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 Modern control systems must operate reliably in the presence of modeling 

uncertainties and external disturbances, conditions under which conventional 

fixed-gain controllers often exhibit performance degradation. This paper 

proposes a residual reinforcement learning framework for disturbance-

resilient pitch-rate control of an aircraft longitudinal model. A classical 

proportional-integral-derivative (PID) controller is employed as a stabilizing 

baseline, while a deep deterministic policy gradient (DDPG) agent learns a 

bounded residual control signal to compensate for unmodeled dynamics and 

external perturbations. To promote favorable transient behavior, the learning 

process incorporates transient-aware and reference-model-based reward 

shaping, while actuator constraints are enforced within the environment 

dynamics. Simulation results demonstrate that the proposed residual 

controller achieves a superior balance between response speed, overshoot, 

and tracking accuracy compared with both the standalone PID controller and 

a pure DDPG-based controller. In particular, the residual architecture 

significantly reduces overshoot and tracking error while preserving fast 

transient response and providing robust disturbance rejection under large 

pitching moment disturbances. These results indicate that residual 

reinforcement learning offers a practical and effective approach for 

enhancing robustness and performance in safety-critical flight control 

applications. 
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1. INTRODUCTION 

The increasing complexity and uncertainty of modern control systems have exposed limitations in 

traditional model-based control strategies [1]. Classical approaches such as proportional-integral-derivative 

(PID) control, linear quadratic regulation (LQR), and model predictive control (MPC) perform reliably when 

system dynamics are accurately modeled and disturbances are predictable. In practice, however, many 

systems are nonlinear, time varying, and affected by modeling uncertainties or external disturbances [2], [3]. 

Under such conditions, conventional controllers may experience degraded robustness and limited adaptability 

[4]. 

Reinforcement learning (RL) has emerged as a promising alternative because it enables control 

policies to be learned directly from interaction with the environment. RL does not require an explicit model 

and can adapt to complex or partially unknown dynamics [5]. Despite this flexibility, real-world deployment 

remains challenging. Deep RL algorithms such as deep deterministic policy gradient (DDPG) and proximal 

policy optimization (PPO) often suffer from high sample complexity, unstable convergence, and unsafe 

https://creativecommons.org/licenses/by-sa/4.0/
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exploration [6]. These limitations restrict their applicability in safety-critical domains where stability and 

constraint satisfaction are essential. 

To overcome these drawbacks, recent research has focused on hybrid control frameworks that 

combine RL with established controllers. Residual reinforcement learning (RRL) is a prominent example, in 

which the RL agent learns a corrective signal that augments a stabilizing baseline controller [7]. The residual 

action is typically constrained to preserve nominal stability while improving tracking or disturbance 

rejection. Experimental results in robotic systems have shown that residual policies can enhance performance 

while maintaining structured and interpretable control behavior [8]. Broader analyses also indicate that 

hybrid architectures often outperform standalone RL agents in real-time and safety-sensitive applications [9]. 

Additional contributions have further reinforced this direction by integrating RL with structure-

preserving filters and theoretical safety guarantees. Piccinelli et al. [10] proposed a passive RL framework 

that ensures safe policy convergence using Lipschitz continuity constraints and optimal control guidance. In a 

similar effort, Kostelac et al. [11] introduced a Lipschitz-filtered RL scheme guided by MPC that balances 

adaptability and constraint adherence in nonlinear settings. These approaches emphasize the value of 

embedding prior control knowledge and constraint handling directly into the learning architecture.  

Additional studies have strengthened this approach by embedding theoretical safety guarantees and 

structural constraints into the learning process. For example, passive and Lipschitz-constrained RL 

formulations have been proposed to promote safe policy convergence and bounded control updates [12]. 

Similarly, RL schemes guided by MPC incorporate prior control knowledge to balance adaptability with 

constraint adherence in nonlinear systems [13]. In disturbance-rich environments, recent contributions 

demonstrate that safety-aware RL can improve robustness and disturbance rejection when appropriate 

filtering and constraint mechanisms are integrated into the control loop [14], [15]. These developments 

support the view that learning-based controllers are most effective when combined with established control 

principles [16]. 

