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1. Introduction 
Quadrotor unmanned aerial vehicles (UAVs) have gained significant attention due to their agility 

and vertical takeoff and landing (VTOL) capabilities. However, they are challenging to control 
because of highly nonlinear, coupled, and underactuated dynamics – a quadrotor has six degrees of 
freedom but only four independent control inputs [1]‒[3]. 

As a result, active feedback control is essential for stabilization and trajectory tracking. Classical 
controllers, particularly Proportional-Integral-Derivative (PID) and its simplified Proportional-
Derivative (PD) variant, remain widely used due to their ease of use, intuitive tuning, and proven 
effectiveness in practice [4]‒[7]. PD controllers are often implemented in a cascaded fashion (outer 
loop for position and inner loop for attitude), allowing reliable hover and moderate trajectory tracking 
performance [8]‒[10]. Despite their popularity, fixed-gain PD controllers struggle with robustness to 
disturbances and aggressive maneuvers, as their linear gains cannot fully address the quadrotor’s 
nonlinear dynamics [11]‒[13]. 
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 In this simulation study, a cascaded Proportional-Derivative (PD) 
controller and a motor mixer are used to generate training patterns for a 
forward-feedback Artificial Neural Network (ANN). The ANN is a 
multilayer perceptron with two hidden layers of 128 units, trained using the 
Adam optimizer (learning rate 1x10^-3) with batch size 2048 and early 
stopping. The dataset comprises 200,000 samples (160,000 training; 
40,000 test) generated in MATLAB/Simulink using a fixed-step RK4 
integrator (0.01 s step). Unlike previous ANN–PD comparative studies, the 
proposed ANN directly approximates actuator-level PD commands while 
providing explicit evaluation of both open-loop regression and closed-loop 
performance. The ANN achieves near-perfect open-loop fidelity 
(R^2~0.999) but exhibits different closed-loop behavior: the PD controller 
outperforms the ANN in hover stabilization (altitude RMSE 0.18m vs 
0.26m), while the ANN shows superior performance in nonlinear trajectory 
tracking, reducing lateral RMSE along the x-axis from 0.47m to 0.21m 
(~55% improvement) and along the y-axis from 0.52m to 0.19m (~63% 
improvement). These results demonstrate that the ANN provides an 
adaptive nonlinear control approximation suitable for trajectory tracking, 
while the PD controller maintains robustness for stabilization tasks. 
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To overcome these limitations, researchers have explored intelligent and adaptive control 
methods, notably artificial neural networks (ANNs). Neural network controllers can learn and 
approximate complex nonlinear mappings, providing adaptivity that fixed-gain controllers lack [14], 
[15]. Studies consistently show that ANN-based controllers outperform classical PD in trajectory 
tracking accuracy and disturbance rejection. For instance, neural network inverse-dynamics 
controllers achieved better altitude tracking performance than tuned PID controllers [13], [16]‒[18].  

Similarly, hybrid approaches have been proposed, where neural networks compensate for 
modeling errors or disturbances while PD stabilizes the nominal dynamics. These hybrid PD–ANN 
methods demonstrate smoother responses and improved robustness compared to either method alone 
[19], [20]. Advanced implementations even integrate neural networks for fault tolerance, enabling 
robust flight under actuator failures [12], [13], [21], [22]. Such findings underline the strength of 
neural networks as flexible frameworks, capable of operating standalone or synergistically with 
conventional control [23]. 

Beyond PD and neural networks, numerous other strategies have been proposed. Linear 
Quadratic Regulator (LQR) controllers, for example, offer optimal linear feedback near hover 
conditions but degrade in highly nonlinear regimes [24]‒[26]. Model Predictive Control (MPC) 
explicitly handles input constraints and trajectory predictions, achieving strong tracking performance 
but with high computational demands [10]. Nonlinear methods such as backstepping [27]‒[30] and 
sliding mode control offer robustness and stability guarantees, but often at the expense of 
mathematical complexity and issues like chattering. Recent literature trends indicate that hybridization 
of methods—such as combining PD with neural networks or other intelligent controllers—produces 
more resilient and precise quadrotor control systems [31]‒[33]. 

In summary, PD controllers remain a fundamental baseline in quadrotor control research and 
applications, but their limitations motivate the use of advanced approaches. Neural network–driven 
controllers, whether standalone multilayer perceptron’s or hybrid PD–NN designs, have demonstrated 
superior adaptability, smoother responses, and improved robustness against disturbances [19].  

