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Abstract—In the low-altitude economy, ensuring the safe and

agile flight of unmanned aerial vehicles (UAVs) in dynamic
obstacle environments is essential for expanding interactive appli-
cations like parcel delivery. While deep reinforcement learning
(DRL) shows promise for UAV motion planning and control,
its trial-and-error exploration often struggles to ensure both
agility and safety, especially under uncertain observational noise.
Therefore, this paper proposes a deep confidence-enhanced reach-
ability policy optimization (DCRPOQO) framework. By integrating
safe DRL with nonlinear model predictive control (NMPC),
DCRPO achieves high-level safety decisions, complex real-time
joint planning and control for UAVs. Furthermore, we develop a
deep confidence-enhanced reachability guarantee that constructs
a set of stochastically forward-reachable planned trajectories
under uncertainty, enabling robust safety collision probability
certifications. This safe reachability mechanism adaptively selects
belief space actions from planned actions to interact with the
environment, further enhancing safety and reducing training
time. In extensive experiments of UAVs traversing a fast-moving
rectangular gate, the proposed method outperforms other state-
of-the-art baseline methods under varying environments in terms
of operational robustness. Furthermore, the proposed method
significantly reduces overall collision violations and training time,
greatly improving both training safety and efficiency. The demon-
stration video (https://youtu.be/7xkp9U7FSJg) and the source
code (https://github.com/ZyyFLY/DCRPO) are also provided.

Index Terms—Deep reinforcement learning, deep confidence-
enhanced reachability guarantees, joint planning and control,
unmanned aerial vehicles

I. INTRODUCTION

NMANNED aerial vehicle (UAVs) are increasingly ap-

plied in critical low-altitude missions, including surveil-
lance [1] and delivery [2]. As illustrated in Fig. 1, these tasks
require UAVs to perform agile, safe, and real-time operations
within environments containing dynamic obstacles, such as
rotating gates [3] or unpredictable external disturbances [4].
Conventional UAV trajectory planning and control methods,
primarily model-based [5], [6] or rule-based [7], often struggle
to address the complexity and uncertainty of dynamic real-
world settings [8]. Model predictive control (MPC) [9] and
its nonlinear extension (NMPC) [10] enable real-time opti-
mization based on predicted future states. However, NMPC
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Fig. 1: Schematic diagram of the challenges of joint planning
and control of UAVs in safety-critical scenarios involving
dynamic obstacles or unpredictable external conditions.

lacks adaptive learning mechanisms for changing environ-
ments, which may lead to conservative behavior and degraded
system performance [11]. Moreover, error accumulation in
modular model-based methods can further reduce accuracy,
underestimate safety risks, and decrease overall efficiency [12].

Moreover, deep reinforcement learning (DRL) has enhanced
UAVs decision-making by enabling optimal policy learning
through environmental interaction [13]. DRL integrates plan-
ning and control with minimal prior knowledge, demonstrating
superior performance in tasks such as drone racing through
multiple static gates [14]. However, DRL’s end-to-end training
via trial-and-error can result in frequent failures during agile
flight, raising safety concerns for both users and systems [15].
Observation noise in dynamic environments further increases
this risk, challenging the safety of DRL in safety-critical
applications and motivating research into learning methods
with integrated safety guarantees into the learning pipeline
[16].

Recent studies have increasingly focused on integrating
DRL with model-based methods such as control barrier
functions (CBF) and NMPC, exemplified by DRL-CBF [17]
and deep reinforcement-imitation learning (DRIL) [18]. This
integration seeks to combine the interpretability, stability,
and constraint satisfaction of model-based control with the
flexibility and adaptability of DRL in complex, uncertain
environments. By introducing explicit safety constraints, these
approaches enhance both training efficiency and operational
safety. However, DRL-CBF relies on handcrafted constraints,
and DRIL, while improving NMPC adaptability, remains
dependent on prior knowledge or lacks adaptive stochastic
safety certification under uncertainty. Furthermore, the safety
mechanisms of these methods are generally limited to local
policy adjustments and do not provide system-level guarantees
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Fig. 2: The overview of the proposed method, including three parts: (a) safe decision-based joint planning and control; (b)
confidence network-enhanced stochastic reachability guarantees; and (c) drone-environment interaction loop.

against cumulative risk during long-term operation.

To address these limitations, this paper proposes a
deep confidence-enhanced reachability policy optimization
(DCRPO) framework, integrating safe DRL with model-
based NMPC, as shown in Fig. 2. The main innovation
is a confidence-adaptive stochastic reachability certification
that evaluates and filters planned actions prior to execution,
enabling certified safe exploration without reliance on accurate
models or handcrafted constraints. This framework bridges
high-level decision-making with low-level optimization, sup-
porting safe, optimal, real-time UAV navigation in uncer-
tain, dynamic environments. The framework utilizes high-
level safety decisions from DRL and low-level optimization
from NMPC, and leverages a self-supervised deep confi-
dence network (SCNet) to enhance stochastic reachability
guarantees, proactively detecting collision risks and reducing
training violations. Collaborative optimization between SCNet
and the DRL agent ensures alignment with safety objectives
and enhances robustness to environmental uncertainty. Exper-
imental results demonstrate that DCRPO outperforms existing
learning-based and model-based safe navigation methods in
both safety and efficiency.

The contributions of this paper are listed as follows:

(1) This paper proposes a safe decision-based joint planning
and control (SD-PC) framework by combining safe DRL for
high-level safe policy search with the model-based NMPC
for low-level online rolling optimization. This enables safe,
optimal, and real-time UAV flight interactions in complex
dynamic environments.

(2) This paper develops a deep confidence-enhanced
stochastic reachability certificate, utilizing SCNet to dynami-
cally estimate state confidence and improve the reliability of
stochastic reachability analysis under uncertainty. This cer-
tificate enhances the safety of state predictions and evaluates
potential risks at each decision step during training.

(3) The effectiveness of the proposed framework is validated

through experiments involving UAV traversing through a fast-
moving gate to reach the goal destination. The comparative
results demonstrate a significant reduction in safe DRL train-
ing time violations, indicating that the proposed framework
facilitates efficient, high-performance UAV flight interactions
while ensuring safety.