Motivated by this line of research, we propose a safe residual reinforcement learning framework for 

disturbance-resilient control. A conventional PID controller provides baseline stability, while a DDPG-

trained residual policy compensates for external disturbances and modeling inaccuracies. Training is 

conducted in a constrained and disturbance-intensive environment to promote robust and safe behavior. The 

framework is evaluated using a longitudinal aircraft dynamics model, demonstrating improved tracking 

performance and disturbance rejection compared to both classical control and standalone RL approaches, 

while maintaining smooth and bounded control actions. 

The remainder of this manuscript is organized as follows. Section 2 describes the proposed 

methodology, including the mathematical model of the aircraft longitudinal dynamics and the controller 

design procedure. Section 3 presents the simulation results and discussion, focusing on time-domain 

responses, pitch rate tracking performance, and disturbance rejection. Section 4 concludes the paper and 

outlines the main limitations of the study. 

 

 

2. METHOD  

This section presents the modeling of the aircraft longitudinal dynamics, followed by the derivation 

of the linearized model and a description of the proposed controllers. 

 

2.1.  Modeling of the longitudinal dynamics  

The longitudinal motion of a fixed-wing aircraft describes its translational and rotational behavior in 

the vertical plane and is governed by the forward velocity, angle of attack, pitch angle, and pitch rate. In this 

study, the longitudinal dynamics of an aircraft are adopted as the plant model for controller development, 

following standard aerodynamic formulations reported in the literature [17]. 

The aerodynamic forces and moments acting on the aircraft can be expressed in terms of 

nondimensional aerodynamic coefficients obtained from wind-tunnel testing. These forces and moments are 

given by (1) and (2). 

 

 𝑋 = 𝐶𝑥𝑞𝑆, 𝑌 = 𝐶𝑦𝑞𝑆, 𝑍 = 𝐶𝑧𝑞𝑆,  (1) 

 

𝐿 = 𝐶𝑙𝑞𝑆𝑏,𝑀 = 𝐶𝑚𝑞𝑆𝑐, 𝑁 = 𝐶𝑛𝑞𝑆𝑏,  (2) 

 

where 𝑞̅ denotes the dynamic pressure, 𝑆 is the wing reference area, 𝑏 is the wingspan, and 𝑐̅ is the mean 

aerodynamic chord. The coefficients 𝐶𝑥, 𝐶𝑦, 𝐶𝑧, 𝐶𝑙, 𝐶𝑚, and 𝐶𝑛 represent the dimensionless aerodynamic 

force and moment coefficients.   
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Assuming symmetric flight conditions and neglecting lateral-directional coupling and thrust 

vectoring effects, the nonlinear longitudinal equations of motion of the aircraft can be written as [18]: 

 

𝑉̇ = =
𝑞𝑆𝑐

2𝑚𝑉
[𝐶𝑥𝑞

(𝛼) cos 𝛼 + 𝐶𝑧𝑞
(𝛼) sin 𝛼] − 𝑔 sin(𝜃 − 𝛼)    

           +
𝑞𝑆

𝑚
[𝐶𝑥(𝛼, 𝛿𝑒)cos 𝛼 + 𝐶𝑧(𝛼, 𝛿𝑒)sin 𝛼] +

𝑇

𝑚
cos 𝛼  (3) 

 

𝛼̇ = 𝑞 [1+
𝑞𝑆𝑐

2𝑚𝑉2 (𝐶𝑧𝑞
(𝛼)cos 𝛼 − 𝐶𝑥𝑞

(𝛼)sin 𝛼)] +
𝑞𝑆

𝑚𝑉
[𝐶𝑧(𝛼, 𝛿𝑒)cos 𝛼 − 𝐶𝑥(𝛼, 𝛿𝑒)sin 𝛼] +

𝑔

𝑉
cos(𝜃 − 𝛼) −

𝑇

𝑚𝑉
sin 𝛼   (4) 

 

𝜃̇ = 𝑞 (5) 

 

𝑞̇ =
𝑞𝑆𝑐

2𝐼𝑦𝑉
[𝑐𝐶𝑚𝑞

(𝛼) + Δ𝐶𝑧𝑞
(𝛼)] +

𝑞𝑆𝑐

𝐼𝑦
[𝐶𝑚(𝛼, 𝛿𝑒) + Δ𝐶𝑧(𝛼, 𝛿𝑒)] (6) 

