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prior work that relies solely on local planning or suffers from unstable
convergence, our method aims to ensure safe and efficient navigation for
autonomous robots in dynamic environments through a more stable
architecture. The research contribution is a TD3+RRT hybrid architecture
enhanced with transfer learning, enabling rapid adaptation in dynamic
environments while maintaining trajectory feasibility. The TD3 agent is
first trained in a static ROS—Gazebo environment and then transferred to a
larger, dynamic setting. RRT operates in parallel to generate feasible global
paths, while TD3 handles real-time obstacle avoidance. The state space
includes LIDAR data and relative goal positioning, and the action space
produces continuous velocity commands. The hybrid model achieved a 92%
success rate, a 50% reduction in collision rate, and the highest cumulative
reward compared to baseline TD3, DDPG, and SAC methods. Trajectory
analysis further confirmed smoother and more consistent paths in dynamic
scenarios. These results highlight the effectiveness of combining model-
based and model-free strategies for reliable autonomous navigation,
offering a promising step toward real-world deployment.
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1. Introduction

Mobile robots are entering our hospitals, warehouses, and campuses. They must move safely, on
time, and without disrupting users. Real-world environments are dynamic, obstacles move, plans
change, sensors are imperfect, and Navigation. Therefore, becomes critical to the reliability and
acceptance of these systems [1].

Traditional planners provide overall guarantees. A*, Dijkstra, and RRT produce feasible paths in
known maps [2]. They are useful for long-term planning. However, they often assume quasi-static
scenes [3]. In the presence of moving obstacles, they require frequent replanning. These costs
computing time. It degrades responsiveness. They can also fall into local dead ends [4], [5].

Deep reinforcement learning (DRL) offers the other side of the coin [6]. It learns to avoid
obstacles in real time using sensors [ 7]. It handles non-linearity and uncertainty. It reduces dependence
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on precise models. Thus, when faced with rapid changes, DRL reacts better than purely planned
approaches [8]. However, it has its limitations. Policies may converge slowly or in an unstable manner.
Generalization to new scenarios is fragile. Without a global vision, DRL can produce inefficient or
risky trajectories [9], [10].

There is a twofold need. The overall feasibility of the route must be maintained. Rapid local
adaptation must also be guaranteed. In other words, plan far ahead and react locally [11]. Integration
is necessary. Planners ensure structure and safety along the route [3]. The DRL provides agility in
response to immediate events. This complementarity is central in a dynamic environment [12].

This work fills this gap with a hybrid strategy that combines a global planner with a local
learning-based controller. We utilize RRT to maintain a feasible global route and TD3 to avoid
obstacles in real-time, based on onboard sensors. To reduce training costs and improve stability, we
leverage transfer learning, where the TD3 agent is first trained in a simpler static scenario and then
adapted to a larger, dynamic environment. The design targets practical ROS-Gazebo deployments
with continuous LIDAR observations and velocity commands, aligning the method with common
robotics stacks. The goal is straightforward: to achieve safe, efficient, and robust navigation in real-
world, dynamic environments. The contribution of this research is:

(1) We introduce a hybrid navigation architecture that combines RRT for global feasibility with TD3
for reactive local adaptation in dynamic environments.

(2) We integrate transfer learning to accelerate convergence and improve policy robustness when
scaling from static to dynamic scenarios.

(3) We provide a comprehensive evaluation in ROS—Gazebo showing superior performance over
baselines.

2. Related Work

The application of DRL to autonomous mobile robot navigation is attracting growing interest in
the scientific community [7], [10]. Many researchers have proposed solutions to overcome challenges
related to slow convergence, the lack of effective global planning, and the lack of adaptability to
dynamic environments [8]. However, most existing hybrid approaches suffer from weak coordination,
limited adaptability to dynamic obstacles, or a lack of scalability [13].

2.1. Hybrid DRL Classical Planning

Recent works have proposed hybrid models that integrate DRL with traditional planners to
leverage their complementary strengths. For instance, Singh et al. [14] used A* for global planning
and SAC for local obstacle avoidance in dense human environments. While effective in static maps,
their architecture relies on offline A* routes that cannot adapt to environmental changes. In addition,
the decoupling between the global and local layers often leads to inconsistent trajectories when
dynamic obstacles force local deviations.