The remainder of this paper is organized as follows. In
Section II, the related work is introduced, while Section III
provides a detailed description of the DCRPO framework.
Following this, Section IV outlines the experimental setup,
including dynamic obstacle scenarios and evaluation metrics.
The results and analysis are presented in Section V. Finally,
the main conclusions and some future work directions are
discussed in Section VI

II. RELATED WORK

A. Learning-based Safe Navigation Control

Safe DRL seeks to optimize task performance while en-
suring compliance with safety constraints during both training
and deployment [19]. Existing methods are generally classified
into safe model-free DRL (SMFRL) and safe model-based
DRL (SMBRL). SMFRL methods handle constrained Markov
decision processes (CMDP) by maintaining policy costs within
specified limits, often using Lagrange multipliers to convert
constrained problems into unconstrained forms [20], [21].
Safety can also be reinforced through reachability analysis
[22], expert demonstrations [23], or safety certification en-
suring trajectories remain within safe sets. However, SMFRL
may still cause unsafe interactions during training, rely heavily
on human priors, and suffer from scalability limitations due
to overly conservative policies. In contrast, SMBRL improves
sample efficiency and operational safety by jointly learning
policies and environment models [24]. Leveraging probabilis-
tic dynamics models, these methods synthesize virtual data
and impose strong penalties on unsafe trajectories [25], [26].



TABLE I: Comparisons With The Existing Literature

Category Reference Prior Adaptive safety Environment ()n_lme_ §‘z:m.1ple Dls{urbance Main differences with ours
knowledge guarantee model T
[17], [19], [20], Rely on hand-crafted constraints with limited
SMFRL [21], [22], [23] v X X X Low Low efficiency and generalization.
. . Sensitive to model errors; lack real-time policy
SMBRL [24]. [25]. [26] X X v X High Medium adaptation and epistemic safety modeling.
[18], [27], [28], . . Lack adaptive safety certification under uncer-
Combined DRL and model-based methods [291, [30] v x x v Medium Medium tainty or enable certified safe exploration.
Ours (DCRPO) — x v X v High High J—

v applicable; X: not applicable.

B. Combined Learning-based and Model-based Safe Naviga-
tion Control

Model-based methods depend on predefined dynamic mod-
els, but as tasks and environments become more complex, they
require significant manual design, including crafting cost func-
tions and developing specialized planning strategies [12]. Even
advanced methods like MPC must rely on online re-planning
and manual system tuning. To address these limitations, recent
research has focused on integrating model-based controllers
with learning-based DRL [27], [28]. This integration enables
processing high-dimensional data, reduces manual interven-
tion, and achieves adaptive, optimal control. For instance, Song
et al. [29] propose a hybrid method using deep neural networks
to predict NMPC decision variables, though with limited UAV
agility due to fixed attitudes. Wang et al. [18] improve NMPC
adaptability through a DRIL framework, but did not address
safe exploration during training. Romero et al. [30] combine
differentiable MPC with actor-critic RL, achieving real-time,
complex UAV control.

In summary, as shown in Table I, the proposed DCRPO
framework advances safe learning-based control by introduc-
ing an adaptive confidence-aware safety certification mecha-
nism. Unlike SMFRL, DCRPO does not require prior knowl-
edge, employing predictive safety filtering. Compared to SM-
BRL, it avoids dependence on accurate environment models by
leveraging real-time NMPC planning. Furthermore, DCRPO
provides system-level safety guarantees beyond traditional hy-
brid methods, enabling robust and certifiable decision-making
in complex, dynamic environments.

III. METHODOLOGY

As shown in Fig. 2, the proposed DCRPO framework
consists of three core modules for safe UAV flight interaction
in dynamic environments: (a) a safe decision-based joint
planning and control module integrating safe DRL for high-
level policy selection with NMPC for low-level trajectory
optimization; (b) a confidence network-enhanced stochastic
reachability certification module, where SCNet dynamically
estimates state confidence and certifies candidate actions under
uncertainty; and (c) a drone—environment interaction module
forming a closed loop between environmental feedback and
control, enabling real-time risk assessment and adaptive re-
sponse to environmental changes. This modular architecture
facilitates proactive safety verification, efficient policy opti-
mization, and robust adaptation to rapidly evolving scenarios.

TABLE II: Notations Used In This Paper

Notations Specifications

X Traditional bounded zonotope

X Inflating zonotope

cX, Cx, ceonf Traditional / inflating / confidence zonotope center
Gx,Gx, G Traditional / inflating / confidence generator matrix for bounded uncertainty
3y, Zeonf Inflating / confidence covariance matrix for stochastic uncertainty
Apeont Confidence zonotope

Xobs Union of obstacle zones

a Scaling factor determined by collision confidence threshold
iy Vi Eigenvalues and eigenvectors of Syconf

S State space

A Action space

P State transition probability

T Reward function

c Cost function

o Discount factor

T, Deterministic / optimal policy function

St State at time step ¢

ag Action at time step ¢

Q™(+), Q7 () Action / cost value function under policy 7

R Reachable set at time ¢

’R:f’i‘r Confidence reachable set under planned trajectory 7*
Wi System noise at time t

Xq,t,Xg,t UAV / gate state at time ¢

Xgoal Goal point state

tira Desired traversal time

Xq,tra Desired traversal state

SR Relative environment observation

Seoal Absolute goal observation

w Noise zonotope X (cyy, Gy, Zyy)

N NMPC prediction horizon

dy Sampling time interval

Qz, Qu State and input cost weights

Qau Control variation cost weight

Qira Traversal reference tracking cost matrix

Qu Terminal state cost weight

B Temporal spread of traversal penalty

€ Safety margin in collision penalty

Tmax Maximum task reward

Tgoal Goal deviation penalty

Teollision Collision penalty

Peollision Predictive safety violation penalty

w1, W2, W3 Reward weighting coefficients

b Empirical confidence value (for SCNet)

Ot SCNet predicted confidence value

Loftine> Lonline Offline / online training loss for SCNet

O, Ocont Policy / SCNet parameter set

Key components and their notations of the DCRPO framework
are summarized in Table II.

A. Definitions

This subsection introduces the set representations and the
definition of the forward reachable set (FRS) used in this work.