 

Here, 𝑉 denotes the airspeed, 𝛼 is the angle of attack, 𝜃 is the pitch angle, 𝑞 is the pitch rate, 𝛿𝑒 represents the 

elevator deflection, 𝑇 is the thrust force, 𝑚 is the aircraft mass, 𝑔 is the gravitational acceleration, and 𝐼𝑦  is 

the moment of inertia about the pitch axis. These nonlinear equations capture the coupled aerodynamic and 

inertial effects governing the longitudinal motion of the aircraft.  

  

2.1.1. Linearized longitudinal model  

For controller synthesis and stability analysis, the nonlinear longitudinal dynamics are linearized 

about a steady, wings-level trim condition using a first-order Taylor series expansion while neglecting 

higher-order terms [17]. Defining the state vector as shown in (7) and the control input as the elevator 

deflection 𝛿𝑒, the linearized state-space representation is given by (8) and (9). 

 

 𝒙 = [𝑉 𝛼 𝜃 𝑞]𝑇      (7) 

 

[
 
 
 
 
 Δ𝑉

˙

Δ𝛼
˙

Δ𝜃
˙

Δ𝑞
˙
]
 
 
 
 
 

= [

−0.022 −0.002 0 3 × 10−7

−1.395 −0.582 0 0.324
−9.828 0 0 0
−0.672 0.908 1 −0.708

] [

𝑉
𝛼
𝜃
𝑞

] + [

−1.139
−0.072

0
−4.301

] 𝛿𝑒 (8) 

 

 [
𝑞
𝜃
] = [

0 0 0 1
0 0 1 0

] [

𝑉
𝛼
𝜃
𝑞

] (9) 

 

Eigenvalue analysis of the resulting linearized system reveals the presence of unstable modes in the open-

loop dynamics, indicating that the aircraft is not inherently stable in the longitudinal axis. This motivates the 

need for a control augmentation system capable of stabilizing the aircraft while ensuring accurate pitch-rate 

tracking and disturbance rejection, which is addressed in the subsequent sections. 

 

2.1.2.  Control surface actuation model 

Accurate modeling of actuator dynamics and constraints is essential in-flight control system design 

to ensure realistic simulation and safe command generation. The aircraft's elevator control surface, denoted 

𝛿𝑒, is modeled with both dynamic response and nonlinear physical limits to capture real-world behavior as 

shown in Figure 1. 

 

 

 
 

Figure 1. Elevator actuation model including lag dynamics, rate limiting and deflection saturation 
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The actuation model includes a first-order lag, a rate limiter, and a deflection limiter, applied 

sequentially to the commanded input. The elevator actuator dynamics are represented by a first-order lag 

system with the transfer function 

 
1

𝜏𝑠+1
   (10) 

 

where  𝜏 = 49.5 × 10−3𝑠 is the actuator time constant. This models the internal response delay of the 

actuator to a control input. The output of the lag block is then passed through a rate limiter to enforce the 

maximum allowable rate of change in the elevator deflection:  

 

|
𝑑𝛿𝑒

𝑑𝑡
| ≤ 60∘/s  (11) 

 

After the rate limit is applied, the signal is constrained by the elevator's deflection limits:  

 

 −25∘ ≤ 𝛿𝑒 ≤ +25∘  (12)  

  

 The sign convention used defines a positive 𝛿𝑒 as a trailing edge down deflection. This produces a 

negative pitching moment, causing the aircraft to pitch nose-down. These constraints ensure that the elevator 

deflection remains within the physical and mechanical bounds of the actuator, while the lag dynamics smooth 

the input response. This composite model plays an essential role in ensuring that generated control inputs are 

both feasible and reflective of realistic actuator behavior. 

The complete control augmentation system (CAS) integrates the inner-loop pitch rate controller with 

the nonlinear aircraft dynamics and actuator model in a closed-loop configuration. As illustrated in Figure 2, 

the system is designed to regulate the pitch rate 𝑞 about a specified trim condition 𝑞𝑡𝑟𝑖𝑚. The error signal 

Δ𝑞  is computed by subtracting the trim rate from the measured pitch rate and is then fed into the controller 

𝐶(𝑠) which generates a desired elevator deflection increment Δ𝛿𝑒𝑐. 