Liu et al. [15] proposed a TD3+DWA system in which TD3 dynamically adjusts the sampling
window of DWA. This hybrid improves short-term responsiveness, but DWA’s reliance on a fixed
sensing range and local optimization horizon limits global adaptability. Similarly, Gao et al. [16]
combined PRM with TD3 to maintain a feasible path while learning reactive control. Yet PRM graphs
are computed offline and do not handle updates effectively. Moreover, these models often fail to re-
synchronize the planner and policy when the environment changes suddenly, leading to outdated plans
and increased failure rates.

Sharma et al. [17] proposed a Hybrid Classical/RL Local Planner that dynamically switches
between a traditional rule-based controller and a deep reinforcement learning policy according to the
complexity of the local environment. Their system improves navigation efficiency and reduces
collisions in semi-structured spaces. However, the switching mechanism introduces latency and may
cause instability when frequent transitions occur between the classical and learned planners, limiting
its robustness in highly dynamic settings.
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Dey et al. [18] presented Learning Whom to Trust in Navigation, an adaptive architecture that
decides when to rely on a classical planner or a neural policy. The approach enhances decision-making
in uncertain environments and enables flexible behavior selection. Nevertheless, the framework
focuses mainly on discrete environment types and lacks continuous synchronization between the
global and local levels, resulting in inconsistent long-term trajectories under dynamic changes.

These studies highlight the challenge of hybrid coordination: most frameworks use global
planners in a static or loosely coupled manner. They fail to update plans incrementally or to propagate
local corrections globally. Our method addresses these shortcomings by employing RRT as an
incremental planner better suited for dynamic replanning, and by tightly integrating it with TD3 to
maintain consistency across planning levels during execution.

2.2. Enhancing DRL with Transfer Learning, Memory, and Replay Techniques

Beyond architectural combinations, researchers have explored various techniques to improve
DRL’s stability and convergence. Liu et al. [ 19] combined SAC with imitation learning and Prioritized
Experience Replay (PER) to accelerate learning. Li et al. [20] introduced a TD3 variant enhanced with
PER and transfer learning, improving policy learning in static simulations. However, these methods
are limited to 2D or grid-based tasks and rarely generalize to realistic dynamic environments.

Other studies have introduced memory modules like LSTM to capture temporal patterns in
navigation. Huang et al. [21] used LSTM in a TD3 agent, improving trajectory smoothness, while
Park et al. [22] applied Hindsight Experience Replay (HER) to better exploit failed trials in sparse-
reward settings. Although these techniques reduce training time and improve decision stability, they
do not address the need for long-horizon planning or real-time adaptation to moving obstacles. Their
contributions remain local in scope and ignore the global structure of the navigation task.
Ibarz et al. [23] reviewed the process of transferring reinforcement learning models from simulation
to the real world. Their approach involved simulation training, followed by the application of
techniques such as domain randomization, visual adaptation, and limited fine-tuning directly on the
robot. Despite these efforts, they reported persistent failures caused by the reality gap, where a policy
that performs well in simulation loses effectiveness once deployed on real hardware. Their studies
mainly focused on robotic manipulation and legged locomotion. In contrast, our work addresses long-
term mobile robot navigation in dynamic environments.

2.3. Positioning of Our Contribution

This work builds upon the above research while directly addressing its core limitations. We
propose a hybrid architecture that combines RRT as an incremental global planner and TD3 as a local
adaptive controller, trained with transfer learning to accelerate convergence. Unlike previous methods,
we ensure dynamic coordination between the planning and learning layers, allowing the agent to revise
its path in response to real-time changes. Our implementation is validated in realistic ROS—Gazebo
simulations with dynamic obstacles.

3. Method
3.1. Approach Overview

Robots operating in dynamic environments must balance two key goals: maintaining a feasible
path in the long term and responding promptly to local changes. Our approach addresses this challenge
through a hybrid navigation framework that combines a global planner with a local controller.