This paper aims to develop and compare two controllers for quadrotor trajectory tracking: a 
cascaded PD controller and a neural network controller. The cascaded PD controller consists of an 
outer-loop position controller that converts trajectory errors into desired attitude commands, and an 
inner-loop PD controller that stabilizes attitude by mapping attitude errors to motor thrust commands. 
The neural network controller maps trajectory tracking errors directly to motor commands in a model-
free manner. Finally, paper aims to compare the performance of both controller in quadrotor trajectory 
tracking [11], [34]‒[37]. 

Moreover, this study tests whether a supervised ANN, trained on actuator commands produced 
by a cascaded PD and mixer pipeline, can reproduce or improve closed-loop trajectory tracking in 
simulation. A supervised simulation is used as a reproducible baseline. The ANN approach is not 
proposed as a final flight controller. Instead, it is evaluated as a compact, learned mapping that may 
reduce computational overturns and noise. Specific hypotheses are: 

• The ANN will closely regress the PD motor commands in open-loop (high R², low RMSE). 

• If the ANN generalizes well across state space, closed-loop tracking metrics (integrated position 
error, max deviation) will match or improve relative to the original PD when tested on the same 
trajectories and initial conditions. 

• Differences between open-loop regression and closed-loop behavior indicate data coverage 
issues, actuator limits, or representation errors; resolving them requires explicit dataset 
augmentation and matched baseline tuning. 

Evaluation metrics and experimental scenarios are listed in Methods. This framing clarifies the 
contribution: a reproducible comparison and a diagnostic protocol for ANN imitation of PD 
controllers. 
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In addition, supervised ANN learning from PD-generated actuator commands contributes 
practical insight by providing a reproducible baseline for comparison with linear PD controllers. This 
approach enables quantitative evaluation of how well the ANN approximates PD control, highlights 
closed-loop performance effects from actuator saturation, control smoothing, and nonlinear trajectory 
interactions, and serves as a diagnostic tool for dataset coverage and model representation. Supervised 
learning was chosen over adaptive or reinforcement learning because it ensures stable regression on 
known PD outputs, produces interpretable performance metrics, and avoids the long training times 
and potential instability inherent to adaptive or reinforcement methods. 

2. Methodology 
To clarify the overall control strategy, the architectures of both controllers are summarized as 

follows: 

Cascaded PD Controller: 

• Outer-loop: converts position errors into desired attitude commands. 

• Inner-loop: maps attitude errors to motor commands via a motor mixer.  

• Operates with feedback from measured position and attitude 

Supervised ANN Controller 

• Directly maps position and attitude errors (and their derivatives) to motor commands. 

• Learns the PD-generated control mapping from simulation data. 

• Receives the same feedback signals as the PD controller. 

The PD controller uses an explicit linear cascaded control structure, whereas the ANN 
approximates the PD mapping in a nonlinear, learned manner, allowing it to generalize to unseen 
trajectories while maintaining similar control accuracy. The quadrotor mathematical model presented 
in this paper is derived from [11]. 

2.1. Notation and Frame 

We use an inertial frame ℐ with axes (𝑥, 𝑦, 𝑧) and a body-fixed frame ℬ whose attitude w.r.t.  ℐ 
is parameterized by X-Y-Z Euler angles 𝜂 = (𝜙, 𝜃, 𝜓)! (roll, pitch, yaw). The rotation from body to 
inertial is shown in (1). With 𝑅 ∈ 𝑆𝑂(3), the set of all 3D rotation matrices, and 𝑅"# = 𝑅!. 

	 𝑅(𝜙, 𝜃, 𝜓) = 𝑅$(𝜓) 𝑅%(𝜃) 𝑅&(𝜙) (1) 

The quadrotor state is defined as in (2). Where position 𝑝 = (𝑥, 𝑦, 𝑧)!, inertial velocity 𝑣 = 𝑝̇, 
and body rates ω = (𝑝, 𝑞, 𝑟)!. 

	 𝑥 = [ 𝑝! ,  𝑣! ,  𝜂! ,  𝜔!]! (2) 

The mapping between Euler-rate 𝜂̇ and body rates is defined in (3). 

	 𝜔 = 𝑊(𝜂) 𝜂̇ (3a) 

	 𝑊(𝜂) = @
1 0 −si n 𝜃
0 co s𝜙 si n𝜙 co s 𝜃
0 −si n𝜙 co s𝜙 co s 𝜃

I	 (3b) 
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2.2. Forces and Moment 

Assume a rigid symmetric body with inertia 𝐼 = diagK𝐼&& , 𝐼%% , 𝐼$$L, mass 𝑚, arm length 𝑙, thrust 
and drag coefficients 𝑘' , 𝑘( > 0, and rotor gyroscopic inertia 𝐽). Each rotor 𝑖 ∈ {1, … ,4} produces 
thrust along the positive body 𝑧*-axis as shown in (4) [38]. 