 

 

 
 

Figure 2. Block diagram of the control augmentation system for pitch rate stabilization 

 

 

This control signal is summed with a trim bias Δ𝛿𝑒𝑐,𝑡𝑟𝑖𝑚 to form the total elevator command 𝛿𝑒𝑐, 

which then passes through the actuator model described earlier. The aircraft’s dynamic response is observed 

through both the pitch rate 𝑞 and angle of attack 𝛼. The angle of attack is further fed back through a 

proportional gain 𝐾 to provide an additional stabilizing influence on the controller input. 

This augmented feedback loop enhances pitch axis stability and improves dynamic response by 

shaping the closed-loop behavior around the trimmed operating condition. Moreover, the actuator constraints 

embedded in the model ensure that all control inputs remain within physical limits. The architecture supports 

modular design and enables the integration of learning-based augmentation modules or disturbance rejection 

mechanisms within the existing control framework.  
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2.2.  Controller design 

This section presents the control architecture developed for stabilizing and regulating the 

longitudinal dynamics of the aircraft. Three controllers are considered: a classical PID controller, a DDPG-

based controller, and a residual learning architecture that combines PID control with DDPG. The objective in 

all cases is to ensure stable pitch-rate regulation, accurate reference tracking, and robustness against external 

disturbances.  

 

2.2.1. PID control design 

The proportional-integral-derivative (PID) controller is adopted as a baseline control strategy due to 

its simplicity and widespread use in flight control applications [19]. In this study, the PID controller is 

designed to regulate the pitch rate by generating the elevator deflection command based on the tracking error 

between the desired and measured pitch rates [20].  

Let the tracking error be defined as (13). 

 
𝑒(𝑡) = 𝑞ref(𝑡) − 𝑞(𝑡),   (13) 

 

where 𝑞𝑟𝑒𝑓(𝑡) denotes the reference pitch-rate command and 𝑞(𝑡) represents the measured pitch rate. The 

PID control law is expressed as (14). 

  

𝑢PID(𝑡) = 𝐾𝑝𝑒(𝑡) + 𝐾𝑖 ∫ 𝑒(𝜏)
𝑡

0
𝑑𝜏 + 𝐾𝑑

𝑑𝑒(𝑡)

𝑑𝑡
   (14) 

 

where 𝐾𝑝 , 𝐾𝑖, and 𝐾𝑑  denote the proportional, integral, and derivative gains, respectively. The controller 

gains are tuned using the MATLAB PID tuning tool to achieve a satisfactory trade-off between rise time, 

overshoot, and steady-state error. 

Although the PID controller offers acceptable performance under nominal operating conditions, its 

fixed-gain structure limits adaptability when the aircraft is subjected to nonlinearities, modeling uncertainties, 

or external disturbances. These limitations motivate the use of learning-based control strategies.  

 

2.2.2. DDPG-based deep reinforcement learning control  

Deep deterministic policy gradient (DDPG) is a model-free, off-policy reinforcement learning 

algorithm designed for continuous action spaces, making it a suitable choice for aircraft control applications 

[19], [20]. It combines the actor-critic architecture with deterministic policy updates, where the actor network 

proposes control actions and the critic evaluates their expected performance [21]. By leveraging deep neural 

networks to approximate both the policy and value functions, DDPG enables the learning of complex, 

nonlinear control strategies directly from interaction with the environment [22], [23]. Its ability to handle 

high-dimensional state spaces and produce smooth, real-valued actions makes it particularly effective for 

systems such as fixed-wing aircraft, where continuous and precise actuation is required. The training 

framework of the DDPG agent showing the actor-critic networks, experience replay, and interaction with the 

environment is shown in Figure 3 according to Afzali et al. [24]. 

To formalize the control problem, the learning task is framed as a Markov decision process (MDP), 

characterized by a defined state space, action space, environment dynamics, and transition structure [25]. 