1) Set Representations: We employ probabilistic zonotopes
to model both bounded and stochastic uncertainties in sys-
tem states. Additionally, this representation facilitates efficient
closed under Minkowski summation () and linear transfor-
mations [31]. A standard zonotope is defined as [32]:

X

J
x=cx+» Bigi,—1<p<lp, ()

i=1

x € R"




FRS Riy1

Confidence zonotope

u, Xconf(cconf, Gconf)

t t+1

Fig. 3: Visualization examples of a 3D zonotope and a 3D
reachable set based on confidence zonotope. Left: A zonotope
as bounding volume in the three-dimensional space of UAVs.
Right: Measurement uncertainty along the planned trajectory
(blue line) leads to a distribution of possible next states (blue
ellipsoid), enclosed by the FRS (gray hypercube) with its
boundary defined by the confidence zonotope (dark blue) at a
specified confidence level.

where cx represents the center, g; are the generator defining
the zonotope’s shape associated with bounded uncertainty, and
B; are coefficient constrained to [—1,1]. In matrix form, the
zonotope X (cx,Gx) can be simplified as

X(ex,Gx) = {x € R" | x = cx + BGx}, 2)

where Gx = [g1,82,...,8;] represents the corresponding
n X j generator matrix; n is the system’s dimensionality and
7 is the number of generators.

While traditional zonotopes X capture bounded uncertain-
ties, they do not account for stochastic uncertainties from
environmental factors. To address this, [33] extends an inflat-
ing zonotope to include stochastic uncertainties by modelling
a probabilistic region as a Gaussian distribution with an
uncertain but bounded mean. It is defined as

XZX(C/Y,G/\/,E;\/), (3)

where cy and Gy represent the bounded uncertainty region,
and Xy denotes the Gaussian covariance matrix for stochastic
uncertainty.

Building upon the probabilistic zonotope, we define a
confidence zonotope, which quantifies state uncertainty. The
confidence zonotope X" (M Geonf) is defined as

Xcunf(cconf’ Gconf) _ X(Cconf’ Gconf’ Econf) , (4)

where ¢ is set to the mean state cy of the system, and the

generator matrix G is constructed as

Gconf — [GX, Oz\//\ilvlv Lo, /\nVn] ’ (5)

where \; and v; represent the eigenvalues and eigenvectors of
the covariance matrix X", The covariation metric, defined
as 3 = trace(G") T G, is used to measure the uncer-
tainty size, reflecting both bounded and stochastic components.
The confidence zonotope is used to quantify the probability
that the true state lies within a certain region, given both
bounded and stochastic (Gaussian) uncertainties in the system.
The confidence threshold « (e.g., corresponding to a 95%
probability) determines the size of the reachable set used for
safety certification.

2) Reachable Set based on System Dynamics: Given the
above representation, we can compute the FRS to measure

dynamic uncertainties and enable safe trajectory planning. The
FRS at a given time step is the set of all possible states the
system can reach, starting from an initial state, given a se-
quence of control inputs and process noise. For a discrete-time
nonlinear control system, the FRS R; = X(cg,, Ggr,, R, ),
at time step ¢ is defined as

Ry = {Xt e g |t = S +W‘“} )

Vt=0,...,n—1

where x; € X C R" represents the state, starting from
the initial state Xp; u; € U; C R™ is the control input
and w; € W C R" is modeled as a probabilistic zonotope
W = X(eyw, Gy, Xyy), representing stochastic uncertainties
in the system. Fig. 3 presents visualization examples of a
zonotope as bounding volume along with its generator matrix
and a one-step 3D FRS based on a confidence zonotope.

Importantly, all stochastic uncertainties in the system (in-
cluding process and observation noise) are modeled as zero-
mean Gaussian random variables with known or estimated
covariance. This Gaussianity assumption is critical for the
confidence-based reachability analysis and for interpreting «
as a collision probability bound.

B. Safe Decision-based Joint Planning and Control

We propose an SD-PC framework, where a safe DRL
agent extracts low-dimensional state information from high-
dimensional observations for NMPC compatibility. This allows
the UAV to operate safely and efficiently in dynamic environ-
ments and enhances policy robustness. At a higher level, safe
DRL guides decision-making in complex tasks, such as timing
and positioning for traversing through moving gates, ensuring
the UAV can adapt its strategy to changing conditions.

The interaction loop between safe DRL and the environment
can be described by a Constrained Markov decision process
(CMDP) [20], denoted as 6-tuple (S, A, P, r,c,7). Both state
space S and action space A are bounded and continuous;
the initial state set is denoted as Sy; P represents the state
transition probability; 7 : S x A — R is the reward; c¢ is the
cost function defined as ¢ = 1 if the state constraint h(s;) < 0
is violated and O otherwise; v € (0,1) serves as the discount
factor; a deterministic policy « : S — A chooses action
variable a; at state variable s; at time step ¢. The CMDP
computes the cumulative reward by constructing an action-
value function Q7 (s, a;) which can be expressed using the
Bellman equation [34]:

Q" (st,ar) =r(sp,ar) + E [“/H}SXE[Qﬂ(StH, ai41)]
0 (7N
=E[>_y'r(si,ar)].
=0

The optimal policy of safe DRL reflects the dual optimiza-
tion objectives of precision and safety. The learning policy 7
can be parameterized using 6, which is randomly initialized.
Therefore, in the Markov environment, the optimal policy 7*
can be determined based on the expectation of maximizing the



cumulative reward.
7 (0;) = argmax E[Q7 (s¢, at)]

arcA
E[er(sh at)] S €,

where t is the time step, Q7 (sy,a:) = E[> 2,7 c(s)]
represents the expected discounted violation probability, and
€ is a prescribed cost threshold. When € = 0, this formulation
also leads to a robust optimal control problem [35].

To achieve a critical property of safety-critical systems
in UAV interactions, known as forward invariance, i.e., the
continuous satisfaction of safety constraints. During the policy
training phase, we utilize DRL based on safety reachability
constraints. This method guarantees that the system avoids
violations at each time step, resulting in the final optimal
policy representing a maximum number of persistently safe
states. Consequently, (8) can be reformulated to characterize
persistently safe states instead of merely final instantaneous
safe states:

®)

S.t.

T (0r) = argmij[Q”(st,at) : ILStGS}r — Q7 (st,ay) - ls,,gzsg]
atc ’

s.t. Q7 (st,a;) <0,Vs, € SoN ST,

©)
where 14 = 1 indicates that the value is 1 when the
event A occurs and 14 = 0 otherwise; S}r ={s; € S:

miIJ14 QT (st,a;) < 0} represents the set of persistently safe
at€

states, meaning all states from which constraints are never
violated under a given policy 7, and these states are contained
within the feasible set of the policy m. This type of constraint
is also referred to as a statewise constraint [17]. The detailed
safety criteria are provided in Section III-C.

