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Abstract: This paper considers the safety-critical control problem for UAVs in dynamic envi-
ronments. To handle this, we propose a novel hierarchical safe reinforcement learning control
via adaptive control barrier function (ACBF) and interacting multiple model (IMM). In the
proposed hierarchical control method, the upper layer employs a proximal policy optimization
(PPO) algorithm to generate reference control inputs that are capable of adapting to uncertain
environments. While in the lower safety filter layer, we design a three-dimensional IMM to
accurately predict the future finite-horizon trajectories of dynamic obstacles. Integrating these
predictions, a novel ACBF with an adaptive coefficient is proposed to modify the reference inputs
generated by the upper layer, thereby rigorously ensure the strict safety of UAVs in dynamic
obstacle environments. The primary advantage of the proposed hierarchical control method lies
in its dual capability to fully guarantee safety and well accommodate the variability of dynamic
environments. The superiorities of the proposed control method are verified via simulation results.

Keywords: safe reinforcement learning; control barrier function (CBF); interacting multiple
model (IMM); obstacle avoidance; proximal policy optimization (PPO)

1. Introduction

Unmanned aerial vehicles (UAVs) have been widely ap-
plied in complex scenarios including disaster rescue and aerial
inspection, which imposes stringent requirements for robust and
high-precision control strategies [1,2]. Conventional UAV con-
trol methodologies are predominantly based on model-driven
approache. For example, PID control, a well-established tech-
nique celebrated for its structural simplicity, remains the core
component of industrial autopilot systems [3,4]. Model predic-
tive control (MPC) has been intensively studied to overcome the
limitations of linear control in handling system constraints and
optimizing flight trajectories [5]. Meanwhile, nonlinear con-
trol strategies such as sliding mode control and backstepping
control have been developed to tackle the inherent nonlinear
dynamics of quadrotors [6,7]. Nevertheless, the performance
of these model-based approaches is highly dependent on the
accuracy of physical system parameters. In practical plants
including flight scenarios with aerodynamic disturbances and
unmodeled dynamics, it is often difficult to establish an accurate
mathematical model, which inevitably leads to the degradation
of control performance [8–10].

To alleviate the heavy dependence on accurate dynamic
models, reinforcement learning (RL) has emerged as a promis-
ing data-driven control paradigm [11–13]. By learning optimal

policies through online interaction with the environment, RL
exhibits superior adaptability in high-dimensional and com-
plex mission scenarios. Notably, Kaufmann et al. recently
demonstrated a landmark result, where a deep RL-based drone
achieved superior performance over professional human pilots
in high-speed autonomous racing [11]. Despite these impres-
sive advances, conventional RL algorithms focus primarily on
maximizing cumulative rewards while neglecting critical safety
constraints. The absence of formal safety guarantees, together
with the high risk of catastrophic failures during exploratory
training, significantly restricts the practical deployment of RL
in safety-critical UAV applications.

In this context, safe RL has garnered considerable re-
search attention, as it integrates the environmental adaptability
of learning-based methods with rigorous formal safety guaran-
tees. State-of-the-art safe RL approaches are generally classified
into two categories: soft constraint methods that impose safety
penalties on reward functions, and hard constraint methods
derived from classical control theory [14,15]. The former typi-
cally reformulate constrained Markov decision processes into
unconstrained dual forms to strike a trade-off between reward
maximization and constraint adherence [16, 17]. However,
these methods often suffer from training instability and cannot
strictly guarantee safety during the learning process due to the
lagging nature of penalty updates. Conversely, hard constraint
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methods enforce safety via explicit manifold restriction [18].
Beyond their rigorous certifications, their primary drawbacks
lie in strict real-time rigidity and limited scalability, where the
demand for high-frequency optimization scales poorly with
increasing environmental complexity.

To implement such hard constraints in practical UAV
navigation, researchers have traditionally drawn inspiration
from geometric and force-field methods such as artificial po-
tential field (APF) algorithms [19] and Voronoi diagram-based
techniques [20, 21]. Although these methods can offer ba-
sic collision avoidance, they are often plagued by inherent
drawbacks such as vulnerability to local minima and high com-
putational complexity, which impairs real-time responsiveness
in high-speed flight. To overcome these limitations, control
barrier functions (CBFs) have emerged as a prominent formal
safety technique [22–24]. Unlike APF, CBFs ensure the forward
invariance of a safe set by mapping safety requirements into
linear constraints within a real-time quadratic program (QP) [25].
This framework acts as a safety filter that provides rigorous
certificates with minimal computational overhead. While CBFs
can effectively maintain system safety, they typically require
a performance-oriented nominal controller to guide the sys-
tem toward its desired goal. Consequently, the integration of
CBFs with RL has demonstrated a potent synergistic paradigm.
In this framework, CBFs serve as rigorous safety filters that
project the actions generated by an RL policy onto a predefined
safe set in real time. This approach ensures strict safety guar-
antees throughout the control process, while simultaneously
leveraging the adaptive and goal-oriented capabilities inherent
in learning-based methods [26–28].