Within this framework, the agent observes the current state of the system and selects an appropriate control 

action to maximize cumulative future rewards. The action, corresponding to the elevator deflection 

command, is then applied to the aircraft model to influence its longitudinal motion.  

a. State representation: The state vector is defined as (15): 

 

𝑠𝑡 = [𝑞(𝑡), 𝜃(𝑡), 𝛼(𝑡), 𝑉(𝑡), 𝑒(𝑡), 𝑒
˙
(𝑡), 𝑢(𝑡 − 1)]  (15) 

 

where 𝑞 is the pitch rate, 𝜃 is the pitch angle, 𝛼 is the angle of attack, 𝑉 is the forward velocity, 𝑒(𝑡) =

𝑞𝑟𝑒𝑓(𝑡) − 𝑞(𝑡) is the tracking error, 𝑒(𝑡)̇  is the error derivative, 𝑢(𝑡 − 1) is the previous control input. 

b. Action space and control signal: The action generated by the agent corresponds to the elevator control 

command,  

 
𝑎𝑡 = 𝑢(𝑡)   (16) 

 

which is applied directly to the longitudinal aircraft model. During training, exploration noise is added to 

encourage sufficient exploration: 
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𝑎𝑡 = 𝜇(𝑠𝑡 ∣ 𝜃𝜇) + 𝒩𝑡 , (17) 

 

where 𝜇(∙) denotes the actor network and 𝒩𝑡  is Gaussian noise. 

 

 

 
 

Figure 3. Architecture and training workflow of the DDPG based controller 

 

 

c. Reward design and transient aware shaping: To mitigate a slow transient response, the reward function is 

designed to explicitly encode both transient and steady-state performance objectives. Instead of 

emphasizing only steady-state error minimization, the proposed reward incorporates penalties related to 

rise time, settling behavior, and excessive control activity. 

The instantaneous reward is defined as (18): 

 

𝑅𝑡 = −(𝑤1𝑒
2(𝑡) + 𝑤2e

2(𝑡) + 𝑤3Δ𝑢2(𝑡) + 𝑤4|𝑢(𝑡)| + 𝑤5𝕀out(𝑡))    (18) 

 

where 𝑒(𝑡) is the tracking error, 𝑒(𝑡) ̇ penalizes slow or oscillatory transient behavior, Δ𝑢(𝑡) = 𝑢(𝑡) −
𝑢(𝑡 − 1) discourages abrupt actuator motion, |𝑢(𝑡)| limits excessive control magnitude, 𝐼𝑜𝑢𝑡(𝑡)  is an 

indicator that penalizes time spent outside a predefined tolerance band around the reference. 

d. Reference model-based reward shaping: To further guide the learning process toward desirable transient 

characteristics, a reference-model tracking formulation is introduced. A second-order reference model 

with desired natural frequency and damping ratio is defined as (19): 

 

𝑞
¨

𝑟 + 2𝜁𝜔𝑛𝑞
˙

𝑟 + 𝜔𝑛
2𝑞𝑟 = 𝜔𝑛

2𝑞cmd
   (19) 

 

where 𝑞𝑟 represents the ideal pitch-rate response. The tracking error used in the reward can then be 

redefined as (20): 

 
𝑒(𝑡) = 𝑞(𝑡) − 𝑞𝑟(𝑡)  (20) 

 

which explicitly encourages the learned policy to mimic a well-damped second-order response commonly 

used in flight control design. This reference-model formulation helps reconcile fast transient response 

with stability and smoothness. 
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e. Critic and actor updates: The critic network estimates the action–value function 

 

𝑄(𝑠𝑡 , 𝑎𝑡 ∣ 𝜃𝑄)  (21) 

 

and is trained by minimizing the temporal-difference loss with target values given in (22) and (23). 

 

𝐿 =
1

𝑁
∑ (𝑦𝑖 − 𝑄(𝑠𝑖 , 𝑎𝑖 ∣ 𝜃𝑄))2𝑁

𝑖=1    (22) 

 
𝑦𝑖 = 𝑟𝑖 + 𝛾𝑄′(𝑠𝑖+1, 𝜇

′(𝑠𝑖+1))  (23) 

 

The actor parameters are updated via the deterministic policy gradient and soft target updates are 

applied as shown in (24) and (25)-(26). 

