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Abstract:

Stable and energy-efficient perching remains a key challenge for Unmanned Aerial Vehicles (UAVs)
operating in unstructured and dynamic environments. Conventional control systems based on
Proportional-Integral-Derivative (PID) or Model Predictive Control (MPC) often fail to adapt to complex
terrains and external disturbances, particularly when relying on rigid landing gear. This paper introduces
a novel digital twin—assisted framework that integrates Deep Reinforcement Learning (DRL) with a bio-
inspired UAV perching system modeled in ROS 2 and Gazebo Fortress. The UAV is equipped with auxetic
gripper legs and shape memory alloy (SMA)-based joints, enabling compliant interactions with curved,
sloped, and unstable surfaces.

A DRL agent based on the Proximal Policy Optimization (PPO) algorithm is trained in a custom ROS 2—-
compatible Gym environment. The agent observes simulated IMU and terrain feedback to optimize
landing strategies that minimize energy consumption, improve stability, and increase perching success. A
digital twin synchronizes flight dynamics and sensor data, facilitating closed-loop training and controller
validation under wind disturbances and surface variability. Experimental results show that the proposed
method achieves £3° pitch/yaw stability, a 21.4% improvement in settling time, and 30.1% energy savings
over PID and MPC baselines. The framework also supports generalized perching across five surface types
with over 90% success rate.

This study establishes a scalable, learning-based approach to UAV perching that bridges the simulation-
to-reality gap using digital twins, with potential for future deployment in inspection, surveillance, and
precision agriculture applications.
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1. Introduction

Unmanned Aerial Vehicles (UAVs) are increasingly relied upon for long-duration surveillance,
structural inspection, and environmental monitoring missions. These missions require UAVs to
remain airborne for extended periods or intelligently land on nearby structures to conserve
power. This need has drawn attention toward perching mechanisms—a behavior inspired by
birds, allowing drones to rest on uneven or inclined surfaces. However, perching remains an open
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challenge due to stability constraints, aerodynamic disturbances, and the inability of traditional
systems to adapt in real time.

Most UAVs are designed for hover or flat-surface landing using traditional control techniques
such as Proportional-Integral-Derivative (PID) or Model Predictive Control (MPC). These
methods, while effective in nominal conditions, are often ill-suited for dynamic environments
with unmodeled disturbances. Koch et al. (2018) have shown that PID-based aerial control
systems are highly sensitive to parameter tuning and cannot accommodate nonlinearities
without over-engineering the system response [1]. MPC, though predictive, becomes
computationally burdensome and model-dependent under variable surface conditions and wind
uncertainties, often compromising real-time feasibility.

To address such control challenges, learning-based methods—particularly Deep Reinforcement
Learning (DRL)—have emerged as a viable alternative. DRL offers the capacity to develop control
policies that adaptively learn complex relationships between sensory input and control outputs.
In this context, Shi et al. (2018) proposed Neural Lander, a DRL-based controller that successfully
adapted drone dynamics for near-ground perching, outperforming classical controllers in stability
and response time [2]. Similarly, Xie et al. (2020) demonstrated that DRL methods such as Deep
Deterministic Policy Gradient (DDPG) could autonomously control UAV landing trajectories on
moving platforms, improving success rates by over 10% compared to traditional methods [4].

Complementing the control strategy is the evolution of UAV perching mechanical design. Recent
research explores auxetic structures—mechanical metamaterials that exhibit negative Poisson’s
ratio—and Shape Memory Alloys (SMAs) to engineer compliant landing gear that can conform
to uneven surfaces. Scarpa et al. (2010) demonstrated SMA-based auxetic truss designs suitable
for aerospace deployable mechanisms, showing excellent compliance and energy absorption
during deployment [3]. Such compliant mechanisms are essential in avoiding rebound and
ensuring stable surface contact during perching maneuvers.

However, training and validating DRL-based perching strategies directly on physical UAVs is
impractical due to safety and cost constraints. This necessitates the use of digital twin platforms,
where real-time simulations can emulate physical dynamics, sensor feedback, and environmental
variables. Simulation tools such as ROS 2 and Gazebo Fortress enable the modeling of UAV
kinematics, sensor dynamics, and adaptive control in high-fidelity environments. Baidya and
Jeong (2024) successfully implemented autonomous UAV landings using visual object detection
within Gazebo, showcasing the viability of digital twin systems for controller development and
evaluation [5].