	 𝐹+ = 𝑘'ω+, (4) 

where ω+ is the rotational speed of the 𝑖'- motor. This makes the total thrust defined as in (5). 

	 𝑇 =Y𝐹+

.

+/#

=Y𝑘'ω+,
.

+/#

 (5) 

The roll, pitch and yaw moments (𝜏0 , 𝜏1 , 𝜏2) for standard "+" quadrotor geometry are defined 
as shown in (6) [34], [39]. 

	 𝜏0 = 𝑙 𝑘'(−𝜔,, +𝜔.,) (6a) 

	 𝜏1 = 𝑙 𝑘'(−𝜔#, +𝜔3,)	 (6b) 

	 𝜏2 = 𝑘((−𝜔#, +𝜔,, −𝜔3, +𝜔.,)	 (6c) 

2.3. Translational Dynamics 

Newton's law in the inertial frame ℐ is defined as in (7). 

	 𝑚𝑣̇ = 𝑚𝑔 + 𝑅 @
0
0
𝑇
I − 𝐾)45  𝑣 (7) 

where K−𝐾)45  𝑣L is the linear drag, 𝑅 is the rotation matrix defined in (1), 𝑇 is the total thrust shown 
in (5) and 𝑔 = [0,0, −𝑔]!. The inertial velocity kinematics is shown in (8) [40], [41]. 

	 𝑝̇ = 𝑣 (8) 

2.4. Rotational Dynamics 

Euler's rigid-body equation in the body frame ℬ with rotor gyroscopics is defined as (9). 

	 𝐼𝜔̇ + 𝜔 × (𝐼𝜔) + 𝛤 = 𝜏 (9) 

where	𝐼 is the inertia matrix, ω is the body angular rates, τ is the control torques, Γ is the gyroscopic 
coupling term, 𝐽) is the rotor inertia and ω) is the net rotor spin effect (positive for counterclockwise, 
negative for clockwise). All are shown in (10). 

	 𝛤 = 𝐽)  𝜔 𝜔) (10a) 

	
𝐼 = b

𝐼&& 0 0
0 𝐼%% 0
0 0 𝐼$$

c (10b) 

	 𝜔 = [𝑝, 𝑞, 𝑟]! (10c) 

	 𝜏 = d𝜏0 , 𝜏1 , 𝜏2e
! (10d) 
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	 𝜔) = −𝜔# +𝜔, −𝜔3 +𝜔.	 (10e) 

The attitude kinematics is shown in (10), where η = (𝜙, 𝜃, 𝜓)! are the Euler angles and 𝑊(η) is 
the transformation matrix relating angular rates to Euler angle rates shown in (11) [42]‒[44].  

	 𝜂̇ = 𝑊"#(𝜂) 𝜔 (11) 

2.5. Proportional Derivative (PD) Control Structure 

The control architecture of the quadrotor is organized in a cascaded structure, as illustrated in 
Fig. 1. The outer control loop calculates the position errors. The altitude error 𝑧4)) is processed by the 
altitude PD controller to produce the desired thrust, while the horizontal position errors (𝑥4)) , 𝑦4))) 
are used by the position-to-attitude conversion stage to generate the desired roll and pitch angles 
K𝜙)45 , 𝜃)45L. The yaw reference 𝜓)45 is fixed at 0 as the yaw direction doesn't influence the 
quadrotor's position [45]. 

	
Fig. 1. Block diagram of cascaded PD controller architecture for quadrotor trajectory tracking 

The inner attitude loop then regulates the orientation of the quadrotor. The errors 
(𝜙4)) , 𝜃4)) , 𝜓4))) between the desired and actual angles are compensated by the attitude PD 
controller, producing the required control torques K𝜏0 , 𝜏1 , 𝜏2L. Together with the thrust command 𝑇 
from the altitude controller, these are transformed into individual rotor inputs (𝑈#, 𝑈,, 𝑈3, 𝑈.) through 
the actuator mixing relations. Finally, the actual position and orientation measured from the vehicle 
are fed back into the loops, closing the cascade and ensuring that the reference trajectory 
K𝑥)45 , 𝑦)45 , 𝑧)45 , ψ)45L is tracked. This hierarchical design reflects the standard approach for 
quadrotor control, where the slower outer position and altitude loops provide reference signals to the 
faster inner attitude loop, which directly stabilizes the dynamics of the vehicle [46]‒[48].  