 

𝛻𝜃𝜇𝐽 ≈
1

𝑁
∑ 𝛻𝑎

𝑁
𝑖 𝑄( 𝑠, 𝑎 ∣∣ 𝜃𝑄 )|𝑎=𝜇(𝑠𝑖)

𝛻𝜃𝜇𝜇(𝑠𝑖)       (24) 

 

𝜃𝑄′
← (1 − 𝜏)𝜃𝑄′

+ 𝜏𝜃𝑄       (25) 

 

𝜃𝜇′
← (1 − 𝜏)𝜃𝜇′

+ 𝜏𝜃𝜇 (26) 

 

To further improve training stability and transient response, a residual learning architecture is adopted. 

Instead of directly learning the full control signal, the DDPG agent learns a corrective residual on top of a 

baseline PID controller. The total control input is defined as: 

 

𝑢(𝑡) =  𝑢𝑃𝐼𝐷(𝑡) + 𝑢𝑅𝐿(𝑡)  (27) 

 

where 𝑢𝑃𝐼𝐷(𝑡) provides baseline stabilization and 𝑢𝑅𝐿(𝑡) is the learned residual. In addition to reward 

shaping, physical and operational constraints are enforced directly within the environment dynamics rather 

than being handled solely through penalties. These include actuator saturation limits: |𝛿𝑒| ≤ 𝛿𝑒,𝑚𝑎𝑥, actuator 

rate limits: |Δ𝛿𝑒| ≤  𝛿𝑒̇ and safety envelopes on 𝛼, 𝜃 and 𝑞. When these limits are violated, the environment 

clips the control signal or terminates the episode. This separation of safety constraints from reward shaping 

improves learning stability and ensures physically realistic control behavior.  

Overall, the proposed residual DDPG framework combines the stability of classical control with the 

adaptability of data-driven learning, resulting in improved transient performance, enhanced disturbance 

rejection, and better generalization across operating conditions compared with both standalone PID and pure 

DDPG controllers. The training parameters used for the reinforcement learning agents are summarized in 

Table 1. The learning curves shown in Figure 4 illustrate the training progression of the agents, where 

Figure 4(a) presents the learning behavior of the standalone DDPG-qCAS controller and Figure 4(b) shows 

the training performance of the Res-DDPG-qCAS agent. The residual agent demonstrates a more stable and 

consistent improvement in cumulative reward during training, indicating more efficient learning due to the 

stabilizing influence of the PID baseline. 

 

 

Table 1. DDPG training parameters 
Parameter Value 

Maximum episodes 1000 
Episode duration 40s 

Sample time 0.1s 

Discount factor 0.99 
Mini-batch size 64 

Replay buffer size 1 × 106 

Target smoothing factor 0.001 

Actor learning rate 1 × 10−4 

Critic learning rate 1 × 10−3 

Initial noise std.dev 0.6 

Noise decay rate 1 × 10−5 

Hidden layers 3 
Neurons per layer 350 

Activation function ReLU 
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(a) 

 

 
(b) 

 

Figure 4. Training curves of deep reinforcement learning agents, (a) DDPG-qCAS and (b) Res-DDPG-qCAS 

 

 

3. RESULTS AND DISCUSSION  

This section presents the results of the time response analysis, as well as the pitch rate tracking and 

disturbance rejection performance of both the classical controller and the deep reinforcement learning 

controller. 

 

3.1.  Time response 

Figure 5 presents the step responses of the three controllers, while Table 2 summarizes their 

corresponding time-domain performance indices. As illustrated in Figure 5(a), the PID-qCAS exhibits the 

fastest rise time ( 𝑡𝑟 = 0.2390 𝑠 )but suffers from a very large overshoot ( 𝑀𝑝 = 18.9541% )and noticeable 

oscillatory transient behavior. These characteristics result in relatively high error metrics (MAE, ISE, and 

MSSE), indicating an aggressive yet poorly damped response. 