The global planner relies on the RRT [24]. It generates an initial path from the robot’s starting
point to the destination, ensuring that the route remains valid and avoids static obstacles. For local
control, we adopt the TD3 [25] algorithm. Unlike the global planner, this controller operates in real
time, adjusting the robot’s trajectory to handle moving obstacles and noisy sensor readings. To
enhance training efficiency and strengthen the learned policy, we apply transfer learning. The TD3
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model is first trained in a static environment, then refined in more complex and dynamic scenarios
[26].

The following subsections describe each part of the architecture. We discuss the choice of RRT,
the design and training of the TD3 agent, and the integration of these components within the ROS
Gazebo simulation framework.

3.2. Global Planner RRT

The global planner in our framework relies on the RRT algorithm. RRT is a sampling-based
motion planning method that incrementally builds a tree from the start position toward the goal. Its
ability to efficiently explore high-dimensional, non-convex, and partially unknown spaces makes it
well-suited for mobile robot navigation in complex environments [27].

In contrast to classical planners such as A*, Dijkstra, or the Probabilistic Roadmap (PRM), RRT
does not depend on complete and static maps [28]. A* is optimal in static scenarios but performs
poorly in dynamic scenes because it relies on fixed heuristics [29]. PRM requires a precomputed
roadmap, which limits reactivity [30]. RRT, by comparison, adapts more naturally to dynamic or
unknown environments by extending the tree incrementally. It supports online replanning, can reuse
parts of the existing tree when obstacles appear, and remains computationally lightweight, which
makes it attractive for real-time navigation [31].

In our implementation, the RRT planner operates on a global costmap that accounts for static and
slowly changing obstacles. It takes as inputs the robot’s current position, the global target, and a two-
dimensional occupancy grid map provided by the simulated environment. The output is a sequence of
waypoints forming a collision-free path toward the goal. These waypoints serve as intermediate targets
that guide the local controller based on TD3.

To improve efficiency, the global plan is computed only once at the beginning of each episode.
When the robot drifts too far from the planned route or when a new obstacle blocks the way, the
planner updates the tree. In such cases, partial tree reuse is applied so that the planner extends or
repairs the existing tree rather than restarting from scratch. This strategy improves responsiveness
while keeping the computation cost low in changing environments.

3.3. Local Planner

For local navigation in dynamic environments, we use the TD3. This algorithm extends the actor—
critic framework and has shown strong results in continuous control tasks [32]. Compared with the
earlier DDPG [33] method, TD3 reduces overestimation bias, training instability, and poor sample use
through three key mechanisms. First, twin Q-networks are used, and the lower of the two values is
chosen to reduce overestimation. Second, policy updates are delayed, which means the actor network
is updated less frequently than the critics, resulting in more stable training. Third, target policy
smoothing is applied by adding small Gaussian noise to the target actions, which improves robustness
[34].

Other reinforcement learning methods were considered. Proximal Policy Optimization (PPO),
performs well in discrete action spaces but is less suited for continuous velocity commands [35], [36].
Soft Actor—Critic (SAC) ensures strong exploration through entropy, but needs higher computational
resources [37], [38]. TD3 offers a good balance of stability, performance, and efficiency, which makes
it appropriate for real-time local planning [20]. Fig. 1 shows the overall architecture of the TD3 local
controller, including the policy and value networks, the replay memory, and their interaction with the
simulated environment.

The performance of deep reinforcement learning algorithms in robotic navigation depends
critically on the design of the state representation and action space [39]. In our framework, both were
carefully defined to balance reactivity, simplicity, and relevance to the task. We model the local
navigation problem as an MDP [40].
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Fig. 1. TD3 architecture

State: The state space includes 180-degree LiDAR scans that are filtered and normalized, along
with the relative distance and angle to the next sub-goal provided by the global planner.
Formally, the state s; at time t is:

St = [LiDAR36OI dsubgoalv Hsubgoal] (1)

This representation ensures that the local controller is aware of both immediate surroundings and
directional intent.

Action: The output of the TD3 agent is a pair of continuous control commands:
Linear velocity v € [0, Vyax]
Angular velocity @ € [—®Wmax, ©max]

These actions are passed directly to the ROS velocity command interface, and the sampling
frequency is set to 10 Hz to align with LiDAR acquisition and simulation timestep.