2.6. Outer Control Loop  

2.6.1. Altitude PD Controller:  
From (7), the vertical channel is shown in (12). 

	 𝑚𝑧̈ = −𝑚𝑔 + 𝑇 𝑐𝑜𝑠 𝜙 𝑐𝑜𝑠 𝜃 (12) 

A PD controller on altitude error 𝑒$ = 𝑧)45 − 𝑧  gives (13). 

	 𝑇 =
𝑚(𝑔 + 𝐾6$  𝑒$ + 𝐾7$  𝑒̇$)

𝑐𝑜𝑠 𝜙 𝑐𝑜𝑠 𝜃
 (13) 
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2.6.2. Position to Attitude Conversion (Small-Angle Mapping):  
To establish the coupling between translational motion and attitude, the model in (7) is linearized 

around hover with 𝑇 ≈ 𝑚𝑔 and small angular deviations |𝜙|, |𝜃| ≪ 1. In this regime, the accelerations 
in the inertial frame are reduced as shown in (14). 

	 𝑥̈ ≈ 𝑔 𝜃,	 	 𝑦̈ ≈ −𝑔  (14) 

This indicates that pitch angle 𝜃 mainly controls motion along 𝑥, while roll angle 𝜙 controls 
motion along 𝑦. The horizontal tracking errors are defined as shown in (15). 

	 𝑒& = 𝑥)45 − 𝑥,	 	 𝑒% = 𝑦)45 − 𝑦 (15) 

The virtual control inputs for the translational dynamics are chosen to cancel the drag forces and 
inject PD-type error feedback. This way the reference angles can be calculated as shown in (16). 

	 θ)45 =
𝑚 𝑥̈)45 + 𝐾8&  𝑥̈)45 + 𝐾6K𝑥)45 − 𝑥L

𝑇
 (16a) 

	 ϕ)45 = −
𝑚	𝑦̈)45 + 𝐾8%  𝑦̇)45 + 𝐾6K𝑦)45 − 𝑦L

𝑇
	 (16b) 

where 𝑚 is the mass, 𝐾8 = diagK𝐾8& , 𝐾8% , 𝐾8$L is the translational drag matrix, and 𝐾6 is the 
proportional position gain in the horizontal plane. The thrust 𝑇 is simultaneously adjusted by the 
altitude loop as shown in (13). Equation (16), therefore provide the mapping between horizontal 
tracking errors and the attitude references [49]‒[51] . 

2.7. Inner Control Loop  

2.7.1. Attitude PD Controller 
Let 𝑒0 = 𝜙)45 	− 	𝜙, 𝑒1 = 𝜃)45	 − 	𝜃, 𝑒2 = 𝜓)45 − 	𝜓. Choose the required control torques 

(𝜏0 , 𝜏1 , 𝜏2) as shown in (17). 

	 @
τ:
τ;
τ<
I = s

𝐼&&K𝐾60𝑒0 + 𝐾70𝑒̇0L
𝐼%%(𝐾61𝑒1 + 𝐾71𝑒̇1)
𝐼$$K𝐾62𝑒2 + 𝐾72𝑒̇2L

t (17) 

Neglecting Γ and cross-coupling near hover, each axis behaves as shown in (18). 

	 𝑒̈+ + 2𝜁+𝜔=,+𝑒̇+ +𝜔=,+, 𝑒+ ≈ 0 (18) 

By picking the PD gains as shown in (19), the system behaves as a second order system. 

	 𝐾7+ = 2𝜁+𝜔=,+ , 	 	 𝐾6+ = 𝜔=,+,  (19) 

Typical choices: 𝜁+ ∈ [0.7,1] and 𝜔=,+ set by desired bandwidth. 

2.7.2. Motor Mixer 
Define the virtual input vector shown in Fig. 1 as shown in (20). 

	 𝑢 = d𝑇,  𝜏0 ,  𝜏1 ,  𝜏2e
! (20) 

The relations above can be written as shown in (21) [11], [12], [52]. 
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	 s

𝑇
𝜏0
𝜏1
𝜏2

t = s

𝑘' 𝑘' 𝑘' 𝑘'
0 −𝑙𝑘' 0 𝑙𝑘'

−𝑙𝑘' 0 𝑙𝑘' 0
−𝑘( 𝑘( −𝑘( 𝑘(

t

⎣
⎢
⎢
⎢
⎡𝜔#

,

𝜔,,

𝜔3,

𝜔.,⎦
⎥
⎥
⎥
⎤
 (21) 

Inverting gives the four motors angular speeds that drives the quadrotor as shown in (22). 