To handle environmental uncertainties that may com-
promise the safety performance of the system, safety-critical
control methods through ACBF have been proposed in [29,30].
However, their practical implementation for UAVs operating in
complex dynamic scenarios remains fraught with challenges
due to the inability to perform accurate prediction. The con-
struction of valid CBFs for dynamic obstacles demands accurate
prediction of their future motion trajectories [31]. The IMM
algorithm [32–34] is a well-established method renowned for its
robust performance in maneuvering target tracking. Nevertheless,
the development of a unified framework that can concurrently ad-
dress dynamic environmental constraints and system parametric
uncertainties remains an open research problem.

This paper addresses the safety-critical control problem
for UAVs operating in dynamic environments. To tackle this
problem, we propose a novel hierarchical safe reinforcement
learning control framework based on the ACBF and IMM.
In the proposed hierarchical control method, the upper layer
employs a PPO algorithm to generate reference control inputs
that can adapt to uncertain environments. In the lower safety
filter layer, by leveraging the IMM algorithm to achieve high-
precision state estimation and trajectory prediction of dynamic
obstacles, the obtained predictive information can be explicitly
embedded into the safety constraint formulation of ACBFs,
thereby enabling proactive and real-time avoidance of moving

objects. The main contributions of this work are summarized
as follows:
(1) A hierarchical safe reinforcement learning framework is

proposed, which integrates a PPO-based upper layer with a
novel lower safety filter layer built upon the ACBF. This
design synergizes the strong environmental adaptability of
reinforcement learning with the rigorous safety guarantees
of ACBF, where an adaptive coefficient dynamically adjusts
control inputs to ensure strict safety in complex scenarios.

(2) Different from separated prediction or instantaneous CBF
design in prior studies [22–24], we deduce a unified map-
ping formula converting 3D IMM predicted multi-step
obstacle trajectories into HOCBF inequality constraints,
and supplement prediction delay compensation terms for
adaptive barrier coefficients. The integrated predictive
safety module realizes proactive pre-collision evasion in-
stead of passive emergency correction, and the theoretical
derivation of prediction-safety coupling is original in UAV
safe control research. No single IMM or CBF algorithm
can achieve this forward-looking hard safety guarantee.

(3) Compared with conventional end-to-end RL obstacle-
avoidance methods [35, 36], the proposed hierarchical
safe reinforcement learning control framework substan-
tially reduces training time and sample complexity by
offloading safety-critical constraints to the ACBF module,
while maintaining superior safety and task performance.

2. Preliminaries

The continuous-time dynamics of the quadrotor are mod-
eled as follows:ṗ(t) = v(t)

v̇(t) = −gE +
1
m
REfu(t)

(1)

where p(t) = [px(t), py(t), pz(t)] ∈ R3 and v(t) =

[vx(t), vy(t), vz(t)] ∈ R3 denote the position and velocity
vectors in the inertial frame, respectively. fu(t) represents the
total propulsive force generated by the four rotors expressed
in the body frame. E = [0, 0, 1]T is the unit vector along the
vertical axis, g is the gravitational acceleration, and m is the
mass of the quadrotor UAV.R denotes the rotation matrix from
the body frame to the inertial frame. As illustrated in Figure 1,
the system has six degrees of freedom to be controlled.

By applying the forward Euler method with a sampling
period ∆t, the discretized version of system (1) at time step k
is expressed asp(k + 1) = p(k) + ∆tv(k)

v(k + 1) = v(k)−∆tgE +
∆t

m
REfu(k).

(2)
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Figure 1. The schematic diagram of position and velocity
vectors in the inertial frame.

Let x(k) = [p(k)T , v(k)T ]T ∈ R6. The discrete-time
dynamics derived from (2) can be compactly expressed as

x(k + 1) = Φx(k) + Γu(k) + gvec (3)

where u(k) = 1
mREfu(k) ∈ R3 is the control input,

gvec = [0, 0, 0,−∆tgET ]T represents the gravitational term,
and the system matrices are defined as:

Φ =

[
I3 ∆tI3

03 I3

]
, Γ =

[
03

∆tI3

]
(4)

where I3 and 03 denote the identity matrix and zero matrix
with 3 × 3 dimension, respectively.

To design the safety-critical position controller for the
UAV, we introduce high-order discrete-time control barrier
functions. This framework systematically constructs safety
constraints for systems where the relative degree r > 1.

Definition 1 (Relative Degree [37]). A scalar function
h(x(k)) : Rn → R is said to have relative degree r for discrete-
time system (3) if the control input u(k) explicitly appears for
the first time in the r-step ahead prediction h(x(k + r)).

