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SHORT SUMMARY

Urban Air Mobility (UAM) operations in structured airspace face a key challenge in managing
congestion. This paper proposes a departure control framework with limited rerouting that identi-
fies high-risk paths using a conflict-based risk metric and shifts part of their demand to lower-risk
existing paths through short detours. The approach is evaluated in the LAAT-Flow simulation
environment under three demand allocation strategies, namely full, fixed, and dynamic allocation.
The results show that all strategies reduce overall network risk. Dynamic allocation provides the
most stable improvement as more paths are rerouted, while full allocation initially achieves strong
risk reduction but may create new bottlenecks when demand is concentrated on alternative paths.
These safety improvements come at the cost of increased energy consumption due to longer alter-
native paths. The findings demonstrate that limited rerouting with adaptive allocation offers a
practical approach for improving safety in corridor-based UAM operations.

Keywords: Conflict-based risk, Conflict management, Demand allocation, Limited rerouting,
Structured airspace, Urban air mobility

1 INTRODUCTION

Urban Air Mobility (UAM) is gaining increasing attention as a new mode of transportation capable
of transforming passenger and cargo movement within urban environments. Recent advances in
electrification, automation, and electric vertical take-off and landing (eVTOL) aircraft design have
enabled UAM to provide safe, sustainable, and scalable aerial solutions for urban transit, logistics,
and emergency services |(Cohen et al.|(2021)); Long et al. (2023)). With the rise of UAM operations
comes a critical need to design and manage urban airspace. For safe operations in low-altitude
airspace, concepts of operation (ConOps) for unmanned aircraft system traffic management (UTM)
are being introduced, such as NASA|(2021). These concepts have been examined, reviewed, and
evaluated across various factors, showing that the structure of the airspace directly influences its
safety, efficiency, and capacity |Bauranov and Rakas| (2021)).

One such ConOps is tube-based operations, which require planning and design techniques for
the airspace ‘tubes’. This concept was introduced in EUROCONTROL (2018)), where structured
paths are described as pre-planned pathways. One approach generates tube paths using a priority-
driven sequential planner that optimizes a weighted objective function (e.g., noise, risk, airspace
utilization) [He et al.| (2022)). This was later extended to a distributed framework that coordinates
paths via congestion pricing to balance individual path quality with system-level performance He et
al.| (2024). With these approaches comes the need for simulation frameworks capable of evaluating
how UAM operates and of supporting the design and optimization of UAM systems [Safadi and
Haddad| (2024).

To this end, a collaborative study with a research group from the City University of Hong Kong was
conducted to evaluate the performance of three urban airspace configurations for UTM: (i) Struc-
tured Corridor without Intersections, (ii) Structured Corridor with Intersections, and (iii) Unstruc-
tured Free-Flight, in a test area of Mong Kok, a dense urban district in Hong Kong Bai et al.| (2026)).
The structured designs were generated by the algorithm [He et al.[ (2022, 2024)), and the evaluation
was conducted using the Low Altitude Air Transport Flow (LAAT-Flow) framework [Safadi and
Haddad| (2024). The results showed that as demand increases, most predicted conflicts (called
as “predicted collisions” in Bai et al.| (2026))) occur at the origin-destination (OD) nodes, while
en-route conflicts depend on the airspace structure design. In addition, no single airspace design
outperformed the other designs in all evaluation metrics, such as predicted collisions, energy, and



time. These findings highlight the need for operational strategies that can manage congestion and
balance these trade-offs without requiring a redesign of the airspace structure.

To address this need, this paper proposes a departure-control framework with limited rerouting for
UAM that focuses on rerouting and demand allocation, with a rerouting strategy that temporarily
redirects flights through intermediate vertiports when direct corridors are congested. Previous
works have addressed rerouting and departure control, but few integrate both in UAM.