We utilize a sparse reward method to balance the constraints
and solve the CMDP (see Algorithm 1, line 5, 16). In the
remainder of this section, the CMDP is formulized for the
UAV traverse problem, and we start with the definition of the
state space, action space, and reward function.

1) State Space: The state space S encompasses relative
observational information from the surrounding environment
S5 and absolute information about the goal point S& (see
Algorithm 1, line 4). This can be represented as

S = [Sav, sl (10)

In specific, SR is defined as the difference between the

UAV’s current state and the state of the gate at time step t:

(1)

where x,; and x4 ; represent the complete state variables of
the UAV and the gate, respectively. To learn policies useful
for online parameter adaptation or compatible with high-
dimensional sensory observations, we randomly initialize the
environment and the UAV’s state during the safe DRL training
process. Therefore, the initial state of UAV x, o and gate x4 o
at time ¢t = 0 will be randomly reset at each training episode.
The goal point-related features S&° is represented as

env __
SAY =Xgt —Xgt

Seedl = Xgoal » (12)

where X0, is the goal state of the UAV.

2) Action Space: The key to integrating safe DRL with
NMPC lies in utilizing the action set A from the upper-level
safe DRL as the safety decision variables for the lower-level
NMPC. Specifically, in learning the trajectory to traverse a
fast-moving rotating gate and safely executing this challenging
task, it is essential to identify the traversal characteristics
required by the UAYV, i.e., the safe interaction information.
In this work, the desired traversal state X, and the desired
traversal time t,, are used to characterize the safe interaction
information. Therefore, the action output of the safe DRL can
be represented by A € R:

A= [Xq,traa ttra] . (13)

3) Reward Function: The reward function plays a key role
in guiding the UAV agent’s learning, ensuring it prioritizes
both goal achievement and safety constraints. The objective
is to balance the competing objectives of maximizing task
completion and minimizing safety interaction violations.

First, we define the baseline or maximum possible reward
Tmax aS

(14)

Tmax = C1 ,

where 7m.x serves as the maximum possible reward that the
agent can achieve if it perfectly accomplishes the task without
any deviations or safety violations, with a constant value C}
(e.g., 100).

Second, the UAV agent receives a negative goal reward 7goal
associated with the deviation from the goal point. This reward
is expressed as the Euclidean distance between the UAV’s
position and the goal point during the final n time steps of
the trajectory:

N

Tgoal = — Z [ Xg,t — Xgoal ”%7
t=N—n

5)

where NV represents the total prediction horizon of the trajec-
tory.

Third, when the UAV methods the rectangular gate, a
negative collision reward 7iision 1S given based on the distance
between the UAV and the corners of the gate. The closer the
UAV is to a collision, the greater the penalty.

4
§ 2
Tcollision = *< 2¢ - d7 +e ) )
1=1

where € is a safety margin and d; is the shortest distance
between the UAV and the gate border.

In summary, the reward function r in safe DRL can be
formulated as

(16)

7)

T = Tmax + W1 * Tgoal + W2 * Teollision 5

where w; and wo are the weighting coefficients.

Once a high-level decision is made, the NMPC is employed
to generate precise control inputs that guide the UAV along the
optimal trajectory while ensuring safety. The NMPC method
solves a constrained optimal problem at each time step, which
involves predicting the future states of the UAV over a finite
horizon N, based on a sequence of state X4 ¢—o,.. ~ and the
current control inputs u, ;. Let 7 = [X4¢=0.... n, Uq,¢] denotes



the trajectory generated by the NMPC controller, which can
be expressed as 7 = NMPC(A).

4) Objective Function: NMPC is capable of generating
an optimal state sequence {x;, | Vt € [0, N]} that directs
the UAV towards Xgo,. Additionally, NMPC computes an
optimal control sequence {u;, | Vt € [0,N — 1]} over a
horizon N that encompasses the planned trajectory 7*. In
the NMPC framework, the location of the gate is treated
as an intermediate waypoint, and the primary objective is to
minimize the sum of five quadratic components:

N
min 3" (I = Xeoul, + a3,

X0:N,U0:N—1
t=1

minJ =
T

+ [luge — uq,t71||?gm + [1%q,t — Xq,traH?Qm)

+ N = Xgoalll,

St Xgi41 = Xgt + def (Xg e, Ug ) + Wo
Upip < gt < Umw, Xo=Xp,

(13)
where up;, and up,, denote the lower and upper bounds of
the control input vector, respectively; d; is the sampling time;
X signifies the initial states; u, ; represents the control input
variables at time ¢ and ry, denotes the reference traversal state.
The matrices Q, € R'3*13 Q, € R***, Qa, € R***, and
Qi € R*** are the weight matrices. Among these, Q,, Q.,
and Qa. are time-invariant. The traversal cost matrix Q. is
defined as

Qtra(ttra7 t) = Qumax €Xp (_B(tdt - ttra)Q) s

where Quax € R**4 represents the maximum traversal cost
matrix, surpassing all other time-invariant cost matrices in sig-
nificance. 3 € RT denotes the temporal spread of the traversal
cost. Assuming the UAV passes through the gate at time step
tya and td; = ty,, we have Qua(tua,t) &~ Qmax, imposing a
large penalty to ensure precise gate tracking. After passing
the gate (t > tya), Qua decreases exponentially, reducing
its influence on the NMPC optimization. Consequently, the
optimization in (18) prioritizes trajectory tracking and directs
the UAV toward the goal point.

Finally, we obtain the planned trajectory {7*}~,, which
consists of the state vector xg.y and the control inputs ug. y—1.
The first control command ug is used for the UAV to fly
through the predicted state waypoints (see Algorithm 1, line
6).

19)

C. Deep Confidence-enhanced Stochastic Reachability Certifi-
cate

1) Confidence Network based on Self-supervised Deep
Learning (SCNet): To enhance the accuracy of the reachability
safety certificate, we propose using SCNet, a Multilayer Per-
ceptron (MLP), to predict the confidence of the reachable set.
This method leverages both offline pre-training and online self-
supervised deep learning to improve the accuracy and robust-
ness of the predicted confidence values, thereby strengthening
the reliability of the reachability safety certificates.

We collect a large dataset of system states, control in-
puts, noise, and corresponding reachability outcomes during

offline training to train the SCNet. The dataset, denoted as
Dofiiine = {(Xq,t,Uq,t, Wq,t,0¢)}, where &; represents the
empirical confidence value for the state x4, is used to train
the SCNet. The network is parameterized by 0..,s and the
loss function Loggine (Bcont) can be written as

N

LomneOoon) = 2 S (0ri — 0, Q0)
i=1

where o0y ; represents the predicted confidence values.