Next, we specifically design the high-order discrete-time
CBF. For the discrete-time system (3), a sequence of functions
ψi(x(k)) is defined based on the given function h(x(k)) of
relative degree r:

ψ0(x(k)) := h(x(k))

ψi(x(k)) := ∆ψi−1(x(k)) + γiψi−1(x(k)),

i ∈ {1, . . . , r − 1}
ψr(x(k), u(k)) := ∆ψr−1(x(k), u(k)) + γrψr−1(x(k))

(5)

where ∆ψi−1(x(k)) = ψi−1(x(k+ 1))−ψi−1(x(k)) denotes
the one-step difference, and γi ∈ (0, 1] are parameters associ-
ated with the linear class K functions.

Definition 2 (High-Order Discrete-Time CBF [37]). For the
discrete-time system, a continuous function h : Rn → R is a

high-order discrete-time CBF of relative degree r if there exist
auxiliary functions ψi(x(k)), i ∈ {0, 1, . . . , r} defined by (5)
and the sequence of sets C1, . . . , Cr is defined as:

Ci = {x(k) ∈ χ|ψi−1(x(k)) ≥ 0}, i ∈ {1, . . . , r} (6)

such that for all x(k) ∈
⋂r

i=1 Ci, there exists a control input
u(k) ∈ U satisfying:

ψr(x(k), u(k)) ≥ 0. (7)

Lemma 1 ([37]). Given a sequence of sets Ci, i ∈ {1, . . . , r},
defined by (6), and a continuous function h : Rn → R. If h is
a high-order discrete-time CBF of relative degree r defined on⋂r

i=1 Ci, then any discrete-time controller u(k) that ensures
condition (7) renders the set

⋂r
i=1 Ci forward invariant.

3. Hierarchical Learning-Based Safe Control Design via
ACBF

In this section, a novel hierarchical learning-based safe
control method is proposed to achieve position control while guar-
anteeing obstacle avoidance of UAVs in a dynamic environment.

In the proposed control method as shown in Figure 2, the
upper layer employs reinforcement learning to generate reference
control inputs that adapt to uncertain environments, while the
lower safety filter layer designs a high-order discrete-time ACBF
with IMM to modify these reference inputs, thereby rigorously
ensuring system safety in the presence of dynamic obstacles.
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Figure 2. The block diagram of the proposed hierarchical
safe reinforcement learning control method.

3.1. Reinforcement Learning-Based Control

To enhance the adaptability of UAVs in uncertain envi-
ronments, we employ PPO, a state-of-the-art reinforcement
learning algorithm, to learn optimal control policies for UAVs.
The training environment is formulated as a Markov decision
process (MDP) with a designed tuple (S,A,P,R, γ) to cap-
ture the full dynamics of the UAV. The agent learns the optimal
policy πθ to maximize the cumulative expected return through
interaction with the environment.

Specifically, the state vector s(k) ∈ S at time step k is de-
fined as s(k) = [v(k)T , e(k)T ]T , where e(k) = p∗(k)− p(k)

represents the relative position error vector from the UAV to
the target position p∗(k). This state vector corresponds to the
observation returned by the environment. The action vector
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a(k) ∈ A ⊆ R3 is normalized and mapped to the reference
control input uf (k) used in dynamics (3) as follows:

uf (k) = kma · a(k) + gE (8)

where kma is the maximum maneuvering acceleration coeffi-
cient, and gE compensates for the influence of gravity.

To guide the agent effectively, we design a multi-objective
composite reward function at time step k as

r(k) = rtr(k) + rds(k) + rbp(k) + rtp(k). (9)

The components in (9) are rigorously defined as follows:
• rtr(k) is the target-reaching reward, defined as

rtr(k) =

{
Mtr, ∥e(k)∥ < ϵtr

0, otherwise
(10)

where Mtr > 0 is the target coefficient and ϵtr > 0 is the
acceptance radius. This sparse reward is granted when
the UAV enters the acceptance radius.

• rds(k) denotes a distance-shaping reward that promotes
goal-directed velocity. A potential-based dense reward is
designed as

rds(k) =Mds · (∥e(k − 1)∥ − ∥e(k)∥) (11)

where Mds > 0 scales the improvement in distance from
the previous step to the current step. For the initial
step (k = 0), ∥e(−1)∥ is set to ∥e(0)∥, resulting in
rds(0) = 0.

• rbp(k) represents the boundary penalty term, defined as

rbp(k) =

{
−Mbp, p(k) /∈ B
0, otherwise

(12)

where Mbp is the boundary penalty coefficient and B is
the flight arena.