The main contribution of this paper is threefold. First, we propose a limited rerouting mechanism
for structured UAM airspace that mitigates congestion-related conflict risk without requiring a
redesign of the underlying corridor network. Second, we introduce a path-level risk-based selection
process to identify both rerouting targets and feasible low-risk alternatives. Third, we compare
three allocation strategies — full, fixed, and dynamic — and show how adaptive allocation can
provide more robust risk reduction when several high-risk paths are rerouted.

Related Work

In UAM operations, conflict management plays an important role in traffic management for safe
flight operations. One of the key approaches is Demand Capacity Balancing (DCB), which pre-
vents vertiport congestion by automatically adjusting flight schedules before departure [Lee et
al. (2022)). Beyond departure delays, airborne delay is introduced by temporarily reducing the
cruise speed, thereby shifting part of the delay into the air rather than keeping the vehicle on the
ground Moolchandani and Lee| (2024)).

Another approach is a dynamic DCB in the U-space that simultaneously reroutes flights, reconfig-
ures airspace, and assigns delays when congestion is detected [Tang et al.| (2022). A Collaborative
Air Traffic Flow Management framework simultaneously assigns delays or reroutes flights while
dynamically adjusting airspace sector configurations, with the objective of minimizing total delay
and operational costs | Xu et al.| (2020).

A probabilistic model is used to improve conflict detection under uncertainty, combined with
network analysis to identify critical flight plans, followed by optimization over departure time and
speed |[Meng et al.| (2025)).

With advances in artificial intelligence, several Al-driven approaches have emerged. A UTM system
framework based on hybrid AI performs DCB and improves automated decision-making for drone
traffic in dense urban low-altitude airspace [Y. Xie et al.| (2021)). A follow-up work introduced
Tabu Search combined with A* path planning for 2D dynamic rerouting as part of the DCB
process Y. Xie et al.|(2023a). This was extended to integrated 4D trajectory planning, enabling
dynamic and adaptive DCB strategy optimization using hybrid AT algorithms|Y. Xie et al.| (2023b).
At the arrival stage, the concept of vertiport holding points is introduced, together with three
scheduling strategies for efficient aircraft arrival management [Song and Yeo| (2021)).

2 METHODOLOGY

In structured airspace design, congestion management in corridor-based UAM systems is one of the
main challenges. This research proposes a design that improves traditional departure controllers
by integrating a limited rerouting mechanism. When designing structured airspace, corridor paths
can become highly congested due to design constraints, environmental or terrain limitations, or the
lack of demand-aware planning. Generating entirely new corridor paths may be infeasible because
of these constraints or due to the computational complexity of path generation algorithms.
Instead, the proposed limited rerouting mechanism identifies congested (and therefore potentially
risky) paths and redirects part of the demand to less congested existing paths within the network.
This approach avoids full path redesign and requires only the creation of short detour segments
connecting the original path to an alternative corridor.

In this paper, we focus on the rerouting and demand allocation components of the framework. Two
allocation strategies are implemented, namely fixed and dynamic allocation, while full allocation
is used as a reference case.

The overall structure of the proposed approach is as follows: identification of congested paths,
followed by rerouting, and finally demand allocation.



Congestion Identification

There are multiple ways to identify congestion in corridor-based airspace. In this work, we use
predicted conflict detections as an operational risk indicator, since paths with a high number of
such detections correspond to regions of increased traffic interaction, which are often associated
with high congestion levels [H. Xie et al.| (2025). Thus, the proposed metric should be interpreted
as a surrogate indicator of congestion-related conflict exposure rather than as a direct physical
measure of congestion such as density, delay, or queue length.