In online scenarios, we ensure that SCNet predictions align
with the system’s safety objectives by conducting online
training in coordination with safe DRL. This collaboration
enhances training efficiency and overall system safety. To
enable SCNet to effectively differentiate between high-risk and
low-risk situations while minimizing unnecessary intervention
in low-risk cases, we define the loss function for online
training based on (16):

=1, if reonision > ¥

AConline(econf) = { ’

0, if reottision < Y

2n

where v is a predefined safety threshold. When the collision
risk exceeds this threshold, the loss function penalizes the
network by assigning a loss of -1. This drives the network
to focus on reducing collision risk. If the risk is below
the threshold, the loss is set to 0, indicating no immediate
corrective action is required (see Algorithm 1, lines 12-13).
2) Reachability-based Safe Certificate: We enhance the
reachability safety certificate process by integrating the SC-
Net into the probabilistic zonotope framework. The planned
trajectory {7*}, can be written as the confidence reachable
set Rif’i‘f including uncertainty based on (4) and (6):
RN — X (ceonf Geonf| yeont) |

T*

(22)

where ¢ and G represent the trajectory center and
generator matrix generated by NMPC; X represents the
covariance matrix representing the stochastic uncertainty up-
dated by the SCNet (see Algorithm 1, line 7).

To prevent collisions from naive policy rollout, we would
check whether the confidence reachable set R within the
predictive time horizon includes fault-safe operations. The
criterion for checking is to ensure the reachable set remains
free from collisions with obstacles:

Rs?*nf N Xobs = @ 5 (23)

where Xy, represents the union of zones constrained by
obstacles perceived by the UAV as well as the UAV’s hovering
state (see Algorithm 1, lines 8-10).

3) Reward Shaping: If the above safe conditions are not
met, the agent-environment interaction will be directly termi-
nated, and output a predictive safety violation penalty thereby
improving the safety of the training process. The predictive
safety violation penalty is defined as

Cy  if REM O Xyps # 0
P collision — ’

0 otherwise

(24)

where C'y is a negative constant penalty value applied when
an intersection occurs.



This kind of shielding strategy is realized by re-designing
the reward function of safe DRL, which is crafted to assess
the quality of R and can be formalized as

(25)

’
r=r-+ws- Pcollision 5

where ws is the coefficient that scales the impact of the Peopision
(see Algorithm 1, line 15).

To avoid excessive penalties and achieve a balance between
positive safety certification and actual interaction collision
penalties, the relationship between Peonision and we of the
Tcollision is as

€collision 1T Peollisi 0
wy = { collision collision 7& 7 (26)

Weollision  Otherwise

where weonision 1S the standard collision penalty coefficient, and
€collision 1 @ very small value (e.g., 0.00001).

Algorithm 1 DCRPO

Input: Initial UAV state x(, safe DRL policy 7 with param-
eters 6., NMPC controller, SCNet with parameters onf,
offline training dataset Dfaine = {(Xq,1, Ug,t, Wqt,01)},
confidence threshold «, prediction horizon N, safety
threshold ~, constants Cy, C5, and weighting coefficients
Wi, Wa, Ws.

Output: Optimized policy 7*(6,) and updated SCNet.

1: Initialize safe DRL policy parameters 6, (randomly ini-
tialized)
2: Initialize SCNet parameters O.o,¢ (pre-trained with offline
dataset)
3: for each time step ¢ do
: Obtain current observation S from the environment >
Eq. (10)

5: Calculate high-level safe decision 7*(6,) ensuring
safety constraints are satisfied > Eq. (9)

6 Calculate the planned trajectory {7*}Y, © Eq. (18)

7: Calculate confidence reachable set R?,_"Pf > Eq. (22)

8: if RS N Xyps # ) then

9: Apply penalty Peoliision > Eq. (24)

10: Terminate interaction and log safety violation

11: else

12: Calculate SCNet online 108s Lonline > Eq. (21)

13: Update SCNet parameters Oonf

14: end if

15: Calculate reshaped reward r’ > Eq. (25)

16: Update safe DRL policy 7 parameters 6, based on r’
17: end for

IV. EXPERIMENTAL VALIDATION

We apply the proposed DCRPO framework to tackle the
complex challenge of agile UAV flight in dynamic environ-
ments, as illustrated in Fig. 4. Specifically, we focus on
enabling the UAV to fly through a fast-moving rectangular
gate and reach the subsequent goal point. Successfully flying
through this fast-moving gate allows UAVs to operate in noisy
environments where free space is constantly changing. This

z(m)

4
x(m)

Fig. 4: Tllustration of the scenario and the rectangular gate
model. The UAV traverses a moving gate (solid brown rectan-
gle) from a random starting point (solid green dot) and reaches
the goal point (solid red dot).

task is challenging, as the UAV must simultaneously plan an
accurate trajectory through the center of a moving gate, reach
the goal point under varying environmental noise, and maintain
precise control to follow the trajectory.

A. Dynamics Model

1) Quadrotor Dynamics Model: In this study, the UAV’s
continuous-time kinematics model can be written as [36]:

p A%
. T
.0, @
g=| 4 |=], ol Y
v m (qG (frez) - gez)
wp I (1 — wy x Jwy)
where p = [2,9,2]", 4 = [¢0,4s,4y,q:] and v =

[UI, Uy, UZ}T are the position vector, the unit attitude quater-
nions, and the velocity vector of the quadrotor’s center-of-mass
(COM) in the world frame, respectively. wy, = [wy,wy,w,]"
is the angular velocity in body frame, [0, ] is the rotation
represented by quaternion. g is the gravity constant and
e, = [0,0,1]T. The collective thrust and the three-dimensional
torque produced by the rotor forces f;,Vi € [1,4] are denoted
as f, and 7. = [7,7,,7.]7, respectively. The matrix J
is the inertia of the UAV. The full state and control input
of the quadrotor are defined as x, = [p,v,q, wb]T and
u, = [f1, f2, f3, f4]T, respectively.

2) Gate Dynamics Model: The dynamic rectangular gate is
modeled with constant velocity nominal dynamics:

W oW
pg _Vg?