• rtp(k) is the time penalty term, designed as

rtp(k) = −Mtp ·∆t (13)

where Mtp > 0 penalizes the agent for each elapsed time
step, which encourages time-optimal trajectories.
To solve the formulated MDP and maximize the cumula-

tive reward defined in (9), we employ the PPO algorithm based
on the actor-critic architecture. Specifically, the actor network
πθ(a(k)|s(k)) serves as the controller, mapping the state s(k)
to the optimal action distribution, while the critic network
Vϕ(s(k)) evaluates the value of the state by estimating the
value function. PPO stabilizes the iterative training process by
utilizing a clipped surrogate objective that effectively limits the
magnitude of policy updates to prevent performance collapse.
The networks are updated iteratively to maximize a composite
objective that balances policy improvement, value estimation
accuracy, and an entropy bonus for exploration, ensuring the

UAV learns an efficient navigation strategy that converges to
the target.

While the optimized control inputs trained by the PPO
algorithm demonstrate strong adaptability in uncertain envi-
ronments, they cannot strictly guarantee obstacle avoidance.
To address this limitation, we propose a safety-critical control
method that combines ACBF with an improved IMM algorithm.
This approach constrains the reference control inputs trained by
the PPO algorithm within a designed safe set. The proposed
safety-critical control framework employs a novel IMM method
to predict the future trajectories of dynamic obstacles and formu-
lates an adaptive safety constraint using ACBF. By integrating
these predicted trajectory estimates with the adaptive safety
constraints, an optimal control problem is established to achieve
strict obstacle avoidance in cluttered environments.

3.2. IMM-Based Obstacle State Estimation

To ensure obstacle avoidance in dynamic environments, it
is desirable to predict the future states of obstacles. We design
an IMM method to track and predict the states of dynamic
obstacles. Let po(k) denote the obstacle’s position vector. To
capture different maneuvering behaviors of obstacles, we define
a model set M = {1, 2, 3}, where 1, 2, 3 stand for the constant
velocity (CV), constant acceleration (CA), and constant turn
rate (CT) models, respectively.

3.2.1. Kinematic Models

The discrete-time state transition process for the j-th
model (j ∈ M) is governed by

ξj(k + 1) = Fjξj(k) + wj(k)

yj(k) = Cjξj(k) + qj(k)
(14)

where Fj is the state transition matrix, wj(k) ∼ N (0, Qj) is
the process noise, and yj(k) is the measurement output.

In the IMM framework, the models in (14) ex-
hibit distinct mathematical forms while producing the
same position measurement output yj(k) = po(k) =

[po,x(k), po,y(k), po,z(k)]
T ∈ R3 for j = 1, 2, 3. Their re-

spective expressions are specified as follows.
• CV Model: The state vector ξ1 is defined as ξ1 =

[pTo , v
T
o ]

T ∈ R6, where vo = [vo,x, vo,y, vo,z]
T ∈ R3

denotes the velocity vector of the obstacle in the inertial
frame. The transition matrix is given as

F1 =

[
I3 ∆tI3

03 I3

]
. (15)

• CA Model: The state vector ξ2 is designed as ξ2 =

[pTo , v
T
o , a

T
o ]

T ∈ R9, where ao = [ao,x, ao,y, ao,z]
T ∈

R3 is the acceleration of the obstacle. The transition
matrix is designed as follows:
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F2 =

I3 ∆tI3
∆t2

2 I3

03 I3 ∆tI3

03 03 I3

 . (16)

• CT Model: This model captures coordinated turns in the
horizontal x-y plane with a turn rate Ω ∈ R, coupled with
linear motion along the z-axis. The state vector is de-
fined as ξ3 = [po,x, vo,x, po,y, vo,y, po,z, vo,z,Ω]

T ∈ R7.
The transition matrix F3 depends on the turn rate and is
defined as

F3(Ω) =



1 0 0 sin(Ω∆t)
Ω

− 1−cos(Ω∆t)
Ω

0 0
0 1 0 1−cos(Ω∆t)

Ω
sin(Ω∆t)

Ω
0 0

0 0 1 0 0 ∆t 0
0 0 0 cos(Ω∆t) − sin(Ω∆t) 0 0
0 0 0 sin(Ω∆t) cos(Ω∆t) 0 0
0 0 0 0 0 1 0
0 0 0 0 0 0 1


. (17)

Note that the acceleration states are not explicitly tracked
in this kinematic primitive. During the interaction step of the
IMM, the augmentation operator TCT maps this 6-dimensional
estimate to the common 9-dimensional space by appending zero-
acceleration components or estimating centripetal acceleration.

3.2.2. IMM Filter Cycle

Based on the models in (14), we employ the IMM al-
gorithm to obtain predictions of the obstacle position over a
finite horizon N > 0. The IMM algorithm recursively updates
the mode probabilities µ(j)(k) and the state estimates through
three steps: Interaction, Filtering, and Fusion.