As illustrated in Figure 5(b), the DDPG-qCAS significantly reduces overshoot ( 𝑀𝑝 = 0.6580% ) 

and produces a smooth response; however, this improvement comes at the expense of very slow dynamics, 

with a rise time of 𝑡𝑟 = 9.4061 𝑠and a settling time of 𝑡𝑠 = 17.7502 𝑠. The prolonged transient response 

explains the large ISE value (0.8838), despite moderate MAE and MSSE values. In contrast, Figure 5(c) 

shows that the proposed Res-DDPG-qCAS achieves a more favorable balance between response speed and 
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accuracy. It maintains a fast rise time ( 𝑡𝑟 = 0.4020 𝑠 ), the shortest settling time ( 𝑡𝑠 = 0.9825 𝑠 ), and 

minimal overshoot (𝑀𝑝 = 0.2731% ). Furthermore, it achieves the lowest error metrics, with MAE =

0.0043, ISE = 0.0212, and MSSE = 0.0061, demonstrating superior transient performance and tracking 

accuracy compared with both PID-qCAS and DDPG-qCAS. These results confirm that residual learning 

effectively combines the fast transient response of PID control with the smooth and robust behavior of 

reinforcement learning. 

 

 

   
(a) (b) (c) 

 

Figure 5. Step response for (a) PID-qCAS, (b) DDPG-qCAS, and (c) Res-DDPG-qCAS controllers 

 

 

Table 2. Comparison of time-domain performance metrics for PID-qCAS, DDPG-qCAS, and  

Res-DDPG-qCAS Controllers 
Method 𝑡𝑟(s) 𝑡𝑠(𝑠) 𝑀𝑝(%) 𝑀𝐴𝐸 𝐼𝑆𝐸 𝑀𝑆𝑆𝐸 

PID-qCAS 0.2390 1.4167 18.9541 0.1025 0.1106 0.0879 
DDPG-qCAS 9.4061 17.7502 0.6580 0.0100 0.8838 0.0138 

Res-DDPG-qCAS 0.4020 0.9825 0.2713 0.0043 0.0212 0.0061 

 

 

3.2.  Pitch rate command tracking 

Figure 6 illustrates the pitch-rate command tracking performance of the PID-qCAS, DDPG-qCAS, 

and Res-DDPG-qCAS controllers under successive step changes in the reference signal. As shown in 

Figure 6(a), the PID-qCAS responds rapidly to command changes but exhibits noticeable overshoot and 

oscillations, particularly at the rising and falling edges of the command. These oscillations indicate limited 

damping and result in increased transient tracking error. In contrast, Figure 6(b) shows that the DDPG-qCAS 

produces a much smoother response with minimal oscillation; however, its convergence to the commanded 

value is relatively slow, leading to a sluggish transient during both the step-up and step-down transitions. 

The proposed Res-DDPG-qCAS achieves a more favorable trade-off between speed and stability. 

As shown in Figure 6(c), it closely follows the reference with negligible overshoot and without oscillatory 

behavior, while maintaining a significantly faster response than the standalone DDPG controller. The smooth 

transitions and rapid settling demonstrate that the residual learning architecture effectively combines the fast 

response of the PID baseline with the damping and robustness provided by the learned residual policy, 

resulting in superior pitch-rate command tracking performance. 

 

 

 
  

(a) (b) (c) 

 

Figure 6. Pitch rate tracking for (a) PID-qCAS, (b) DDPG-qCAS, and (c) Res-DDPG-qCAS controllers 
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3.3.  Disturbance rejection 

In this test, the aircraft is required to maintain zero pitch-rate deviation in the presence of a large 

pitching moment disturbance of 30 kNm applied at 𝑡 = 200 𝑠. Figure 7 compares the disturbance rejection 

performance of the PID-qCAS, DDPG-qCAS, and Res-DDPG-qCAS controllers. As shown in Figure 7(a), 

the PID-qCAS exhibits a rapid initial response but shows noticeable oscillations both during the initial 

transient and following the disturbance injection, indicating limited damping and sensitivity to the external 

perturbation. Although the pitch rate eventually returns to the reference, the oscillatory recovery implies 

increased transient error and reduced robustness under severe disturbance conditions. 