Wy =0,=0, (28)
T , T
where pY = [24,Yg, 24| and V¥ = [vsg,Vyg,v2g]  are the
position vector and linear velocity vector of the gate’s COM
in the world frame, respectively. The rectangular gate frame is
depicted in Fig. 4. Assuming the gate is perpendicular to the
ground, it rotates by an angle 8, in the x4042, plane, with its
initial angle 0, o inversely proportional to the gate’s width [,.
wgy is angular rate and its rate of change is zero. Thus, gate
states are defined as x, = [py, vy, HQ]T.



B. Experimental Settings

1) Environment Configuration: To validate the effectiveness
of the proposed methodology for safe interaction in complex
dynamic environments, we select a high-risk task where a
UAV flies from an initial point through a fast-moving rotating
gate and reaches a goal point, as shown in Fig. 4. To train
and test the DRL-based policies, we create a dynamic and
highly randomized scenario in the simulator, resetting the
system in random states. Specifically, the UAV’s initial state
(position, orientation, and heading), target point location, and
the gate’s initial state (position and rotational angular velocity)
are randomly chosen according to a uniform distribution. To
simulate the uncertain noise dynamics in the environment, we
set the observation noise as Gaussian with a mean of 0 and a
covariance matrix that follows a uniform random distribution,
which is reset for each task. The environmental physical
parameters, such as arm length [, are detailed in Table III.
Specifically, the UAV’s initial positions py and goal positions
Pgoal are initialized with uniform random perturbations for
each training iteration, whereas the remaining UAV initial
states are fixed at zero. The dynamic gate’s velocity v’ is
drawn from a Gaussian distribution, while the initial angular
rate of the gate 0, and the UAV’s yaw angle are sampled
from a uniform distribution.

TABLE III: Experiment Parameters

Notations  Specifications Value

Po UAV initial position [0,—8,0]T m*

Yo UAV initial yaw angle U(—0.1,0.1) rad
Pgoal UAV goal position [0,8,0]T m*

\7 Gate time-varying velocity N(p,0?) m/s

o Gate velocity standard deviation  diag(0.1,0.1,0.1) m/s
04,0 Gate initial angle U(—%,%) rad/s

g Gravity constant 9.85 m/s?

m UAV weight 0.5 kg

lq UAV arm length 0.85 m

lg Gate width U(1.8,2.5) m

J UAV moment of inertia [0.003,0.003, 0.004] T kg-m?
w Gaussian observation noise N(0,2,)**

* po and pgoq are perturbed by U(—5,5).
#* 3y = Kjevel X 0.012 X I, where Kkjeyel € {0,0.01,0.05} is the noise
level coefficient and I is the identity matrix.

2) Implementation Details: We utilize the actor-critic archi-
tecture [37] as our DRL agent in solving the UAV interaction
problem. The policy and value functions are implemented
using neural networks, with the network architecture and key
parameters detailed in Table IV.

We employ CasADi [38] with IPOPT [39] as the solver
for the numerical optimization problem. The algorithm and
associated control procedures are implemented in Python,
where PyTorch [13] is utilized for constructing the neural
network. For NMPC, we set the time step df = 0.1 s and
a prediction horizon of N = 50. All code is executed on a
desktop computer equipped with an Intel i7-13700KF CPU
and an Nvidia RTX 4070 Ti GPU.

TABLE IV: Hyperparameters of The Safe DRL Algorithm

Parameters Value
Safe DRL
Discount factor ~y 0.99
Actor Learning rate 3e-4
Critic Learning rate le-3
Total episodes 300
Minibatch size 100
Approximation function MLP
Hidden layers 4
Neurons per layer 256
Activation RELU
Optimizer Adam
Reply buffer size 4e5
SCNet
Discount factor ~y 0.99
Learning rate le-4
Minibatch size 100
Approximation function MLP
Hidden layers 2
Neurons per layer 256
Activation RELU
Optimizer Adam

C. Baseline Methods

We conduct a comparative evaluation using several baseline
methods, ensuring that the inputs and outputs for all baselines
are consistent with those of the proposed method.

DRL-RA: This method employs reachability analysis (RA)
based on forward invariance theory to evaluate policy safety
[40]. The forward accuracy set captures all states reachable
from bounded initial conditions under various inputs within
a finite or infinite time horizon. The system is deemed safe
if this set does not intersect with unsafe regions. DRL-RA
integrates these principles as a state-of-the-art DRL method
for safety assessment.

DRL-RS: This reward shaping (RS) baseline augments the
DRL reward function with a fixed-penalty term reflecting
the distance to a moving gate [41]. By incorporating prior
knowledge as an additional penalty, the agent is guided to
maintain safe distances from obstacles. This baseline is used
to evaluate the effectiveness of our method compared to
traditional reward-based safety integration.

DRIL: The DRIL framework decomposes training into two
stages [18]. It first uses DRL to train a neural network for
static gate navigation, then applies supervised learning with
a binary search algorithm to adapt the network for dynamic
environments. DRIL serves as a benchmark to compare the
advantages of our DCRPO over imitation learning methods.

DRL-CBF': This method integrates CBF into DRL to define
and maintain safety states through energy-based constraints
[17]. The CBF constraint,B(s) £ h(s) + uh(s) < 0 with p €
(0, 1), regulates system energy as it methods safety boundaries.
This baseline assesses whether DCRPO offers improvements
over conventional energy-function-based safety methods.

D. Metrics

To evaluate the UAV flight interaction policy, we use
specific metrics during both training and testing phases.

Training Metrics: The training performance is assessed
using three metrics: (1) mean reward reflects the average
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Fig. 5: Comprehensive training performance of different agents on the interaction task between UAV and fast-moving rectangular
gate. (a) Mean reward. (b) Cumulative training collisions. (c) Episode violation rate.

performance of agents per episode; (2) cumulative training
collisions measure exploration safety by counting total colli-
sions since training began; (3) episode violation rate reflects
the frequency of constraint violations per episode during policy
learning. Notably, we do not terminate the episode upon
encountering a violation. Among these, cumulative training
collisions are the primary safety indicator in critical DRL
tasks.

Test Metrics: Post-training, seven metrics are used to evalu-
ate the DRL agent: (1) safe rate is the proportion of episodes
without collisions; (2) goal rate is the percentage of successful
goal completions; (3) mean/max speed reflect the ratio of
average to maximum speed, indicating agility; (4) reaching
time indicates the time taken for the UAV to reach the goal; (5)
computing time reflects the algorithm’s computational load;
(6) traversal error represents the mean and standard deviation
of the distance error between the UAV and gate centers at
traversal; and (7) goal error indicatesthe mean and standard
deviation of distance errors to the goal.

