objective values
for the proposed UARL-CD and the four alternative strategies under different o levels.

Table 6. Total objective under different travel time uncertainty levels.

Algorithm o =0.10 o=0.15 o =0.20 o=0.25
Shuttle-only 208.2 £ 45 2131+ 438 2215+£5.2 2322 +5.8
DO 1622 £29 166.4 £ 3.1 1719 £ 3.6 179.0 £ 4.2
FID 1749 £ 3.4 178.8 £ 3.6 187.0 £ 4.1 196.5 £ 4.9
Standard DQN 163.8 £2.7 168.3 £2.9 1725 £3.3 179.1 £3.8
UARL-CD 160.7 £ 2.4 163.3 £ 2.6 165.3 £2.8 167.1 £3.1

The proposed UARL-CD exhibits the strongest robustness, with only 4.0% degradation
when o increases from 0.10 to 0.25 ((167.1 — 160.7)/160.7 x 100% = 4.0%). This near-flat
trajectory confirms that the agent does not over-fit to a single noise level; it adapts via the
uncertainty state component and stochastic training exposures.

In contrast, all comparison methods deteriorate substantially. DO shows a 10.4%
increase, as its deterministic plans become increasingly suboptimal when actual travel
times deviate from expectations. FID suffers the largest degradation (12.4%), because its
fixed 8-min dispatch rules and rigid hub assignments cannot adjust to changing conditions.
The shuttle-only variant shows an 11.5% increase, confirming that without bus detours, the
system lacks sufficient flexibility to compensate for travel time fluctuations.

To isolate the source of this robustness, the introduced standard DQN shares the
same state representation (including uncertainty-related features such as moving averages
of travel times) and the same stochastic training environment as our UARL-CD. Both
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algorithms are trained under identical realizations of travel time randomness and ride-
hailing supply fluctuations, controlled by the same set of random seeds. The two variants
differ only in their value representation: standard DQN estimates expected Q-values, while
UARL-CD learns a full categorical distribution over returns. As shown in Table 5, under
low uncertainty (o = 0.10), the performance gap between UARL-CD and standard DQN
is marginal. However, as uncertainty intensifies to o = 0.25, standard DQN degrades
by 9.3%, while UARL-CD degrades by only 4.0%. This divergence confirms that the
robustness advantage originates primarily from the distributional value representation—
the Categorical DQN'’s ability to model the full return distribution.

6.2.4. Sensitivity to Weighting Coefficients

To examine the impact of the weighting coefficients in the lower-level objective on the
performance of our method, we conduct a sensitivity analysis by systematically varying
the four groups of weights (passenger waiting time, regular service disruption, shuttle op-
eration, and hub congestion). For each group, we test both increased (x1.5) and decreased
(x0.5) scenarios while keeping all other weights at their baseline values.

As shown in Table 7, the total objective of UARL-CD shifts predictably in response to
weight adjustments. When an operator assigns higher priority to passenger waiting time
(Wait + 50%), the agent reduces evacuation completion time at the expense of increased
operational costs. Conversely, when regular service disruption is emphasized (Reg + 50%),
the system imposes stricter limits on bus detours, resulting in slightly longer passenger
waiting times but reduced impact on regular transit operations. Shuttle operation and hub
congestion weights show similar trade-off effects.

Table 7. Sensitivity analysis of weighting coefficients.

Evacuation Completion

Scenario Weight Variation Total Objective (x10%) Ti .
ime (min)

Wait + 50% ax 1.5 198.3 102.8
Wait — 50% a x 0.5 140.5 110.1
Disruption + 50% B x15 192.2 111.2
Disruption — 50% B x0.5 151.5 103.7
Shuttle + 50% Hsn X 1.5 165.1 106.8
Shuttle — 50% Hsn % 0.5 160.2 105.7
Hub + 50% Ometro, Orige X 1.5 168.4 105.5
Hub — 50% Ometro, Orige X 1.5 165.9 108.2

Crucially, the observed variations are consistent with the direction of weight adjust-
ments, confirming that the agent effectively adapts its dispatching policy to the specified
priorities. This demonstrates that the UARL-CD framework offers operators a practical
tool for multi-criteria decision-making.