As shown in Figure 7(b), the DDPG-qCAS demonstrates smoother behavior with reduced 

oscillations; however, its recovery from the disturbance is relatively slow, and a noticeable deviation from 

the reference persists for a longer duration. In contrast, Figure 7(c) shows that the proposed Res-DDPG-

qCAS achieves the most effective disturbance rejection, with only a small transient deviation at the 

disturbance onset and rapid restoration of the pitch rate to the reference value. The response remains well 

damped and free of sustained oscillations, confirming that the residual learning architecture enhances 

robustness to large external disturbances while preserving stable and accurate regulation of the pitch rate. 

 

 

   
(a) (b) (c) 

 

Figure 7. Disturbance rejection performance for (a) PID-qCAS, (b) DDPG-qCAS, and  

(c) Res-DDPG-qCAS controllers 

 

 

4. CONCLUSION 

This study presented a disturbance-resilient control framework for aircraft pitch-rate regulation 

based on residual reinforcement learning integrated within a classical control architecture. The proposed 

approach combines a stabilizing PID controller with a DDPG agent that learns a bounded residual control 

signal. By augmenting rather than replacing the conventional controller, the framework preserves the stability 

and reliability of classical control while introducing adaptive, data-driven compensation for modeling 

uncertainties and external disturbances. 

The objective of this work was to investigate whether a hybrid control strategy that integrates 

classical feedback control with deep reinforcement learning can improve pitch-rate regulation under 

uncertain and disturbance-rich operating conditions. To achieve this, the aircraft longitudinal dynamics were 

modeled and linearized around a trimmed operating point, and a control augmentation system incorporating 

actuator dynamics and constraints was developed. Three control strategies were evaluated within this 

framework: a classical PID controller, a standalone DDPG controller, and the proposed residual DDPG 

controller. The reinforcement learning formulation employed a Markov Decision Process representation, 

transient-aware reward shaping, and a reference-model-based reward design to guide the learning process 

toward desirable flight-control dynamics. 

Simulation results demonstrated that the residual learning architecture significantly improves overall 

control performance. While the PID controller provided a fast response with considerable overshoot and 

oscillatory behavior, the standalone DDPG controller produced smoother responses at the expense of slower 

transient dynamics. In contrast, the proposed Res-DDPG-qCAS achieved a balanced performance, combining 

fast response with minimal overshoot and the lowest tracking error metrics. Command tracking and 

disturbance rejection experiments further confirmed that the residual controller provides smooth, well-

damped responses and rapid recovery from large external disturbances. 

Despite these promising results, several limitations should be acknowledged. First, the evaluation 

was conducted entirely in simulation, and additional robustness studies under varying disturbance profiles, 

parameter uncertainties, and sensor noise conditions are required to fully assess the controller’s reliability. 
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Second, the study did not include comparisons with other hybrid reinforcement learning approaches such as 

PPO-based residual policies or model predictive control–guided reinforcement learning, which could provide 

further insight into the relative advantages of the proposed method. In addition, the work does not present a 

formal Lyapunov stability analysis of the combined PID–DDPG system. While the residual architecture helps 

preserve baseline stability, theoretical guarantees are important for safety-critical aerospace applications and 

should be addressed in future studies. Practical deployment considerations also remain, including the 

computational overhead associated with neural network inference and its impact on high-frequency flight 

control loops in embedded avionics systems. 

Future research will therefore focus on extending the framework through robustness evaluation 

under broader disturbance conditions, incorporation of formal stability constraints, and comparison with 

alternative hybrid reinforcement learning strategies. Additional work will also investigate transfer learning 

and domain randomization techniques to improve policy generalization, as well as hardware-in-the-loop and 

experimental validation on real flight control platforms. Beyond aerospace applications, the proposed 

residual reinforcement learning framework may also be applicable to other safety-critical control domains 

such as autonomous drones, robotics, and intelligent automotive systems. 

More broadly, this work contributes to the growing body of research exploring how reinforcement 

learning can be integrated safely into conventional control architectures. The findings support the emerging 

perspective that hybrid control frameworks, in which classical controllers ensure baseline stability while 

learning agents provide adaptive correction, represent a promising direction for next-generation intelligent 

control systems. Continued research in this area will be essential for addressing challenges related to 

verification, certification, and safe integration of learning-enabled controllers within existing aerospace 

control and avionics infrastructures. 
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