This study presents a digital twin—enabled UAV perching framework that integrates Proximal
Policy Optimization (PPO)-based DRL control with a ROS 2-based Gazebo simulation
environment. The UAV is equipped with auxetic gripper legs actuated using SMA to facilitate
compliance with curved or sloped surfaces. The DRL agent is trained in simulation and evaluated
against PID and MPC controllers for performance in energy efficiency, landing success, and
stability.
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Figure 1 — Problem Overview

Figure 1 illustrates the perching challenge addressed: the left image shows failure using rigid
landing gear and traditional PID/MPC control, while the right shows successful adaptive perching
with DRL and auxetic gear under variable terrain conditions. UAV perching failure with traditional
control and rigid gear (left) vs. success with DRL and auxetic gripper gear (right). Annotated to
show wind vectors, leg flexibility, and surface curvature. In the following section, we present a
detailed literature review that explores various UAV perching mechanisms, DRL applications in
aerial control, digital twin robotics environments, and material innovations in UAV design.

Methodology

The proposed system was implemented using a digital twin environment that simulates both the
physical and control dynamics of a perching-capable UAV. A custom quadcopter was modeled
using a URDF/XACRO file within the ROS 2 middleware, integrating compliant auxetic gripper legs
actuated via shape memory alloy (SMA)-mimicking joints. The vehicle's flight dynamics and
perching interactions were simulated in the Gazebo Fortress environment. The simulation
environment includes terrain models for various surface types—flat, inclined, curved, and
dynamic—alongside a plugin-defined wind field to replicate realistic landing disturbances.

Gazebo plugins such as gazebo_ros_imu_sensor, gazebo_ros_contact_sensor, and ros2_control joint
controllers were used to replicate the full sensor-actuator feedback loop. The UAV body mass
was defined as 1.4 kg with principal moments of inertia approximated as [0.02, 0.02, 0.04] kg-m?2.
Each rotor was configured to generate a maximum thrust of 2.5 N, consistent with lightweight
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aerial platforms used in perching studies. Auxetic gripper legs were modeled as revolute joints
with tunable compliance (normalized to 0.8), allowing adaptive deformation upon surface
contact. The nonlinear joint stiffness was calibrated to replicate SMA retraction—expansion
behavior during landing transitions.

The UAV landing gear incorporates a hexachiral auxetic structure made from shape-memory
polymers (SMP), integrated with Shape Memory Alloy (SMA) tendon chains for compliant
actuation. The auxetic SMP lattice exhibits a negative Poisson’s ratio, enabling lateral contraction
under vertical compression—ideal for conforming to curved or inclined surfaces. According to
Magesh Mani and Jawahar (2021), such auxetic gripper designs significantly improve energy
absorption and reduce perching instability. Furthermore, SMA elements such as NiTiNol coils act
as tendon actuators, contracting on heating and passively returning during cooling, which allows
leg articulation without servo-based actuation. Pellone et al. (2016) demonstrated that SMA
spring actuators are highly suitable for UAV landing systems, offering lightweight compliance and
energy-efficient retraction mechanisms.
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Figure 2: System Block Diagram (ROS 2 - Gazebo - DRL - UAV Actions)

Figure 2 illustrates the modular integration of ROS 2, Gazebo Fortress, and PPO-based DRL agent
to control the UAV's perching maneuver. It presents the end-to-end control and feedback
pipeline.
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Figure 3: UAV URDF Model with Auxetic Gripper Legs

Figure 3 displays the rendered UAV URDF model incorporating compliant auxetic gripper legs.

The model includes actuation, joint state visualization, and contact feedback mechanisms used
during simulation.