The IMM algorithm operates recursively through three
sequential steps: interaction, model-matched filtering, and
probability update & fusion [32]. The overall architecture
of the proposed estimation and prediction pipeline is visually
depicted in Figure 3.

(1) Interaction (Mixing): First, the algorithm computes the
mixed initial conditions for each filter. To address the
dimension mismatch between heterogeneous models (e.g.,
CV’s R6 vs. CA’s R9), we employ a projection operator
Ti to map all local estimates to a common augmented
state space (here, R9). The mixed initial state ξ̄(0j)

k−1 for
filter j is computed as:

ξ̄
(0j)
k−1 =

∑
i∈M

µi|j(k − 1|k − 1)Ti(ξ̂(i)k−1) (18)

where µi|j is the mixing probability derived from the
Markov transition matrix [πij ] and the mode probabilities
µ(i)(k − 1) from the previous step.

(2) Model-Matched Filtering: Next, each filter j runs in-
dependently using the mixed initial state ξ̄(0j)

k−1 and the
current measurement to generate the updated state esti-
mate ξ̂(j)k and the model likelihood Λ(j)(k).

(3) Probability Update and Fusion: Finally, the mode proba-
bilities µ(j)(k) are updated via Bayes’ rule based on the
likelihoods. The global estimated obstacle position p̂o(k)

is obtained by fusing the augmented states from all filters:

p̂o(k) =
∑
j∈M

µ(j)(k) · Projp(ξ̂
(j)
k ) (19)

where Projp(·) extracts the position components from the
augmented state. This fused estimate and its propagated
future trajectory are directly fed into the ACBF module
to construct the safety barrier.

To construct the safety barrier for the finite horizon N ,
the ACBF framework requires the predicted obstacle trajectory
sequence p̄o(k) = [po(k|k), po(k + 1|k), . . . , po(k + N |k)],
where po(k+i|k) denote the i-step ahead prediction of po(k+i)
based on po(k). When i = 0, we have po(k|k) = po(k).

Based on the updated state estimate ξ̂(j)k and mode proba-
bility µ(j)(k) obtained from the IMM filter cycle, the future
position at prediction step i is computed by propagating each
model’s dynamics independently and then fusing them:

ξ̂
(j)
k+i|k = (Fj)

iξ̂
(j)
k , ∀i ∈ {0, . . . , N}, ∀j ∈ M

po(k + i|k) =
∑
j∈M

µ(j)(k) · Projp
(
ξ̂
(j)
k+i|k

)
.

(20)

Figure 3. The block diagram of the proposed IMM pre-
diction framework.

Remark 1. In the practical implementation of the IMM filter,
several key parameters are configured to ensure robust state
estimation. The process and measurement noise covariance
matrices are initialized as Qj = 0.05I and R = 0.05I , re-
spectively. The initial mode probabilities are set uniformly to
µ(j)(0) = 1/3. To reflect the persistence of the obstacle’s mo-
tion modes, the Markov transition probability matrix is defined
with diagonal elements πjj = 0.6 and off-diagonal elements
πij = 0.2 (i ̸= j). Furthermore, a sliding window of 20 time
steps is utilized to heuristically estimate the initial turn rate for
the CT model, and a moving average over the last 2 steps is
applied to smooth the model likelihoods, thereby preventing
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excessive mode switching. Finally, the prediction horizon is
set to N = 5 steps to balance computational efficiency and
predictive foresight.

3.3. ACBF-Based Safe Filter

To acquire the position and velocity predictions of the
UAV, we define p̄(k) = [p(k|k), p(k + 1|k), . . . , p(k +N |k)]
and v̄(k) = [v(k|k), v(k + 1|k), . . . , v(k + N |k)], where
p(k) = p(k|k), v(k) = v(k|k), and p(k + i|k), v(k + i|k)
denote the i-step predictions at the current time k. Based
on the system dynamics (3) and assuming the control input
u(k) is constant over the prediction horizon, we compute the
predictions p̄(k) and v̄(k) as follows:

p(k + 1|k) = p(k) + v(k)∆t

v(k + 1|k) = v(k) + (u(k)− gE)∆t

p(k + 2|k) = p(k + 1|k) + v(k + 1|k)∆t
...

v(k +N − 1|k) = v(k +N − 2|k) + (u(k)− gE)∆t

p(k +N |k) = p(k +N − 1|k) + v(k +N − 1|k)∆t.

(21)

Combining the position predictions of the UAV and ob-
stacle, we define the safety function h(p̄(k), p̄o(k)) as

h(p̄(k), p̄o(k)) =


h0(p(k|k), po(k|k))

...
hN (p(k +N |k), po(k +N |k))



=


1
2∥p(k|k)− po(k|k)∥2 − d2

s

...
1
2∥p(k +N |k)− po(k +N |k)∥2 − d2

s


(22)

where ds = rd + ro + sd represents the minimum safety dis-
tance, comprising the radius of the UAV rd, the radius of
obstacles ro and a cushion of protection sd.