	 𝑈# = 𝜔#, =
𝑇
4𝑘'

−
𝜏1
2𝑙𝑘'

−
𝜏2
4𝑘(

 (22a) 

	 𝑈, = 𝜔,, =
𝑇
4𝑘'

−
𝜏0
2𝑙𝑘'

+
𝜏2
4𝑘(

 (22b) 

	 𝑈3 = 𝜔3, =
𝑇
4𝑘'

+
𝜏1
2𝑙𝑘'

−
𝜏2
4𝑘(

 (22c) 

	 𝑈. = 𝜔., =
𝑇
4𝑘'

+
𝜏0
2𝑙𝑘'

+
𝜏2
4𝑘(

 (22d) 

 

2.8. Artificial Neural Network Control Structure 

To overcome the structural limitations of cascaded PD controllers, an artificial neural network 
(ANN) based control architecture was developed. The ANN directly maps high-level tracking errors 
and attitude states to motor commands, thus replacing both the inner attitude PD loop and the motor 
mixer as shown in Fig. 2 [26], [53]. 

	
Fig. 2. Block diagram of the neural network control architecture replacing the cascaded PD and motor mixer 

At runtime, the NN replaces the entire cascaded PD and motor mixer structure. The position-to-
attitude block remains unchanged and provides K𝜙)45 , 𝜃)45L based on trajectory errors. These 
references, together with the actual attitude and altitude feedback, form the ANN input vector. The 
ANN directly outputs the rotor commands 𝑈, which are applied to the quadrotor dynamics.  

 This architecture eliminates manual gain tuning and reduces structural assumptions in the 
control law, allowing the ANN to implicitly capture nonlinear couplings and unmodeled dynamics 
present in the PD dataset. 

2.9. Training Dataset 

The input features 𝑋 are shown in (23), where K𝑒0 , 𝑒1 , 𝑒2, 𝑒$L are roll, pitch, yaw and altitude 
errors, and K𝑒̇0 , 𝑒̇1 , 𝑒̇2, 𝑒̇$L are their derivatives. 
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	 𝑥 = d𝑒0 ,  𝑒̇0 ,  𝑒1 ,  𝑒̇1 ,  𝑒2,  𝑒̇2,  𝑒$,  𝑒̇$	e (23) 

The ANN was trained using supervised learning exclusively on PD-generated actuator 
commands to provide a reproducible baseline and enable quantitative comparison. Reinforcement 
learning or online adaptation was not employed to maintain stable and interpretable training, avoid 
simulation instabilities, and focus on assessing how well the ANN can replicate a known controller. 
The ANN generalizes within the coverage of the training data; scenarios outside this range may result 
in extrapolation errors or altered closed-loop dynamics due to motor saturation or smoothed control 
transitions. The input vector, which includes position and attitude errors and their derivatives, provides 
sufficient information for regression across the simulated trajectories tested, though it does not 
explicitly capture all nonlinear couplings. Training on PD data ensures a controlled and reproducible 
evaluation, whereas experimental or disturbed flight data would introduce uncontrolled variability. 
Performance degradation under unmodeled dynamics highlights the limitations of pure imitation and 
motivates future extensions, including dataset augmentation and hybrid baseline controllers. 

The output features 𝑌 shown in (24) correspond to the squared rotor angular velocities as 
generated by the PD controller and motor mixer. 

	 𝑌 = 𝑈 = [𝜔#,,  𝜔,,,  𝜔3,,  𝜔.,] (24) 

This formulation allows the NN to approximate the full nonlinear mapping from trajectory errors 
to actuator-level commands in a single step [54]. 

2.10. Feature and Output Standardization 

To improve numerical conditioning and balance the regression loss, both the input features and 
motor outputs were normalized. 

The features were standardized using the training set statistics as shown in (25). 

	 𝑋=?)@ =
𝑋 − 𝜇A
𝜎A

 (25) 

where 𝜇A and 𝜎A are the mean and standard deviation of each feature computed over the training data 
only. 

Similarly, each motor output was standardized per dimension as shown in (26) with 𝜇B and	𝜎B 
denoting the per-motor mean and standard deviation.  This ensures that all motors contribute equally 
to the loss function, preventing domination by higher-magnitude outputs. 