In this work, we use predicted conflict events as an operational risk indicator, since UAVs estimate
future positions based on filtered state estimates and trigger a repulsive avoidance mechanism when
a potential collision is predicted. Paths with a high number of such predicted events correspond
to regions of increased traffic interaction, which are often associated with higher congestion lev-
els [H. Xie et al. (2025). Thus, the proposed metric should be interpreted as a surrogate indicator
of congestion-related conflict exposure rather than as a direct physical measure of congestion such
as density, delay, or queue length

The collision count is defined as the number of predicted detection-trigger events along a path.
Collision detection is implemented using a filtered position-based scheme, inspired by the decen-
tralized control framework in|Quan et al.| (2021) and adopted in the simulation framework in |Safadi
and Haddad| (2024]). In this approach, both the detection and safety radii are centered around the
UAV’s filtered position, which serves as a proxy for its predicted future location. When two air-
craft enter each other’s detection zone based on these filtered positions, a repulsive control action
is applied to separate them. As a result, the detected events represent predicted conflicts rather
than actual physical collisions. The number of such events is then used as a measure of interaction
intensity along each path.

We define a conflict-based risk metric, commonly expressed as a rate Bijjahalli et al.| (2022)); Yang et
al.| (2024]), that captures both the number of predicted conflicts and the number of aircraft assigned
to a given path. Let C; denote the total number of predicted conflict detections associated with
path ¢ and let N; represent the aggregated number of aircraft assigned to that path. Then, the
risk is defined as:

Ri=— (1)

Since the network is evaluated under varying demand allocations, both C; and NV, represent aggre-
gated predicted conflicts and aggregated aircraft counts, respectively, and the following holds:

K
Ni=>"n” (2)
k=1

where nz(k) is the number of aircraft assigned to path ¢ in run k.

The overall network risk is defined as:

N
R— Zj\le Ci
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We also define the weighted contribution of each path to the network risk as:

N
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23:1 N; Zj:l N; i=1

The metric R; captures the average number of predicted conflict detections per aircraft assigned
to path ¢, whereas R}’ measures the contribution of path ¢ to the aggregate network risk. The
latter is used to prioritize rerouting candidates, since a path may have a high individual risk but
a limited network-level effect if its demand is low.

Rerouting

With the risk metrics, the limited rerouting mechanism constructs detour paths that connect high-
risk paths to lower-risk alternatives within the network. In this way, a portion of the demand is
shifted to these low-risk paths to relieve the original path. The general concept of the rerouting
strategy is illustrated in Fig.

The first step in the limited rerouting mechanism is to identify the set R of highest-risk paths. For
each risky path r € R, the algorithm constructs a candidate set C, of rerouting alternatives. To
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Figure 1: Illustration of the limited rerouting mechanism. Demand assigned to a high-risk
path (A — B) is partially redirected to a lower-risk path (C' — D) through intermediate
connections (A — C and D — B), forming an alternative path (A — C — D — B).

avoid rerouting demand to paths that already contribute substantially to the overall network risk,
the candidate set is filtered using a weighted-risk threshold, consistent with the safety requirements
of UTM operations NASA| (2021); [Du et al. (2024). Only candidate paths satisfying RY < Rin
are retained. The threshold is heuristically defined as:

R
Rth - N (5)

which corresponds to the average per-path contribution to the aggregate network risk.

For each candidate path m, a heuristic score is computed based on the Euclidean distance between
the origin and destination of the risky path and those of the candidate path, together with a
path-length compatibility term. Let O, and D, denote the origin and destination of risky path r,
and let O,, and D,, denote those of candidate path m. The origin and destination distances are
defined as:

d5™ =10, = Oull . dy™ = |D; = Du (6)
The reroute candidate is the path with the minimum score:
. .
my = arg min Srm (7)
where —
— L.
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Here, () denotes min-max normalization over the candidate set C,, and the weights w; and ws
reflect the relative importance of geometric compatibility and path-length similarity, respectively.
After the best candidate is chosen, a path planning search is performed using the A* algorithm Hart,
et al.| (1968]). Since the network is designed such that departure and landing at each vertiport are
performed vertically, the start and end points are defined at the vertiport operation altitude.
The search exploration uses a Euclidean-based weighted heuristic function that penalizes vertical
motion to keep the exploration mainly in the horizontal plane. This significantly simplifies the 3D
search problem. Accordingly, the start and end nodes can be defined as follows, where H,. denotes
the departure/landing altitude of path 7:

