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Abstract

Deep reinforcement learning, assone of the powerful approaches in machine learning, has found extensive
applications in controlling nonlinear and multivariable systems, including flying robots. However,
conventional deep reinforcement learning algorithms still face challenges such as instability in convergence,
high computational complexity, and sensitivity to network configuration. In this research, an emotional deep
reinforcement learning controller based on the Inception network is introduced and compared with a
conventional deep reinforcement learning controller for the path tracking problem in quadrotors. The
proposed approach, inspired by the architecture of‘parallel networks, reflects the dual-path structure of the
brain, including the logical and emotional pathways, enabling the formation of a bidirectional decision-
making model. This mechanism enhances reaction speed, reduces cognitive load, and improves
generalization in unfamiliar conditions. Additionally, in‘designing.the reward function, both simplicity and
intelligence are considered so that the agent can remain adaptableto diverse trainable movements. Simulation
results indicate that the proposed controller offers significant/improvements in flight stability, path tracking
accuracy and learning efficiency compared to the conventional version.
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Introduction

Reinforcement learning (RL) is a fundamental approach in the field of intelligent systems that operates based
on causal relationships. In this framework, an intelligent agent interacts with its environment and_observes
the consequences of its actions, which may manifest as either rewards or penalties[1]."A rewarding outcome
indicates a desirable action and moves the agent closer to its objective within the environment, whereas a
penalizing outcome indicates an undesirable action and moves the agent farther away from its objective:
Therefore, the agent must learn to determine how to obtain higher rewards and ultimately achieve its goal.
The primary objective of reinforcement learning is to train an agent to perform a specific task in‘an uncertain
environment. The agent receives feedback and rewards from the environment and responds by taking
appropriate actions, treating these rewards as a measure of the effectiveness of its actions in achieving the
ultimate objective[2]. The primary objective of the Inception architecture is to increase the depth and width



of the network without significantly increasing the number of parameters or the computational burden|[3].
This objective is achieved through the use of a modular, multi-branch block. Each Inception block consists
of several parallel pathways for extracting features from the input data. These pathways simultaneously
employ convolutions with different kernel sizes to identify features at various scales. At the end of the block,
the outputs of all branches are concatenated along the channel axis (depth dimension), forming the final
output of the Inception module. This parallel design enables the network to process information at different
scales within a single layer, thereby enhancing its ability to identify fine-grained and detailed patterns
alongside abstract representations. Furthermore, by employing dimensionality-reduction techniques, such as
convolutional operations, the Inception architecture substantially reduces the computational cost while
preserving therepresentational capacity of the network.

Inithe proposed architecture, the environmental state input is simultaneously fed into the PPO and Inception
networks.«The Inception network operates as a parallel perceptual processing module alongside the main
PPO network;extracting deep and multi-scale features that are subsequently integrated with the intermediate
outputs of the PPO network at the final layer. The final output used for action selection is generated based
on this enriched andsshared representation. In the proposed model, the PPO network is responsible for
learning and updating the policy, while the Inception network performs multi-scale processing to extract
high-level and abstract features from the input state. The output of the Inception module, represented as a
feature vector, is injected into the final layers of the PPO network to improve decision-making accuracy and
accelerate convergence. This architecture enhances the agent's ability to generalize to new or previously
unseen environments, thereby enabling it to maintain satisfactory performance even in scenarios that it has
not encountered during training.

In summary, the model architecturesproposed in this study is a hybrid structure that integrates the Proximal
Policy Optimization (PPO) algorithm with an Ineeption network as a parallel perceptual-emotional pathway.
The primary objective of this integration is to'enhance the performance of the learning agent through multi-
scale processing of the environmental state and the injection of high-level features into the main decision-
making pathway. The proposed Emotional Deep Reinforcement Learning (EDRL) actor model can likewise
be viewed as a decision-making system with.two outputs: a logical output and an emotional output. In this
model, the first output corresponds to the main.PPO network, which serves as the logical agent and is
responsible for learning the control policy. The'second output corresponds to the Inception network, which
operates as a perceptual module and extracts multi=scale, high-level features through a shorter and specialized
processing pathway.