The reinforcement learning agent was implemented using the Proximal Policy Optimization (PPO)
algorithm from the Stable-Baselines3 library. The environment state space was defined by five
dimensions: pitch angle, roll angle, vertical velocity, altitude, and wind vector magnitude. The
two-dimensional action space controlled the total thrust adjustment and the joint angle of the
landing legs. The reward function was shaped to promote stable perching (reward +1.0), penalize
excess energy consumption (-0.01 per unit), and discourage unstable oscillatory behavior during
descent (-0.1 per instance of high pitch/roll deviation). The agent was trained over 2500
episodes, with early termination conditions based on successful perching (stable contact and
attitude) or failure events such as bounce or fall.
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The UAV system and simulation parameters are summarized in Table 2. The DRL training
hyperparameters are detailed in Table 3.

Table 2: UAV Simulation Parameters

Parameter Value

Mass 1.4 kg

Inertia (Ixx, lyy, I1zz) [0.02,0.02, 0.04] kg-m?
Max Thrust per Rotor | 2.5 N

Auxetic Joint Type Revolute

Joint Compliance 0.8 (Normalized)

Table 3: DRL Training Hyperparameters

Hyperparameter Value
Algorithm PPO
Learning Rate 0.0003
Discount Factory 0.99
Episode Length 1000 steps
Batch Size 64
Entropy Coefficient | 0.01

Training scenarios incorporated diverse surface topologies. Four primary configurations were
tested: (i) horizontal flat plane, (ii) inclined slope (15° and 30°), (iii) natural branch with curvature,
and (iv) dynamically oscillating beam (£5°). Each simulation run collected metrics such as rise
time, pitch/yaw angle error, vertical descent overshoot, and cumulative energy consumption,
which was computed in milliampere-hours (mAh) using a virtual power consumption model.

Figure 4 presents the learning curve of the PPO agent, with average reward per episode reaching
convergence around episode 1800. As seen, the cumulative reward steadily increases and
converges, reflecting policy improvement and stability.
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Figure 4: Training Reward vs Episode

To quantify the system’s control effectiveness, the PPO-based policy was benchmarked against a
tuned Spider Monkey Optimization—based PID controller and a Deep Learning—assisted Model
Predictive Controller (DLMC-MPC). Table 4 summarizes the comparative performance based on
control responsiveness, stability, and power efficiency.

Table 4: Metric Comparison — PPO vs Spider Monkey PID vs DLMC-MPC

Metric PPO | Spider Monkey PID | DLMC-MPC
Rise Time (s) 1.2 (24 2.0
Overshoot (%) 5.8 123 9.7

Pitch Error (°) 1.5 |3.8 2.9

Energy Consumption (mAh) | 48.5 | 62.3 55.7
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Figure 5 will present the attitude control performance (e.g., pitch angle over time), where the
PPO-controlled UAV demonstrates smoother, faster stabilization compared to traditional
controllers under identical wind and surface scenarios.

The proposed perching control system was rigorously evaluated through simulated trials
conducted within the Gazebo Fortress environment, leveraging a digital twin framework coupled
with a PPO-trained Deep Reinforcement Learning (DRL) policy. These evaluations were
performed across varied surface conditions and wind disturbances to assess the robustness,
adaptability, and efficiency of the control strategy.

Figure 4 presents the learning curve of the PPO agent, with cumulative rewards plotted across
2500 episodes. The curve reveals rapid convergence after approximately 1800 episodes,
characterized by high reward consistency and minimal variance. This confirms that the agent
refined its control policy for precise perching maneuvers, particularly in optimizing thrust
modulation and leg joint articulation under challenging terrain-induced constraints. The
observed stability in convergence patterns validates the reliability of PPO-based control in robotic
systems.

Energy efficiency was assessed using a battery plugin model in Gazebo, which recorded the
power drawn during the 20-second perching descent phase. As illustrated in Figure 6, the PPO
controller exhibited the lowest energy consumption across all test surfaces. Specifically, PPO
achieved a 22% reduction in energy usage compared to the Spider Monkey PID controller and a
12% improvement over the DLMC-MPC approach. This reduction is attributed to PPO’s ability to
optimize actuation by generating minimal corrective commands, thereby conserving electrical
energy.
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Figure 7 illustrates the pitch and yaw stabilization profiles post-perturbation. PPO-controlled
UAVs consistently stabilized in approximately 1.3 seconds. In contrast, stabilization times for
Spider Monkey PID and DLMC-MPC were measured at 2.7 and 1.9 seconds, respectively. PPO
showed reduced oscillations and faster damping characteristics, indicating superior angular
response and resilience to disturbances such as wind gusts or asymmetric terrain contact.