1. From the origin of the risky path to the candidate path:
Start: O = (27,7, k), Goal: Op: = (27,, + Az, yp.. + Ay, H;)
2. From the candidate path back to the destination of the original path:
Start: Di,. = (xfln: + Az, y,[fl: + Ay, H,), Goal: D, = (z4,y2 h?)
The offset (Axz, Ay) is chosen such that:

sz + Ay2 = roffset2



where 756t 1S @ tunable safety radius parameter that ensures a bias offset away from the candidate’s
origin and destination points, so the merge occurs at a safe distance from the departure and landing
altitude. The final step is to connect the generated detour segments with the selected candidate
corridor and construct the complete rerouted alternative.

Demand Allocation

The purpose of rerouting is to relieve the original high-risk path by shifting part of its demand to
the rerouted alternative. In this work, two allocation strategies are considered: (i) fixed allocation
and (ii) dynamic allocation. In addition, full allocation, in which all demand is assigned to the
rerouted alternative, is used as a reference case.

In both cases, a logit-based approach is used to allocate the demand. Since the original path and
the rerouted alternative share common segments, the basic multinomial logit (MNL) model cannot
be used, as it assumes independence between alternatives. Therefore, we consider overlap-aware
models [Cascetta et al.| (1996)); |Ben-Akiva et al.| (2004):

1. C-logit:
exp (—0(J, + CF,))

T Sicton & (—0(J + CR))

P,

2. Path-Size Logit (PSL):

exp(V4)
V, = —0J, + SIn(PS,), P, =
( ) Zbe{o,p} exp(‘/b)

where P, is the choice probability of alternative a, a € {o, p} denotes the original (o) or rerouted
(p) alternative, 6 is the sensitivity parameter, J, is the cost associated with path a, C'F, is the
C-logit commonality factor, V, is the systematic utility, P.S, is the path-size factor, and 3 is the
PSL coefficient.

Since the allocation problem involves only two alternatives, the C-logit model correction is assumed
to affect both alternatives similarly and is therefore neglected in the present implementation. In
addition, because the shared segments are relatively short in the considered network (L., <
L., L), the PSL correction is expected to be small. Under these assumptions, both overlap-aware
formulations reduce approximately to the basic MNL model:

B exp(—6.J,)
Zbe{o,p} exp(—6.Jy)

Based on this formulation, the two allocation strategies are defined as:

P,

9)

1. Fixed Allocation

In this case, the demand is distributed according to the choice probability |Prashker and
Bekhor| (2004]):
Dy = Py - Diotal (10)

where P, follows Eq. [0} and the cost is defined as:

Jo = wrRY +wy Ly, (11)

where I?;“ is the normalized weighted risk, Ea is the normalized path length, and wgr and
wy, are the corresponding weighting coefficients, with wg + wy, = 1.

For the original path, RY = R}’ is obtained from the network, as computed in the previous
step where the risk is evaluated. For the rerouted alternative, its weighted risk contribution is
not directly available from the baseline network. We therefore estimate it heuristically using
the weighted risk of the selected candidate path m}, scaled by the fraction of the rerouted

Lp?nf,

path that overlaps with that candidate corridor: R} = R} . - 7
assumes that conflict exposure is proportional to the length traveled on the shared corridor
segment. As for L,, the LAAT simulation uses the energy model in [Thibbotuwawa et
al.| (2019). For simplicity, and under the assumption of constant cruise speed, the energy

consumption can be approximated as proportional to the path length, i.e., &, o L.

This approximation



2. Dynamic Allocation

Dynamic allocation extends the fixed-allocation formulation by making the routing decision
sequentially at each departure event rather than assigning the demand split in advance. At
each departure event n, occurring at time t,, the aircraft associated with the considered
risky path r is assigned to one of the two alternatives. This decision is represented by the
binary variable w, € {0,1}, where u,, = 1 denotes assignment to the rerouted alternative
and u, = 0 denotes assignment to the original path.

The decision is based on time-dependent logit probabilities:

_ exp(—60J,(t,))
P befop) EXP(—0Tp(tn))

where J,(t,) denotes the time-dependent cost of alternative a at departure event n.