Reward: The reward function was designed to encourage safe and efficient behavior on the part
of the robot. It takes several situations into account: reaching the target results in a highly
positive reward as soon as the distance to the target falls below 0.2 m; any collision with an
obstacle within 0.2 m results in a significant penalty; exceeding the time limit is also penalized.
In addition, progress towards the target is rewarded with a reward proportional to the reduction
in distance to the target. The general function can be expressed as follows:

100 if reached the goal
R= -120 if collision occurred
) —120 if time exceeded
&(dy_q —dt) otherwise

where & =300 is an amplification coefficient and dt represents the change in distance to the goal.
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During each episode, the robot selects an action based on the current state, generates a new state,
and receives a reward depending on the situation encountered. The episode ends as soon as a success
goal is achieved, a collision, or a timeout occurs.

The TD3 agent processes sensor data and the sub-goal from the RRT planner in real time. The
outputs are continuous velocity commands, which are sent to the ROS controller. In this way, the local
controller reacts to dynamic obstacles while still following the global route defined by RRT. If the
robot deviates too far from the planned path, the system triggers a new planning step to keep the global
and local objectives aligned.

3.4. Transfer Learning Strategy

Deep reinforcement learning often requires millions of interactions before a model converges
[41]. This makes training slow and expensive, especially when working in simulators such as ROS
Gazebo where physics must be computed at every step. To overcome this limitation, we apply transfer
learning so that knowledge gained in simpler scenarios can be reused when the environment becomes
more complex [42].

Transfer learning has already played an important role in robotics. It allows researchers to reduce
the number of samples needed, improve stability, and speed up training. More importantly, it helps
the learned policy adapt to tasks that share similar dynamics without having to start from zero each
time [43].

In our work, the strategy follows two stages. During the first stage, the TD3 agent is trained in a
static environment where there are no moving obstacles. This early phase gives the robot the chance
to learn basic navigation skills such as moving safely toward a goal and avoiding fixed obstacles. In
the second stage, the model is moved into a dynamic setting where obstacles change position. The
weights obtained from the static environment are used as the starting point for both the actor and the
critic networks.

Only the essential knowledge is transferred. The network architecture remains the same, and the
weights and biases are reused to guide the agent in the new environment. The replay buffer, however,
is not kept, since using past experiences from the static environment could bias the policy. A new
buffer is created so that the agent can collect fresh interactions adapted to dynamic conditions.

3.5. The Hybrid Architecture

This section presents the operational pipeline and the communication mechanisms that
coordinate the modules of our hybrid navigation system. The design is modular, fully implemented
under ROS, and relies on inter-process communication through topics and synchronized nodes. The
execution pipeline contains five main modules. The first is the sensor node, which publishes real-time
LiDAR scans. The raw data are processed through filtering and normalization to provide reliable
inputs for navigation. The second module is the global planner. It is activated at the start of each
episode and whenever the robot deviates significantly from the planned route or encounters a new
obstacle. The planner computes a global path using the RRT algorithm on a two-dimensional costmap
and outputs a sequence of sub-goals. These sub-goals are then published as a topic to guide the robot.

The third module is the sub-goal manager. It continuously monitors the robot’s position and
selects the next reachable target from the list provided by the planner. It also publishes the relative
distance and orientation to this target. The fourth module is the local controller, which integrates the
TD3 agent. This controller receives the preprocessed LiDAR data together with the sub-goal
information and produces continuous velocity commands. These commands are sent to the velocity
controller via the standard ROS topic for motion commands. Finally, the fifth module is the replanning
monitor. It checks whether the robot deviates too much from its path or if the environment has
changed, and when necessary, it requests partial or full replanning through a service call to the planner.
Fig. 2 presents the workflow of the proposed training process, detailing how the agent interacts with
the environment, receives rewards, and resets after reaching the goal or encountering collisions.
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The communication across modules relies on standard ROS primitives. Topics are used for
continuous data exchange, such as LiDAR scans, velocity commands, and sub-goal updates. Services
are employed for event-triggered replanning, while the TF library manages transformations between
the robot and the map frames. For efficiency, nodelets are used in modules where intra-process
communication is frequent.
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Fig. 2. Training flow of the TD3+RRT agent illustrating the interaction cycle between the agent,
environment, and goal regeneration