Methodology

In reinforcement learning, the reward function is one of the most<€riticalscomponents, guiding the agent
toward optimal decision-making. This function directly influences_the agent’s learning behavior and
performance by quantifying the desirability of a particular action or state. In this study, the reward function
is designed with emphasis on achieving satisfactory quadrotor control performance in tracking the desired
trajectory. This component penalizes the positional error between theiquadrotor and the desired reference
trajectory, thereby encouraging the agent to follow the reference path accurately. Ta achieve these objectives,
the overall reward is decomposed into several components that reflect key controllable characteristics of the
system. Given that the objective of the problem is defined as trajectory tracking.bythe quadrotor, the reward
function is formulated based on reward of position error (rpos), reward of velocity error (rv), reward of
acceleration error (racc), and reward of heading error (r,). Finally, the total reward r is calculated as the
weighted sum of the aforementioned components:

r=0.6r_ +0.1r

pos vel

+0.1r,

acc

+0.2r, (Qh9)

The learning problem was formulated within an episodic reinforcement learning framework, in which each
simulation cycle was considered an independent episode. An episode terminates under one of two conditions:
(1) successful achievement of the target, or (2) Early Termination (ET) [1], which occurs when a significant



deviation from the reference trajectory or a loss of flight stability is detected. If neither of these conditions is
satisfied, the episode continues for a predefined simulation duration, allowing the agent to complete the entire
maneuver. The early-termination mechanism ensures that the agent interacts with each state by generating
appropriate control outputs, thereby reducing exploration of unproductive regions of the state space and
contributing to faster policy convergence.

In this'study, each training episode was set to 10 s of simulation time and consisted of 1000 discrete time
steps. The_cumulative reward during training exhibited a continuous increasing trend, indicating the policy's
learning‘capability and the improvement of training performance over time. Compared with previous studies
on quadrotor control using deep reinforcement learning, such as Hwangbo et al. (approximately 2.15 million
time steps) [4], Sharifi et al. (approximately 1.2 million time steps) [5], and Pi et al. (10 million time steps)
[6], the proposed method demonstrates a substantial improvement in sample efficiency.

To evaluate the“effectiveness of the proposed multilayer deep reinforcement learning controller, its
performance was compared with that of a conventional deep reinforcement learning approach. First, to
compare the behavior of the proposed algorithms, the conventional deep reinforcement learning algorithm
was implementedis the baseline method, and its training process was investigated. Using this algorithm, the
agent reached the optimal.reward after 2948 episodes. Subsequently, it was observed that, using the proposed
Emotional Deep Reinforcement Learning algorithm, the agent reached the optimal reward after 1869
episodes and successfully learned.to follow the desired trajectory. This substantial reduction in the number
of training episodes demonstrates the, improved convergence characteristics of the proposed control
algorithm, reflecting enhanced learning efficiency and the ability to acquire near-optimal policies with fewer
interactions. Furthermore, the incorporation of the Inception network accelerated the training process by
approximately 37% compared with.the baseline model.

Results and Discussion

In this study, an Emotional Deep Reinforcement Learning framework integrated with an Inception network
was employed for the quadrotor trajectory-tracking task, where adaptability to dynamic and uncertain
environments is a critical requirement. Upon completion of the training process for the proposed methods,
simulation experiments were conducted using MATIZAB to evaluate the performance of the controller.
Overall, the proposed Emotional Deep Reinforcement Learning approach demonstrates satisfactory learning
efficiency and adaptability, making it suitable for quadrotor navigation and trajectory-tracking tasks. The
integration of the Inception network significantly reduced the-number of trainable parameters, resulting in
faster convergence during the learning process.

Table 1. Performance of the Deep Reinforcement Learning Algorithms

Algorithm Rise Time Settling Time Qvershoot SteaEdr);OSrtate
Emotional Deep A ° e )
Reinforcement Learning
Deep Reinforcement v,y oY o) o)
Learning

Conclusion

In this study, an Emotional Deep Reinforcement Learning control framework based on an Inception network
was proposed for quadrotor control. Inspired by the two logical and emotional pathways ofithe human“brain,
the proposed architecture was designed such that the logical pathway is modeled by the Proximal Policy
Optimization network, while the emotional pathway is represented by the Inception network, which extracts
features from intermediate layers through a shortened processing pathway. The simulation results
demonstrate that the proposed controller achieves faster learning compared with conventional<Deep
Reinforcement Learning methods. Based on the simulation results, the proposed Emotional Deep
Reinforcement Learning algorithm reached the optimal policy approximately 37% faster, in terms of the



number of required training episodes. Overall, the proposed approach, through the integration of emotional
intelligence concepts with reinforcement learning, provides an effective step toward the development of
intelligent controllers with adaptive behavior and rapid decision-making capabilities.
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