Remark 2. Unlike traditional CBFs that only consider the safety
constraints at the current time instant [25,29], the designed CBFs
(22) incorporate safety considerations over a finite future time
horizon N via IMM and prediction technique, resulting in more
flexible safety constraints for highly dynamic obstacles.

Based on the system dynamics (3), it can be observed that
the defined CBF h in (22) is of second order. We define

ψ1(p̄(k), p̄o(k)) = ∆h(p̄(k), p̄o(k)) + α1h(p̄(k), p̄o(k)), (23)

where α1 ∈ (0, 1] and ∆h(p̄(k), p̄o(k)) = h(p̄(k+ 1), p̄o(k+
1))− h(p̄(k), p̄o(k)).

To ensure forward invariance of the safe set, the control
input u(k) must satisfy the second-order discrete-time CBF
constraint as:

∆ψ1(p̄(k), p̄o(k)) ≥ −α2ε(k)ψ1(p̄(k), p̄o(k)) (24)

where ∆ψ1(p̄(k), p̄o(k)) = ψ1(p̄(k + 1), p̄o(k + 1)) −
ψ1(p̄(k), p̄o(k)), and α2ε(k) ∈ (0, 1] denotes the decay rate
for the second-order CBF constraint.

In constraint (24), the time-varying term ε(k) represents
an adaptive coefficient that modulates the strictness of the con-
straint. To regulate the convergence of ε(k) towards a desired
reference ε∗(k), we construct a control Lyapunov function
(CLF) candidate Vε as

Vε(ε(k)) = (ε(k)− ε∗(k))2. (25)

The evolution of ε(k) is subject to a specific decay condi-
tion to ensure its exponential convergence to ε∗(k). To achieve
this, we impose the following constraint on ε(k):

∆Vε(ε(k)) + ηVε(ε(k)) ≤ δ (26)

where 0 < η < 1 and δ ≥ 0 is a relaxation factor to ensure
feasibility. Here, ∆Vε(ε(k)) = Vε(ε(k + 1))− Vε(ε(k)).

The desired reference penalty ε∗(k) adapts based on the
relative kinematics to tighten safety margins during dangerous
encounters. We define the relative collision angle θr via the
cosine similarity:

cos θr =
pr · vr

∥pr∥∥vr∥
(27)

where pr = po(k) − p(k) is the relative position vector and
vr = vo(k)− v(k) is the relative velocity vector.

As shown in Figure 4, a positive cos θr indicates the drone
and obstacle are converging. The desired adaptive reference
ε∗(k) is designed as

ε∗(k) = εmax
∥vr∥max(0, cos θr)

∥pr∥
(28)

where εmax is a parameter to be regulated. This formulation
ensures that the penalty upper bound decreases (safety tightens)
as the relative velocity increases or the distance decreases.

Figure 4. The schematic diagram of the proposed obstacle
avoidance algorithm with IMM.

With (24) and (26) in mind, we formulate the optimization
problem as follows:
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min
u,ε,δ

λu∥u− uf∥2 + λε(ε(k)− ε∗(k))2 + λδδ
2

s.t. ∆ψ1(p̄(k), p̄o(k)) ≥ −α2ε(k)ψ1(p̄(k), p̄o(k))

∆Vε(ε(k)) + ηVε(ε(k)) ≤ δ, δ ≥ 0

umin ≤ u ≤ umax

0 ≤ ε(k) ≤ 1
α2

(29)

where λu, λϵ, and λδ are three positive parameters.
The solution to the optimization problem (29) produces a

control input u(k) that strictly ensures obstacle avoidance and
asymptotically drives the UAV to the target position.

Remark 3. The optimization problem (29) serves as a hierar-
chical safety filter that addresses the conflict between mission
performance and strict safety. By minimizing the control de-
viation ∥u− uf∥2, the framework ensures that the RL-based
guidance is minimally modified to maintain the forward in-
variance of the safe set. The choice of λδ ≫ λu ensures the
hierarchy of safety over performance, while the specific config-
uration of α1 > α2 accommodates the inherent actuation lag in
the drone’s second-order kinematics. The adaptive coefficient
ε(k) allows the safety margin to adjust dynamically based on
relative kinematics, tightening constraints during high-risk
encounters to prioritize obstacle avoidance. Additionally, the
integration of the CLF and relaxation factor δ ensures smooth
parameter transitions and numerical feasibility, achieving a
robust balance between tracking efficiency and formal safety
guarantees. The notations used are listed in Table 1.

Table 1. The parameters of the three control methods.