TABLE V: Training Assessment Results in The Last 100
Episodes, Including the Mean and Standard Deviation (in
brackets).

Methods  Mean reward Cumulative training Episode violation
collisions rate (%)
DCRPO 81.03 (5.86) 68.67 (4.92) 0.14 (0.11)
DRL-RA 68.10 (6.07) 92.16 (4.66) 0.22 (0.11)
DRL-RS 60.98 (8.46) 121.90 (4.95) 0.29 (0.16)
DRIL 51.79 (10.91) 157.83 (5.32) 0.35 (0.17)
DRL-CBF  46.84 (12.53) 178.10 (5.77) 0.60 (0.16)

V. RESULT AND ANALYSIS

We evaluate the proposed method from two perspectives:
training performance evaluation and test task evaluation.

A. Training Evaluation

We first evaluate the proposed algorithm during policy
search, focusing on the agent’s optimal training outcomes and
the guarantee of safe exploration. Fig. 5 presents the overall
training results and Table V shows the quantitative results of
the training evaluation over the last 100 episodes, including

mean and standard deviation. To ensure a fair comparison,
each task for each algorithm is repeated with seven identical
random seed sequences.

From the training rewards shown in Fig. 5(a), DCRPO
achieves a significantly higher mean reward of 81.03 (with a
standard deviation of 5.86), surpassing the closest competitor,
DRL-RA, which only reaches 68.10 (6.07). While DRL-RA
offers competitive performance in some aspects, it falls short
in terms of safety, as reflected by its high collision count and
violation rate. The other methods, DRL-RS, DRIL, and DRL-
CBF, show lower mean rewards of 60.98 (8.46), 51.79 (10.91),
and 46.84 (12.53), respectively. This indicates that DCRPO
can rapidly improve its policy, achieving the highest asymp-
totic performance with minimal performance variation. As
depicted by the total collision count in 5(b), the reachability-
based DCRPO, due to its ability to assess potential risks in the
forward-predicted trajectory, experiences significantly fewer
collisions during interaction with the environment compared
to other algorithms. The proposed DCRPO, enhanced by deep
confidence network-based reachability guarantees, further im-
proves the accuracy of reachability verification, resulting in
the lowest total number of collisions. Specifically, DCRPO
reduces total collisions by 25.49%, 43.67%, 56.49%, and
61.44% compared to the DRL-RA, DRL-RS, DRIL, and DRL-
CBF methods, respectively. The superiority of DCRPO in
ensuring training safety is further illustrated by the episode
violation rate shown in Fig. 5(c), which progressively methods
zero as the intermediate policy search progresses. The lower
violation rate indicates that DCRPO is highly effective in
adhering to safety constraints during training, as the DCRPO
is designed to minimize the likelihood of the UAV breaching
safety boundaries. This performance advantage is critical in
safety-sensitive applications, as it ensures that the UAV oper-
ates within predefined safety limits at all times.

In a word, the DCRPO’s ability to efficiently search for an
optimal policy with high average rewards while minimizing
collision behavior highlights its effectiveness in achieving both
safety and performance objectives.

B. Test Evaluation

In this section, the post-trained safe DRL agent of each
algorithm is tested using a series of simulated scenarios with
randomly generated features. To evaluate the task completion
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Fig. 6: Three test scenarios with different noise levels and gate velocities. Left: The 3D planned trajectory for flying through
a dynamic rectangular gate, with a color bar indicating the quadrotor’s velocity (m/s). The initial state of the fast-moving gate
is represented in black, its state during traversal in orange, and its final state in gray. Middle: Trajectories of the quadrotor
(solid line) and the fast-moving gate (dashed line). Right: The predicted traversal time variable output by the DRL policy. The
vertical dashed black lines indicate the moments when the quadrotor is traversing the gate.
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Fig. 7: Statistical results of different strategies in the test scene.

capability of the proposed method under well-trained con-
ditions, we conduct batch tests across three different levels
of environmental noise. Noise level (0) indicates the absence
of noise, and other noise levels (1) and (2) are modeled
as Gaussian with A/(0,0.01T) and A(0,0.051) distributions,
where I is the identity matrix. Each environment is tested with
1000 random trials.

Three random test samples with different levels of environ-
mental noise and varying average gate speeds are shown in
Fig. 6. Our method allows the UAV to navigate through the
dynamic rectangular gate as closely as possible to the goal
while adapting to varying noise levels, gate speeds, and sizes.
As illustrated in the 3D trajectory on the left side of Fig. 6, the
UAV successfully enters the predefined safe traversal area of
the gate while maintaining an optimal posture. Furthermore,
considering the receding horizon method of NMPC, the time
from the initial point to the optimal position corresponds to
the traversal time output by the DRL policy. The execution
trajectories comparison between the UAV and the moving gate,
shown in the middle of Fig. 6, demonstrates that as the DRL-
predicted traversal time methods zero (right side of Fig. 6,
indicated by the vertical black dashed line), the UAV gradually
decelerates and aligns itself with the centroid of the gate to
ensure a safe passage.

Additionally, each DRL-based algorithm is comprehen-



TABLE VI: Comparison of Test Statistical Results in Three Scenarios. Reaching Time and Computing Time Are Presented

With the Mean Value and Standard Deviation (in brackets).