4. Experiment
4.1. Simulation Setup and Platform

The experiments were carried out using ROS Noetic together with the Gazebo 11 simulator [44].
Gazebo provides a physics engine, realistic 3D rendering, and diverse obstacle scenarios, which make
it a suitable platform for evaluating robot navigation in dynamic environments [45]. Training deep
reinforcement learning agents directly on physical robots can be time-consuming and risky, especially
during early exploration when collisions are frequent [46]. Simulation offers a safe and repeatable
environment that accelerates development while avoiding hardware damage [47], [48]. Moreover, the
modular nature of ROS makes it easy to integrate navigation components, and models trained in
Gazebo have shown good transferability to real robots in prior studies. The node-based structure of
ROS also facilitates communication through topics and services, which mirrors how the system would
operate in real deployments [49]. The robot model selected for the tests is the TurtleBot3 Burger,
equipped with a 180-degree LiDAR for obstacle detection and a front RGB camera for visual
perception [50]. The robot’s kinematics were limited to a maximum linear velocity of 0.5 m/s and an
angular velocity between —2 and 2 rad/s. These limits reflect the real capabilities of the TurtleBot3
and help maintain realistic navigation behavior in simulation.
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The TD3 model used in this study follows an actor—critic design. The actor network includes
three fully connected layers: two hidden layers with 256 and 128 neurons activated by ReL U, and an
output layer that generates continuous velocity commands. The critic network shares a similar
structure and estimates the Q-value of each state—action pair. Training was performed with a learning
rate of 0.0003 for both actor and critic, a discount factor y of 0.99, a replay buffer of one million
transitions, and a batch size of 256. Policy noise of 0.2 was added and clipped at 0.5. The policy was
updated every two steps, and the target network update rate T was set to 0.005.

To accelerate convergence, transfer learning was applied. The TD3 agent was first trained for
50,000 iterations in a static environment, then refined in a dynamic one using the pretrained weights.
By contrast, the RRT global planner does not require any prior learning phase, since it is non-
parametric. All evaluations are averaged over 5 runs, each with different random seeds to account for
stochasticity. All simulations were executed on a laptop running Ubuntu 20.04, equipped with an Intel
Core i7-1355U processor at 1.70 GHz and 32 GB of RAM.

4.2. Simulation Scenarios

Two distinct environments were developed to assess the robustness of the algorithms tested. The
first is a static environment measuring (4 x 4 meters), featuring fixed obstacles; it was mainly used
for the initial training of the TD3 algorithm and for collecting parameters for transfer learning. Fig. 3
presents the static environment.

Fig. 3. Static environment

The second, larger course (8 x 8 metres) features the same fixed obstacles as the first, but also
includes four rotating cylinders, simulating moving obstacles, as well as blue boxes that appear
randomly to increase the complexity of the environment. Fig. 4 present the dynamic environment.

The diversity of these environments enables the testing of the proposed algorithm's adaptability
under realistic and variable conditions, while maintaining a controlled experimental framework for
comparative analysis.

4.3. Evaluation Metrics

In order to ensure the relevance and fairness of the comparison, we compared our TD3+RRT
hybrid method with three other configurations: TD3 used alone, SAC, and DDPG. All algorithms
were trained under the same experimental conditions, each over a total of 300,000 steps, to ensure a
rigorous and consistent comparative evaluation. To assess and compare the performance of the
different navigation strategies, a diverse set of quantitative and qualitative metrics was used. These
indicators provide a complete view of how each method learns, plans, and behaves during navigation.
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Fig. 4. Dynamic environment

The first group of metrics focuses on learning quality and stability. The cumulative reward
measures the total reward gained in each episode and reflects how well the policy helps the robot reach
its goal while avoiding penalties from collisions or timeouts. A higher cumulative reward indicates
better performance. The reward variance, measured during the final part of training, shows how stable
the learning process is. A lower variance means that the algorithm has reached consistent behavior.
The mean squared error evaluates how accurately the value function is estimated over time, with lower
values indicating better learning consistency. Convergence speed is also observed through the shape
of the learning curves, where steady and early stabilization reflects efficient and reliable training.