Symbol Definition Value

RL Parameters

kma Max acceleration limit per axis 1.0 m/s2

Mtr
Terminal reward for reaching target
threshold (ϵtr) 100.0

Mds
Weight for dense distance-to-target
reduction 1.0

Mbp
Penalty for exceeding flight boundaries
(Out-of-Bounds) 10.0

Mtp Step-wise time penalty for efficiency 0.1

PID Controller Gains

KP,pos Proportional gain (Position: X, Y, Z) [0.4, 0.4, 1.25]
KI,pos Integral gain (Position: X, Y, Z) [0.05, 0.05, 0.05]
KD,pos Derivative gain (Position: X, Y, Z) [0.2, 0.2, 0.5]
KP,att Proportional gain (Attitude: R, P, Y) [312k, 312k, 70k]

ACBF Parameters

umax Physical motor thrust limit (normalized) ±1.0
amax Physical acceleration limits (m/s2) ±3.0
α1, α2 Convergence rates for safe set 0.8, 0.5
εmax Maximum adaptive safety margin 2.0
λu, λε Tracking and adaptive safety weights 1.0, 10.0
λδ Penalty for safety constraint violation 104

4. Simulation Validation

To rigorously evaluate the advantages of the proposed con-
trol method (named RL+ACBF), we compare it against two
baseline configurations. The first is a classical tracking controller

(named PID+ACBF), which is augmented with our proposed
safety filter with the traditional PID method [3]. The second is a
standalone PPO controller (named Pure RL), which is trained for
goal-reaching without an explicit safety layer and represents a
purely stochastic approach to obstacle avoidance.

In this section, we implement simulations using gym-
pybullet-drones [38], a Python-based physics simulation engine
that includes a swarm of Crazyflie drones and obstacles repre-
sented by spheres. The parameters of the CrazyFlie drones are
tabulated in Table 2.

Table 2. Modelling parameters of Crazyflie.

Variables Definition Value

∆t Simulation time step 0.05 s
g Gravitational acceleration 9.8 kg · m/s2

m Mass of quadrotor 0.027 kg
rd Drone collision radius 0.2 m
kma Maximum acceleration limit 12.0 m/s2

B Flight space boundaries (Min/Max) ±10.0 m
ϵtr Target reached threshold 0.1 m
lx, ly Inertia about x, y-axis 2.39 × 10−5 kg·m2

lz Inertia about z-axis 3.23 × 10−5 kg·m2

kf Motor’s thrust constant 3.16 × 10−10

km Motor’s torque constant 7.94 × 10−12

To verify the superiority of the proposed RL+ACBF con-
troller, three distinct scenarios are designed for evaluation.
These cases cover quadrotor interaction with: (1) linearly mov-
ing obstacles, (2) obstacles with accelerated motion, and (3)
obstacles traveling along an eight-shaped trajectory. For fair
comparison, identical control parameters are adopted across
all three scenarios, as summarized in Table 1.

The RL parameters are identical for both RL+ACBF and
Pure RL, and the ACBF parameters are consistent between
RL+ACBF and PID+ACBF. In the proposed RL+ACBF control
method, the prediction horizon is set as m = 5. The baseline
PID gains KP,pos, KI,pos, and KD,pos are adopted to regulate
the spatial position and velocity of the drone, whereas KP,att

guarantees stable attitude tracking by converting orientation
errors into corrective motor torques.

Case 1: linearly moving obstacles. In this baseline sce-
nario, a spherical obstacle moves at a constant linear velocity
and is placed directly on the optimal path connecting the start
and target positions.

As illustrated in Figure 5, the trajectories generated by
the Pure RL method are significantly smoother and more direct
than those generated by the PID+ACBF method. Furthermore,
the trajectory produced by our proposed RL+ACBF framework
initiates a gradual turning maneuver well before reaching the
obstacle. This demonstrates that the IMM prediction mech-
anism accurately anticipates the obstacle’s future trajectory,
enabling the controller to achieve obstacle avoidance with
minimal control effort. Although the PID+ACBF method
successfully avoids collisions, it exhibits severe overcorrection
when approaching the safety boundary, leading to an unstable
flight path.
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Figure 5. Case 1: 3D trajectories for three control methods.

Figure 6 presents the minimum distance to the obstacle for
each control approach, while Figure 7 shows the 3D position,
velocity, and acceleration profiles of the UAV under the three
controllers. Despite the fact that the Pure RL agent exhibits
slight oscillations near the obstacle boundary due to the lack of

hard safety constraints, both ACBF-integrated methods strictly
maintain h(x, t) ≥ 0 throughout the entire trajectory. Com-
pared with the PID+ACBF scheme, the proposed RL+ACBF
framework exhibits a more efficient approach to the target. Al-
though the 3D trajectory profiles in Figure 5 show similar path
lengths, the state curves in Figure 7 reveal that the PID+ACBF
method undergoes significant speed fluctuations and overcor-
rections when the safety constraints are active. These control
oscillations result in a prolonged stabilization phase, making
the total navigation time longer than the proposed method.