Methods Metric Noise Level (0) Noise Level (1) Noise Level (2) Summary
Safe rate (%) 100.00 100.00 99.60 99.87
Goal rate (%) 98.80 96.20 94.80 96.60
DCRPO Mean/max speed (m/s) 3.32/7.80 2.62/5.98 3.18/7.66 3.04/7.15
Reaching time (ms) 5.21 (2.52) 5.39 (2.02) 5.44 (3.23) 5.35 (2.59)
Computing time (ms) 18.97 (1.63) 19.48 (2.31) 20.16 (1.91) 19.54 (1.95)
Safe rate (%) 100.00 99.20 96.40 98.53
Goal rate (%) 92.80 84.60 83.60 87.00
DRL-RA Mean/max speed (m/s) 3.43/8.19 3.32/8.14 3.28/9.92 3.34/8.75
Reaching time (ms) 5.27 (2.24) 5.35 (2.92) 5.52 (3.57) 5.38 (2.91)
Computing time (ms) 18.94 (4.58) 18.99 (2.59) 20.95 (4.38) 19.63 (3.85)
Safe rate (%) 100 99.80 97.00 98.93
Goal rate (%) 92.60 83.80 81.40 85.94
DRL-RS Mean/max speed (m/s) 2.76/7.47 2.71/6.69 3.02/7.44 2.83/7.20
Reaching time (ms) 5.30 (3.25) 5.34 (2.01) 5.61 (2.78) 5.42 (2.68)
Computing time (ms) 16.46 (3.74) 14.28 (1.85) 15.01 (4.14) 15.25 (3.24)
Safe rate (%) 99.60 95.80 95.40 96.93
Goal rate (%) 86.60 85.40 82.20 84.73
DRIL Mean/max speed (m/s) 3.55/7.98 3.61/7.07 2.82/7.26 3.32/7.44
Reaching time (ms) 5.44 (2.67) 5.73 (2.25) 5.89 (3.91) 5.69 (2.94)
Computing time (ms) 16.96 (4.09) 17.30 (3.76) 17.98 (3.95) 17.41 (3.93)
Safe rate (%) 96.00 93.40 92.80 94.07
Goal rate (%) 77.80 74.60 64.80 72.40
DRL-CBF Mean/max speed (m/s) 2.83/7.33 3.16/7.50 3.38/7.81 3.12/7.55
Reaching time (ms) 5.71 (3.68) 5.94 (3.09) 6.32 (3.95) 5.99 (3.57)
Computing time (ms) 18.28 (2.19) 17.30 (1.72) 20.77 (3.32) 18.78 (2.41)

TABLE VII: Module-level Average Computing Time (ms).

Method DRL NMPC SCNet
DCRPO 7.14 (0.98) 9.83 (1.23) 2.51 (0.47)
DRL-RA 8.35 (1.07) 10.59 (1.46) -
DRL-RS 7.92 (1.13) 7.33 (1.05) -
DRIL 8.12 (1.12) 8.94 (1.28) -
DRL-CBF 8.77 (1.22) 9.51 (1.30) -

sively evaluated from several perspectives: safe rate, goal
achievement rate, average-to-maximum speed ratio, reaching
time, and computing time. The results of 500 random test
samples for each noise level are summarized in Table VI
The findings indicate that DCRPO, DRL-RA, and DRL-RS
maintained safety across all trials in the no-noise scenario
(noise level (0)), with other methods also demonstrating high
safety. As the level of environmental noise increases, the
DCRPO shows a significant advantage, particularly in terms
of safety and goal achievement rate. The DCRPO maintains
an enhanced safety rate across all noise levels, averaging
99.87%, outperforming other methods, especially DRL-CBF,
which only achieves a safety rate of 94.07%. However, there
were considerable differences in their ability to safely achieve
the target. The DCRPO improves the goal rate by 11.03%,
12.40%, 14.00%, and 33.43% compared to DRL-RA, DRL-
RS, DRIL, and DRL-CBEF, respectively. This reflects DCRPO’s
ability to effectively adjust its policy and achieve mission goals

even under varying noise conditions. The high goal rate of
DCRPO underscores its effective balance between safety and
mission completion.

In terms of computing time, DCRPO records an average
of 19.54 ms, slightly higher than that of DRL-RS (15.25
ms). While DCRPO’s reaching time and computing time are
competitive, it manages a balanced trade-off between com-
putational efficiency and safety, outperforming other baseline
methods in overall performance. Notably, the conservative
nature of DRL-CBF, as indicated by its lower goal rate and
longer reaching time, highlights the limitations of energy-
based methods, which lead to a smaller feasible set and
reduced overall performance.

The statistical results for the different strategies evaluated
in all test sampling scenarios are summarized in Fig. 7.
DCRPO maintains high flight efficiency (average speed v,)
while achieving the lowest traversal distance error and goal
distance error compared to other baseline methods, indicating
the highest task completion rate for interactive missions. This
is due to the deep confidence-enhanced reachability analysis
in DCRPO, which allows for more accurate risk prediction
and mitigation during trajectory planning. Overall, DCRPO
performs on par with DRL-RA in simple environments and
surpasses it in more challenging scenarios, making DCRPO a
safe and effective solution for real-time trajectory planning of
UAVs in complex and dynamic environments.

To evaluate the real-time feasibility of DCRPO for onboard



UAV deployment, Table VII presents the average inference
time for each major module, including safe DRL, NMPC, and
SCNet, under noise level (1). The total average inference time
of DCRPO is 19.48 ms per step. Among the modules, NMPC
requires the most computation time at 9.83 ms (standard
deviation 1.23), followed by the DRL network at 7.14 ms
(0.98), and SCNet at 2.51 ms (0.47). Compared with baseline
methods, DCRPO has a slightly higher computational cost
due to the SCNet module. However, each submodule remains
under 10 ms on average, and the total time is capable of
satisfying typical UAV real-time control [42]. Importantly, the
SCNet adds only about 13% to the total computation time,
while significantly improving system safety and robustness.
These results confirm that DCRPO achieves a practical balance
between computational efficiency and enhanced safety.

VI. CONCLUSION AND FUTURE WORK

In this paper, we present a DCRPO framework to address
the challenge of optimizing UAV trajectory planning and
control in complex dynamic environments. This framework
integrates joint planning and control to enhance UAV safety
and performance in real-time applications. By combining safe
DRL with NMPC, DCRPO provides a secure and efficient
solution for UAV joint planning and control, enabling seam-
less interaction with complex dynamic environments. Further-
more, by incorporating deep confidence-enhanced reachability
guarantees, DCRPO minimizes potential collision risks in
advance, achieving a balance between safety and task com-
pletion performance. This method offers a solution to ensure
safe operation within predefined constraints while adapting
to dynamic conditions, particularly in safety-critical scenarios
involving rapidly moving rotating gates. Experimental results
show that DCRPO significantly outperforms other state-of-
the-art baseline methods in terms of rewards, safety metrics,
and goal achievement rates. In test scenarios with varying
environmental noise levels, DCRPO consistently maintains
high safety and goal achievement rates, demonstrating its
robustness and adaptability in handling complex and dynamic
environments.

While DCRPO achieves promising results, it has some
limitations. Its reachability analysis increases computation
time, and its effectiveness has only been tested in simulations.
Future research should conduct real-world experiments to
evaluate DCRPO’s performance under different conditions and
hardware constraints.
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