6.2.5. Sensitivity to Demand Magnitude and Distribution

To assess whether the learned policy is overly specialized to the specific demand
configuration of the case study, we conduct two additional sensitivity analyses that vary
key demand-related parameters without retraining the UARL-CD agent.

Demand magnitude shift: We vary the total attendance from the nominal 16,000
passengers to 20,000 (+25%) and 24,000 (+50%), representing a significantly more congested
event scenario. As shown in Table 8, the UARL-CD policy maintains its superiority over all
baselines across these demand levels, confirming that the learned coordination principles
are not sensitive to the absolute demand magnitude.
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Table 8. Sensitivity to demand magnitude and destination distribution.

Scenario Shuttle-Only DO FID Standard DQN UARL-CD

16,000 passengers 213.1+438 166.4 = 3.1 178.8 £ 3.6 168.3 £2.9 163.3 £ 2.6
20,000 passengers 2453 £5.1 188.1 &= 3.5 202.6 + 4.1 1912+ 3.4 184.5 £ 3.0
24,000 passengers 278.5 £ 5.5 2104 + 3.8 226.8 + 4.6 2144 +£ 37 206.3 =34
Metro-dominated 208.6 +=4.7 163.1 £3.0 175.6 £ 3.5 165.8 £ 2.8 160.3 £ 2.5
Ride-hailing-dominated 2189 £5.0 168.3 £ 3.3 181.5 £ 3.8 171.0 £ 3.0 165.1 £ 2.7

Demand destination distribution shift: We alter the destination preference ratio be-
tween metro hubs and ride-hailing hubs to 70:30 (metro-dominated) and 30:70 (ride-hailing-
dominated). These shifts test the agent’s ability to adapt to different passenger OD patterns
without retraining. The results (Table 6) show that UARL-CD consistently outperforms all
baselines across both scenarios. This stability indicates that the agent learns robust resource
allocation principles, rather than memorizing the specific destination preferences of the
case study.

These results provide tangible evidence that the proposed framework generalizes
beyond the specific demand configuration of the case study, offering preliminary validation
of its applicability to varied event conditions.

6.2.6. Computational Performance

Table 9 summarizes the computational burden of each algorithm. The proposed
UARL-CD shifts the majority of computation offline, requiring approximately 105 h of total
training time. This includes: (i) the upper-level fleet search over candidate configurations
with M = 5 lower-level runs each, taking approximately 90 h; and (ii) the final lower-level
policy training with the optimal 50-shuttle fleet, taking approximately 15 h. Once trained,
the online decision time is only 3.25 £ 0.3 s per time step, well within the 2-min decision
interval, making it suitable for real-time deployment.

Table 9. Computational performance comparison.

Algorithm Online Decision Time (s)  Offline Training Time (h)
Shuttle-only 3.18 £0.3 15
DO 188 £1.2 N/A
FID <0.1 N/A
UARL-CD 325+03 105 (upper 90 + lower 15)

Note: The upper-level search is performed once before the event, while the final policy is deployed in
real time. The shuttle-only variant requires only the lower-level training (15 h), as the fleet is fixed.

The deterministic optimization (DO) model requires 18.8 £ 1.2 s per online decision,
which is numerically within the 120-s decision interval for the tested instance. However,
this computation time is instance-specific and grows non-linearly with problem size (e.g.,
number of bus lines, pickup zones, and depots), whereas UARL-CD inference scales linearly
with the number of vehicles and remains nearly constant regardless of network complexity.
Moreover, the MILP must be re-solved from scratch at each time step as new information
arrives, imposing a recurring online burden that grows with the problem size. The FID
policy is instantaneous but yields the worst performance among the two-mode strategies,
as it cannot adapt to real-time conditions. The shuttle-only UARL-CD has identical online
inference time because the network architecture is the same.

The key advantage of the proposed approach is the separation of planning and exe-
cution. The expensive upper-level optimization is performed offline, allowing the agent
to exploit the full computational resources available in a planning office. Once the event
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begins, the lower-level policy executes rapid neural network inference, enabling real-time
responses to dynamic conditions, including unexpected congestion, fluctuating demand,
and variable hub supply. This makes the framework practically deployable for transit
agencies, where pre-event planning can be conducted well in advance, while operations
must be agile and responsive.

The 3.25-s reported above refers exclusively to neural network inference—the time
required for the trained policy to compute a dispatching decision from the current state
observation. This is the component over which the algorithm has direct control.