Figure 6. Case 1: Minimum distance between UAV with
obstacle for three control methods.

Figure 7. Case 1: State for three control methods.

Case 2: Obstacles with accelerated motion. In the
second scenario, the complexity is increased by introducing
an obstacle moving along a linear trajectory with constant
acceleration. This case evaluates the responsiveness of the
controller to time-varying velocity.

Figures 8–10 present the 3D flight trajectories, minimum
distances between the UAV and the obstacle, and state curves,
respectively. As shown in Figures 9 and 10, the Pure RL method
yields a straight flight path toward the target but relies on com-
plex constrained optimization during training. In contrast, our

8
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framework removes the requirement for retraining the RL policy
to handle obstacle avoidance. A core advantage of the proposed
method lies in its high training efficiency and modular architecture.
Moreover, the kinematic curves in Figure 8 verify that RL+ACBF

maintains smoother and more stable velocity and acceleration re-
sponses. Without the aggressive last-minute corrections observed
in the PID+ACBF strategy, our approach shortens the overall
mission time while achieving higher energy efficiency.

Figure 8. Case 2: State for three control methods.

Figure 9. Case 2: 3D trajectories for three control methods.

Case 3: Obstacles with complex non-linear maneu-
vering. The most challenging scenario involves the obstacle
following an ”8”-shaped trajectory, characterized by continuous
and simultaneous changes in both acceleration and heading. To
evaluate adaptability in dynamic environments, Figure 11 gives
the 3D trajectories under the three control methods. As shown

in Figure 11, while the Pure RL agent generates a direct path,
its end-to-end nature requires full knowledge of the obstacle’s
trajectory during training, leading to severe overfitting and
excessive training time. Conversely, our hierarchical frame-
work exhibits robust zero-shot generalization: the RL agent
is trained only once with a static obstacle, while the ACBF
filter handles unknown dynamic maneuvers in real-time. This
allows for a safe detour where the traditional PID method fails
and collides (Figure 12).

Figure 10. Case 2: Minimum distance between UAV
with obstacle for three control methods.

Furthermore, the state curves in Figure 13 reveal that our
method maintains smooth, bounded velocity and acceleration

9
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throughout the evasive maneuver. Unlike the baseline methods
that may exhibit erratic oscillations when constraints tighten,
our framework ensures control stability and numerical feasibil-
ity, effectively bridging the gap between high-level intelligence
and low-level physical safety.

Figure 11. Case 3: 3D trajectories for three control methods.

Figure 12. Case 3: Minimum distance between UAV
with obstacle for three control methods.

As summarized in Table 3, the results reflect a criti-
cal trade-off between mission-specific optimization and envi-
ronmental adaptability. While end-to-end Pure RL methods
achieve local optimality in their respective training cases, they
fail to generalize to unseen maneuvers, resulting in collisions
(zero minimum distance) when the obstacle trajectory changes.
In contrast, our proposed RL+ACBF framework, trained only
on static obstacles, ensures consistent safety margins across all
test cases with a significantly reduced training overhead. The
results confirm that our proposed scheme not only guarantees
strict safety but also optimizes the control effort, outperforming
traditional and end-to-end learning-based methods.

Figure 13. Case 3: State for three control methods.

10



Gao and Sun Adv. Mechatron. 2026, 1(1), 3

Table 3. Comparison of training efficiency and safety
performance

Method Training Time Min Distance (Case 1/2/3)

Pure RL (Case 1) 142 s 0.6 m / 0 m / 0 m
Pure RL (Case 2) 160 s 0.84 m / 0.93 m / 0 m
Pure RL (Case 3) 187 s 0 m / 0 m / 0.99 m
PID + ACBF N/A 0.37 m / 1.15 m / 0 m
RL + ACBF 136 s 0.32 m / 0.44 m / 0.16 m

5. Conclusions

In this paper, we proposed a hierarchical safe control
framework for UAV navigation in complex dynamic environ-
ments. By integrating RL with ACBF and IMM, we addressed
the conflict between optimal mission performance and strict
safety guarantees. The RL agent provides high-level tracking
guidance, while the ACBF acts as a formal safety layer that
minimally modifies control commands to ensure forward invari-
ance of the safe set, even under high relative degree constraints.
To handle the uncertainty of dynamic obstacles, the IMM
filter provides robust state predictions, significantly enhancing
the filter’s situational awareness. Simulation results across
various scenarios, including complex nonlinear maneuvers,
demonstrate that our proposed RL+ACBF framework achieves
a superior success rate and lower tracking error compared to
baseline methods. Future work will focus on extending this
framework to multi-UAV swarm coordination and validating
the performance on physical hardware platforms.
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