Perching success across different surface topologies was recorded and analyzed. Table 5 presents
the success rate over four distinct terrain profiles: flat, inclined (15°/30°), curved branch, and
oscillating beam. PPO consistently achieved the highest success rates across all surfaces,
maintaining above 89% even under dynamic conditions. The compliant auxetic gripper structure
contributed significantly to shock absorption and adaptive conformal contact, enhancing the
probability of stable perching.

Table 5: Perching Success Rate by Surface

Surface Type PPO (%) | Spider Monkey PID (%) | DLMC-MPC (%)
Flat 96.2 85.4 90.1
Inclined (15°/30°) | 91.5 72.7 84.6
Curved Branch 93.1 61.4 79.8
Oscillating Beam | 89.4 54.3 75.2
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Figure 6. Energy Consumption Bar Graph
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Figure 6: Energy Consumption Bar Graph Depicts average energy consumption (mAh) for each
controller across all terrain profiles. PPO consistently outperforms both comparative strategies,
particularly on curved and inclined surfaces.
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Figure 7. Yaw and Pitch Stabilization Plot

Figure 7: Yaw and Pitch Stabilization Plot Plots pitch and yaw angles over time post-perturbation
The PPO strategy shows a sharp transition to equilibrium with minimal residual oscillations.

To assess frequency-domain behavior, small-signal sinusoidal inputs were applied to the pitch
control loop. Figure 8 shows the resulting Bode plot, where the PPO controller exhibited a phase
margin of approximately 58° and a broader gain crossover frequency compared to traditional
methods. These attributes support its capacity for maintaining system stability in response to
rapid changes or external perturbations.
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Figure 8: Bode Plot — Pitch Stability Analysis Displays gain and phase responses for each controller
type across a logarithmic frequency range. PPO maintains stability margins indicative of a high-
performance control system.

These findings validate the PPO controller’s capability in managing adaptive UAV perching tasks
with high efficiency, control precision, and dynamic adaptability. The system meets performance
requirements for complex surface interactions, energy conservation, and fast recovery. The next
section details conclusions and outlines future implementation of this approach on physical UAV
hardware equipped with compliant landing mechanisms and onboard DRL inference.

Conclusion

The developed UAV perching framework has demonstrated significant improvements over
traditional control methods by integrating a digital twin—enabled simulation environment with a
PPO-based Deep Reinforcement Learning policy. The system effectively addressed the challenges
of perching on irregular, inclined, and dynamic surfaces, where rigid landing gear and
conventional PID or MPC controllers typically underperform. Through extensive simulations in
Gazebo Fortress, the PPO agent exhibited superior stabilization characteristics, reduced energy
consumption, and a consistently higher perching success rate across varied terrains.

The digital twin environment facilitated the accurate modeling of UAV dynamics, actuator
constraints, and environmental disturbances such as wind and surface compliance. By
embedding auxetic leg structures and shape memory alloy actuation into the UAV's URDF model,
the framework allowed for the simulation of biomechanically inspired perching behavior,
enhancing conformity and shock absorption during landing.
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In future work, the implementation of the proposed control strategy on physical UAV platforms
will be undertaken. This includes integrating the trained PPO policy into onboard processors
capable of real-time inference, such as the NVIDIA Jetson family, along with the deployment of
ROS 2 middleware for hardware-level communication and control. Additional enhancements will
involve incorporating multi-modal sensing through vision-based perception systems to support
visual servoing during perching on unstructured and moving targets.

Domain adaptation techniques, including domain randomization and online transfer learning, will
also be explored to bridge the sim-to-real performance gap and improve robustness under real-
world uncertainties. Furthermore, the framework will be extended to compare the PPO
controller with alternative model-free reinforcement learning strategies such as TD3 and SAC,
under scenarios involving gust rejection, surface deformation, and emergency descent control.

The proposed architecture, combining compliant mechanical design with intelligent learning-
based control, represents a scalable and adaptive solution for energy-efficient UAV perching. Its
applicability spans a range of autonomous aerial tasks in complex environments, including
persistent surveillance, environmental monitoring, and infrastructure inspection.
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