In practice, the end-to-end latency of a real-time traffic management system com-
prises three additional components: (i) state sensing and GPS data transmission, (ii) data
aggregation and pre-processing, and (iii) command dissemination to vehicles. Modern
GPS-based fleet management systems typically report vehicle positions at 1-s intervals, with
communication latency in urban V2X environments ranging from 30-50 ms under typical
conditions to approximately 100-150 ms under peak load. Data aggregation and command
dissemination add several seconds in practice, but these operations can be pipelined or
executed in parallel with inference.

Even under conservative estimates—allowing 10 s for state sensing and GPS transmis-
sion, 5 s for data aggregation, 3.25 s for inference, and 5 s for command dissemination—the
total end-to-end latency remains approximately 23 s, well within the 2-min decision inter-
val. Moreover, the 2-min interval is a planning re-optimization cycle rather than a hard
real-time deadline: if a single decision packet experiences delay, previously issued dispatch
commands remain valid and physically executable (vehicles continue their current trips).
The system only requires that the average decision latency remains below the inter-arrival
time of significant demand changes.

We therefore maintain that the 3.25-s inference time, together with realistic allowances
for communication and sensing delays, supports the practical deployability of the proposed
framework in existing traffic management center infrastructures. For transit agencies, the
key operational requirement is to ensure reliable V2X communication and efficient data
pipelines—engineering challenges that are well within the capabilities of modern intelligent
transportation systems.

7. Conclusions

This paper addresses the real-time multi-modal evacuation problem for large-scale
public events under travel time uncertainty. We propose a two-layer optimization frame-
work that coordinates in-service buses temporarily diverted from existing lines and dedi-
cated shuttle vehicles pre-positioned at depots. The upper layer determines the pre-event
fleet sizing, balancing rental costs against expected operational performance, while the
lower layer makes real-time dispatching decisions for both modes. The problem is formu-
lated as a stochastic optimization with coupled strategic and tactical decisions, capturing
the inherent uncertainty in urban travel times and hub conditions.

To solve this challenging problem, we develop an Uncertainty-Aware Reinforcement
Learning algorithm with Categorical DQN (UARL-CD). The agent learns a robust dis-
patching policy through a reward function directly aligned with the lower-level objective-
minimizing evacuee waiting time, regular passenger disruption, dwell time penalties, and
hub congestion. The algorithm explicitly accounts for travel time uncertainty through
distributional value representation and stochastic training, while an action masking mech-
anism enforces operational constraints during both training and execution. This design
enables the agent to make feasible, adaptive decisions in real time.

We validate the proposed framework through simulation experiments based on a
realistic stadium evacuation scenario with 16,000 passengers. The results demonstrate that
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the optimal pre-event fleet consists of 50 shuttles (distributed as 17, 17, 16 across three
depots). The learned policy achieves a 31.6% reduction in evacuation completion time and
a 48.4% reduction in average passenger waiting time compared to using shuttles alone.
Compared to deterministic optimization, the proposed method reduces evacuation time
by 14.9% and waiting time by 24.3%, while also outperforming fixed-interval dispatch-
ing by 19.8% and 35.4%, respectively. The policy remains robust under varying travel
time uncertainty, exhibiting only a 4.0% performance degradation—far lower than the
10.6-11.9% degradations observed in other methods. Online decisions are executed in
approximately 3.25 s per time step, well within the 2-min decision interval, making the
framework practically deployable.

While this study provides a comprehensive solution for the single-venue evacuation
scenario, we acknowledge several important directions for future extension. First, scaling
the framework to larger, multi-node urban networks would require hierarchical state ab-
straction. For instance, grouping multiple pickup zones and depots into regional clusters
to maintain sample efficiency. Second, the demand profiles of different event types (e.g.,
concerts vs. sports events vs. festivals) vary not only in magnitude but also in temporal
dispersion and modal preferences. Incorporating heterogeneous demand patterns and
adaptive demand prediction models would further enhance the framework’s generalizabil-
ity. Third, the current framework assumes known passenger arrival patterns; integrating
real-time demand forecasting using streaming data would enable proactive rather than
reactive dispatching. These extensions represent our immediate research priorities, and the
modular architecture of UARL-CD allows for seamless integration of these enhancements.
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