Py(tn)

a € {o,p}, (12)

The assignment is implemented deterministically by selecting the alternative with the higher

probability:

1, if Py(t,) > Po(tn),

U = i Py(tn) > Fo(tn) (13)
0, otherwise.

Thus, the logit formulation is used as a smooth decision rule rather than a stochastic route-
choice model. The time dependent J,(¢,) follows the weighted structure of Eq. , but
is evaluated dynamically based on the current traffic state and predicted evolution over a
finite horizon H:

Ja(tn) - wRﬁf(tn, H) + wEé\a(t7L7 H) 5 (14)

where ]%;” (tn, H) denotes the normalized weighted risk and g’a(tm H) denotes the normalized
dynamic energy cost, while wr and wg are the corresponding weighting coefficients.

Each cost component is decomposed into a history term, representing the accumulated cost
up to the current departure time %,,, and a prediction term that estimates the future evolution
over the horizon H. The dynamic formulation exploits the current traffic state and predicts
the system evolution over the horizon H, allowing both risk and energy to be evaluated
explicitly at each departure event.

Accordingly, the normalized dynamic energy cost is defined as:
Ealtn, H) = Norm (EXS4(t7) 4 £Prd(t,,, H)) (15)

where EMst(¢) is the accumulated energy prior to t,, and EP*d(t,, H) is the predicted

n
energy over the horizon.

Similarly, the normalized dynamic risk is obtained as
R (tn, H) = Norm(R" (t,, H; C¥"(t,,, H), C¥(t,,), NEs(¢,,), NP (t,,, H)))  (16)

where CIist(¢,,) and CP*d(t,,, H) denote the historical and predicted conflict contributions,
while NDst(¢,) and NPd(t,, H) represent the corresponding numbers of aircraft. The
weighted conflict risk RY(-) is evaluated according to the formulation in Eq. .

The history term penalizes repeated use of an already overused alternative, while the pre-
diction term evaluates the expected future rerouting cost over horizon H.

3 RESULTS AND DISCUSSION
Simulation Setup

The evaluation was conducted over K = 60 runs, where in each run the aircraft demand was
randomly allocated among the N = 15 paths. The simulation time step was fixed at 0.5 seconds,
and the network demand profile was set as a constant inflow of Q;, = 0.1 [aircraft/sec] over a total
duration of 30 minutes. Aircraft in the simulation were modeled as UAVs, with a maximum speed
of 20 [m/s], and were controlled using fixed trajectory tracking gains.



Unless stated otherwise, all model parameters were kept fixed throughout the experiments. The
cost weights were set to wg = wy, = 0.5 for the fixed allocation model and wr = wg = 0.5 for
the dynamic allocation model. The rerouting candidate score weights were set to w; = wo = 0.5.
The logit sensitivity parameter was set to 8 = 1, the prediction horizon was H = 180s, and the
rerouting offset radius was set to rofset = 100 m.

The evaluation metrics considered in this study are energy consumption and risk. Three differ-
ent allocation strategies are evaluated: (i) full allocation to the rerouted alternative, (ii) fixed
allocation, and (iii) dynamic allocation.

All strategies are compared against a baseline scenario with no rerouting. The comparison is
applied to the top four high-risk paths, with rerouting introduced progressively from the highest-
risk path to the top four paths. This progressive implementation allows isolating the marginal
effect of limited rerouting as its spatial scope expands. The analysis is performed for a single
network configuration and demand level, so the reported trends should be interpreted as scenario-
dependent.

Results

This section presents the results of the rerouting and allocation strategies. The first step is to
identify congested paths using the defined risk metrics. Fig. [2] illustrates the results over the
K runs for the baseline scenario, where no rerouting is applied. It presents, for each path, the
aggregated conflict count, aggregated aircraft count, and the weighted risk computed according to
Eq. [4 along with the total network risk.