The second group evaluates navigation success and safety. The success rate represents the
percentage of episodes in which the robot reaches its goal within the allowed time without colliding
with obstacles. In contrast, the collision rate measures how often the robot comes into contact with
static or moving objects. A lower collision rate means safer and more reliable navigation.

A third group focuses on path efficiency and execution cost. The average path length indicates
how far the robot travels to reach the goal in each successful run. Shorter paths suggest more direct
and efficient trajectories. The computation time per episode measures how long the system takes to
complete both planning and execution, showing how well the algorithm can perform in real time.
Planning time specifically refers to the duration required by the global planner to generate a valid path,
where shorter times are preferable for fast decision-making.

The final group concerns motion smoothness and trajectory quality. Smoothness is measured by
analyzing variations in angular velocity throughout the movement. Lower values indicate fluid and
natural motion, while large fluctuations suggest unstable or jerky trajectories. In addition to numerical
evaluation, visual inspection of trajectories provides valuable qualitative insight. Observing how the
robot moves, avoids obstacles, and follows the path helps confirm whether the behavior appears
natural and consistent across different trials. Together, these metrics offer a balanced evaluation of
learning performance, safety, efficiency, and motion quality, allowing a clear comparison of how each
method behaves under dynamic navigation conditions.

5. Results

This section evaluates the proposed hybrid navigation strategy that combines TD3 and RRT. The
goal is to measure how well it performs in different aspects, such as reward gain, collision avoidance,
learning stability, and path quality. We compare our method with three common deep reinforcement
learning algorithms, TD3, SAC, and DDPG, using the same training and testing conditions. To make
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the results reliable, each experiment is repeated several times, and the averages are reported with
confidence intervals and standard deviations. The evaluation includes both numerical results and
visual analysis of trajectories in static and dynamic environments, giving a complete view of the
system’s behavior.

5.1. Learning Progression and Reward Acquisition

Fig. 5 presents the evolution of cumulative rewards for the four algorithms over 300,000
timesteps. The curves show the average performance, with shaded regions representing the standard
deviation across five runs using different random seeds. The hybrid approach TD3 + RRT achieves
the highest cumulative reward, reaching around 1850 + 50 by the end of training. It also rises more
quickly after about 100,000 timesteps, showing that the agent begins to learn effective behaviors
earlier. The standard TD3 model follows with a final score near 1600 = 70, while DDPG stabilizes
around 980 + 65, and SAC remains the lowest at roughly 570 + 80. The early stages of training show
greater variability for TD3 and DDPG, suggesting that these models are less stable during exploration.
In contrast, SAC maintains more consistent but slower progress, while TD3 + RRT shows both steady
growth and higher final performance.

2000 -

—— TD3 + RRT
17501 — TD3 g

SAC o
1500 DDPG /

1250 i

1000 A

750

Cumulative Reward

500 A

0 50000 100000 150000 200000 250000 300000
Timesteps

Fig. 5. Mean cumulative reward + std for TD3 + RRT and baseline methods. The proposed method

5.2. Collision Rate Evaluation

Fig. 6 shows how the collision rate changes during training for the four algorithms. Each curve
represents the average of five runs, and the shaded areas show the variability. The hybrid TD3 + RRT
keeps the lowest collision rate through the entire training process, settling near 8%. The standard TD3
follows with about 13%, while DDPG reaches around 27%, and SAC records the highest rate,
exceeding 40%. These results highlight clear differences in how each method handles obstacle
avoidance under the same conditions.

5.3. Convergence Evaluation

Fig. 7 shows the evolution of the value function during training for the four algorithms. Each
curve represents the average of five runs, with shaded areas indicating the standard deviation. The
TD3 + RRT and TD3 models display a clear and steady upward trend, showing that both agents
improve their value estimation over time. DDPG rises more slowly, suggesting delayed convergence
and less stable learning. SAC, on the other hand, stays almost flat, which indicates weak progress in
value estimation and poor adaptation to the training environment. These patterns reflect the different
convergence behaviors of each method under identical conditions, with TD3 + RRT reaching stability
faster and maintaining higher value estimates.
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Fig. 7. Estimated value function over training steps for all methods

The results in Table 1 confirm these observations. The hybrid TD3 + RRT achieves the lowest
mean square error (0.002) and the most stable performance, as shown by its low reward variance
(45). The standard TD3 follows closely, but with slightly higher variance and error. DDPG and SAC
present larger errors and higher variability, which point to unstable convergence and weaker learning
consistency.

Table 1. Convergence metrics based on reward variance and MSE over final training steps

Reward Variance

Algorithm (last S0k steps) MSE
TD3 + RRT 1800 + 45 0.002
TD3 1600 + 70 0.008
DDPG 980 + 65 0.021
SAC 570 + 80 0.033
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5.4. Transfer Learning Impact

Fig. 8 compares the training reward curves of agents initialized with and without transfer
learning. The transferred agent starts with higher performance and quickly improves, reaching a peak
reward of approximately 600 within the first 80,000 steps. In contrast, the agent trained from scratch
progresses slowly, remaining below -100 for most of the training period. This result quantifies the
acceleration and performance gain obtained through transfer initialization.
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Fig. 8. Reward progression with and without transfer learning across 200k steps

5.5. Qualitative Trajectory Analysis

Fig. 9 shows sample trajectories obtained from three navigation methods: TD3 + RRT in red,
TD3 in yellow, and SAC in green. The robot starts from the top-right corner of the map and moves
toward the goal, which is represented by a fixed red circle. The test takes place in a dynamic
environment that includes rotating cylinders, moving obstacles, and a shifting blue box. Each colored
path represents one trial carried out under the same conditions. Both the red and yellow trajectories,
corresponding to TD3 + RRT and TD3, successfully reach the red goal, while the green trajectory
from SAC becomes trapped in the center area. The figure provides a clear visual comparison of how
each algorithm navigates and adapts to a changing environment.

Fig. 9. Trajectories of TD3+RRT (red), TD3 (yellow), and SAC (green) toward the goal in a dynamic
environment
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5.6. Overall Comparison

Table 2 presents a summary of key performance metrics for all tested algorithms. Table 3
compares the impact of different global planners when combined with the same TD3 local policy.

Table 2. Overall performance comparison

Metric TD3+RRT TD3 DDPG SAC  p-value (vs TD3)
Success rate (%) 92+3 81£5 68 +4 49+6 0.008
Avg. path length (m) 5.3 59 6.8 7.4 0.012
Computation time (s/episode) 1.8+0.2 1.3+£0.1 1.1+£0.1 1.0£0.1 0.016

Table 3. Impact of global planner choice on navigation performance using TD3

Global Planner Path Length (m) Planning Time (s) Success Rate (%) Smoothness |

A* 4.8 0.3 76 0.42
RRT 5.1 0.5 92 0.18
PRM 4.6 0.8 68 0.35

6. Discussion
6.1. Main Findings of the Present Study

The experiments confirm the effectiveness of the proposed hybrid navigation framework that
combines TD3 with RRT. Among all tested methods, TD3 with RRT gives the best overall
performance. It reaches a cumulative reward of about 1850 £ 50, maintains a low collision rate of 8
percent, and shows stable convergence with little reward variation and a mean squared error of 0.002.
The success rate also increases to 92 percent compared with 81 percent for TD3 alone. The average
path length remains efficient at 5.3 meters, even with the addition of a global planner. The RRT
component helps the robot plan longer routes, while TD3 manages short-term adjustments in real time.
Together they produce safe, stable, and efficient navigation in dynamic environments.

6.2. Comparison with Other Studies

Earlier hybrid methods, such as A* combined with SAC, achieved good results in static settings
but struggled to adapt to dynamic ones. In contrast, TD3 with RRT shows stronger reactivity and
faster convergence when obstacles move or the environment changes. Previous studies, such as that
of Ibarz et al. [23], noted that deep reinforcement learning can be unstable when models are transferred
from simulation to real-world conditions. The use of transfer learning in our system helps overcome
this problem and allows faster reward growth, reaching about 600 within the first 80,000 steps. When
compared with global planners such as PRM or A*, the RRT planner achieves a better balance
between planning time, path smoothness, and success rate. Gao et al.[16] Introduced a hybrid planner
that combined the Probabilistic Roadmap Method with the TD3 algorithm to improve indoor
navigation in static environments. Their PRM, combined with TD3 achieved good results in terms of
path feasibility and training efficiency but remained limited to simple and largely static settings. In
contrast, the hybrid framework proposed in this study extends the use of TD3 to dynamic and uncertain
environments. The integration of RRT as the global planner allows faster adaptation to environmental
changes and provides smoother paths while maintaining a higher success rate. This improvement
confirms that incremental sampling-based planning aligns better with the exploratory nature of TD3,
especially when operating under real-time constraints.