The results show that path 13 has the highest contribution to the overall network risk, while path
6 has the lowest. Accordingly, the top four high-risk paths selected for rerouting are paths 13, 12,
14, and 7. The overall network risk is R = 0.83 [2ed-_coll-]

These results show that the network risk is concentrated in a small subset of paths, highlighting
potential value of limited rerouting.

After identifying the top four high-risk paths, the limited rerouting mechanism selected the best
rerouting alternative for each of them. The best candidates for paths 13, 12, 14, and 7 are paths
11, 6, 5, and 2, respectively. The weighted risk values of these candidate paths can be seen in
Fig. |2, where all selected alternatives remain below the threshold Ryy,.

As an example, the rerouting output generated for path 12 is illustrated in Fig. [3]

With the alternative path generated, total energy and network risk are evaluated to quantify the
impact of the demand allocation strategies and the limited rerouting mechanism.

The overall network risk is shown in Fig. [4l

The results show that when only one path is rerouted, full allocation achieves the largest reduction
in network risk. As the number of rerouted paths increases, the network risk continues to decrease
for all three allocation strategies. However, when four paths are rerouted, the performance of full
allocation deteriorates relative to the three-path case. A plausible explanation is that full allocation
shifts all demand to the rerouted alternative, which initially removes risk from the original path but
may subsequently create new hotspots along the alternative corridor due to demand concentration.
Although dynamic allocation is initially outperformed by full allocation, its performance remains
more stable as the rerouting scope expands. In the four-path rerouting case, it achieves the
largest risk reduction among the tested strategies. This likely reflects its adaptive nature, since
the allocation is updated at each departure event based on current path conditions, which helps
redistribute demand and avoid creating new hotspots.

The fixed-allocation strategy generally performs worst among the three tested strategies. Because
it uses the same allocation ratio throughout the simulation, it cannot adapt to evolving network
conditions and therefore provides a smaller reduction in risk. Overall, all three allocation strategies
reduce the network risk relative to the baseline, indicating that the proposed limited-rerouting
mechanism is effective in shifting demand away from high-risk paths.

The total network energy is shown in Fig. | All allocation strategies increase the total network
energy, and the increase becomes larger as more paths are rerouted. This is expected because
limited rerouting generates alternative trajectories that are generally longer than the original paths,
and longer traveled distances lead to higher energy consumption. Among the tested strategies, full
allocation produces the largest energy increase, since it shifts all demand to the alternative paths
without explicitly accounting for path efficiency. In contrast, the dynamic and fixed strategies lead
to smaller increases because only part of the demand is rerouted. These results highlight a trade-
off between operational safety, represented here by conflict-based risk reduction, and efficiency,
represented by total energy consumption.
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Figure 2: Baseline results without rerouting. The figure shows, for each path, the aggre-

gated conflict count, aggregated aircraft count, and weighted risk, as well as the overall
network risk.
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4 CONCLUSIONS

This paper presented a limited-rerouting framework for structured Urban Air Mobility networks.
The approach addresses congestion-related conflict management by identifying high-risk paths
using a conflict-based risk indicator and redirecting part of their demand to lower-risk existing
corridors, thereby avoiding a full redesign of the airspace structure. The simulation results showed
that limited rerouting reduces network risk under all tested allocation strategies. Among these
strategies, dynamic allocation provided the most robust performance as the rerouting scope in-
creased, whereas full allocation achieved strong initial improvement but became less effective when
additional paths were rerouted, likely because it concentrates demand on alternative corridors.
Fixed allocation produced smaller improvements because it cannot adapt to evolving network con-
ditions. These benefits came at the cost of higher total network energy consumption, since rerouted
trajectories are generally longer than the original ones. Overall, the findings suggest that limited
rerouting, especially when combined with adaptive allocation, is a promising operational tool for
improving the safety and manageability of corridor-based UAM operations. Future work should
evaluate the framework under a broader range of traffic scenarios, network configurations, and
parameter settings, and should integrate rerouting with departure delays and cruise-speed control
to support a more complete demand-capacity balancing framework for UAM.
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