6.3. Implications and Explanation of Findings

The success of the hybrid approach comes from the complementary strengths of both
components. RRT creates a global path that prevents the robot from becoming trapped in local dead
ends. TD3 refines the movement at a local level by reacting to real-time sensor data. This combination
improves sample efficiency and adaptability, especially in environments that change over time. The
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low collision rate and stable learning behavior suggest that the agent generalizes well to new
situations. The waypoints generated by RRT give stability and direction to TD3’s learning, which
reduces erratic motion. Faster convergence and lower error values show a smoother and safer learning
process. The good results obtained with transfer learning also demonstrate that pre-trained models can
adapt to new environments with little retraining, reducing the time and cost of development.

6.4. Strengths and Limitations

A major strength of this study is the use of a wide range of evaluation criteria. The analysis
includes learning performance, convergence, safety, efficiency, and motion smoothness. Each metric
is supported by several experimental trials and statistical measures, which reinforce the validity of the
results. The qualitative study of trajectories further confirms the benefits of the hybrid method,
showing consistent goal achievement and smooth motion in dynamic environments. Some limitations
remain. The experiments were carried out with a single robot, the TurtleBot3, and in two handcrafted
environments. This may reduce the generalization of the findings to other robotic platforms or more
complex settings with people and unpredictable obstacles. The dynamic elements used in simulation,
such as rotating or shifting obstacles, provide variety but still lack the randomness and speed changes
found in real conditions.

7. Conclusion

This study introduced a hybrid navigation framework that combines the global planning ability
of Rapidly Exploring Random Trees with the adaptive learning behavior of Twin Delayed Deep
Deterministic Policy Gradient. The method was tested in both static and dynamic environments using
several quantitative and qualitative metrics, including reward variance, convergence, collision rate,
success rate, and path efficiency. The results show that TD3 with RRT delivers the best overall
performance, reaching a success rate of 92 percent, a collision rate of only 8 percent, and a mean
squared error of 0.002, with a clear improvement in learning stability compared with TD3, DDPG,
and SAC.

Beyond the numerical results, this work provides theoretical insight into the complementarity
between model-based planning and model-free reinforcement learning in navigation. The hybrid
design uses RRT to ensure global feasibility and TD3 to make adaptive local decisions under
uncertainty. This interaction improves training stability, generalization, and path safety, which remain
major challenges in deep reinforcement learning for robotics.

Some limitations must be recognized. The experiments were conducted entirely in simulation,
which does not fully reflect the imperfections of real environments such as sensor noise, actuator
delay, or communication latency. These factors can reduce the reliability of the policy when applied
to physical robots. The computational demand of running both a global planner and a learning-based
controller is also high, particularly in large or dynamic scenes. The method depends on the quality of
the map used by RRT, which may lose efficiency in highly cluttered or high-dimensional spaces. In
addition, the benefits of transfer learning can decrease when the difference between the source and
target environments becomes large, emphasizing the need for improved domain adaptation
techniques.

Future research will aim to overcome these challenges. Planned directions include the integration
of online SLAM to update maps in real time, optimization of computational cost using incremental
RRT variants or lighter neural models, and hardware-in-the-loop testing with real robots. Other
extensions will explore multi-robot coordination, the inclusion of safety constraints during policy
optimization, and strategies such as domain randomization and noise modeling to close the gap
between simulation and reality.

In summary, this work demonstrates that hybrid reinforcement learning architectures can achieve
both adaptability and stability in robot navigation. By combining a sampling-based planner with a
deep policy, the study contributes to a better understanding of how to design scalable and reliable
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navigation systems. The results and remaining challenges outlined here provide a solid foundation for
future progress toward the deployment of learning-driven autonomous robots in real-world
environments.
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