	 𝑌C'8 =
𝑌 − 𝜇B
𝜎B

 (26) 

At inference, predictions 𝑌�C'8 were mapped back to physical units as shown in (27). 

	 𝑌� = 𝑌�C'8  𝜎B + 𝜇B (27) 

2.11. Network Architecture and Training 

Training data were collected by running the cascaded PD controller across multiple simulated 
trajectories and initial conditions. The dataset was split into training set (80%) and test set (20%). The 
Adam optimizer was used with a mini-batch size of 2048, a learning rate of 10"3, and a maximum of 
50 epochs. Early stopping with patience=5 on validation loss. L2 weight decay =1×10⁻⁵ and optional 
Dropout=0.1 [55].  

The inputs are position error, attitude error, and their derivatives estimated by finite differences. 
The outputs are motor squared speeds for four rotors.  
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The NN is a multilayer perceptron (MLP) with two hidden layers of 128 neurons each, and ReLU 
activations. The final layer is fully connected with four outputs, one for each motor’s squared speed. 
A regression layer is used to minimize the mean squared error between predicted and PD-generated 
commands.  

The network was trained offline using supervised learning, with datasets collected from the PD-
controlled quadrotor simulations. The logging procedure covered diverse scenarios, including hover 
stabilization from different initial conditions and trajectory tracking over several trajectories. Each 
simulation produced state trajectories and corresponding PD motor commands, which were 
aggregated into the dataset 𝒟 = {𝑋, 𝑌}. 

2.12. Model Testing and Evaluation 

After training, the ANN was validated on the held-out test set. Performance was quantified using 
three regression metrics: root mean square error (RMSE), mean absolute error (MAE), and the 
coefficient of determination 𝑅,. 

The RMSE measures the quadratic mean of prediction errors as shown in (28). 

	 RMSE = �
1
𝑁
Y(𝑦+ − 𝑦�+),
D

+/#

 (28) 

where 𝑦+ are the PD-generated motor commands, 𝑦�+ are the ANN predictions, and 𝑁 is the number of 
test samples. The MAE quantifies the average absolute prediction error as shown in (29). 

	 MAE =
1
𝑁
Y|𝑦+ 	− 	𝑦�+|
D

+/#

 (29) 

Finally, the coefficient of determination 𝑅, expresses how well the ANN predictions capture the 
variance in the ground-truth data as shown in (30). 

	 𝑅, = 1 −
∑ (𝑦+ − 𝑦�+),D
+/#

∑ 𝑖 = 1D(𝑦+ − 𝑦�),
 (30) 

where 𝑦� is the mean of the ground-truth outputs. Values of 𝑅, close to 1 indicate near-perfect 
predictions.  Together, these three metrics provide a comprehensive evaluation: RMSE emphasizes 
large errors, MAE captures average deviations, and 𝑅, measures explained variance [56]‒[61]. 

3. Results 
The quadrotor dynamics were implemented in the MATLAB/Simulink environment using a 

fixed-step fourth-order Runge-Kutta numerical integrator. All simulations were conducted with a 
constant sampling period of 0.01 s and a total simulation time of 20 s per experiment. Sensor noise 
was modeled as zero mean Gaussian noise with standard deviations of 0.01 m for position, 0.005 rad 
for attitude angles, and 0.02 rad/s for angular rates. Motor commands were constrained within the 
physical saturation limits of 0  - 838 rad/s. The physical parameters used in the simulations are 
summarized in Table 1 and were kept identical for both controllers to ensure fair comparison. 

3.1. PD Controller Stabilization Test 

The PD controller was first evaluated in a stabilization task. The vehicle was initialized at position 
[−1,  2,  0.5]𝑚  with initial attitude angles of [15∘,  −15∘,  10∘] in roll, pitch, and yaw, respectively. 
The objective was to stabilize the quadrotor at a hover altitude of 2 m with zero roll, pitch, and yaw. 

As shown in Fig. 3, the altitude (z) response exhibited a maximum overshoot of 29.2% and a 
settling time of approximately 6 s. The response remained within ±5% of the steady-state value after 
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6 s. This behavior indicates adequate damping and stability, but the initial overshoot is attributed to 
the aggressive proportional gain required for fast altitude correction. 

Table 1.  Simulation and quadrotor parameters 

Parameter Value Unit 
Mass 1.20 kg 

Arm length 0.225 m 
Inertia (X-axis) 0.020 kg·m² 
Inertia (Y-axis) 0.020 kg·m² 
Inertia (Z-axis) 0.040 kg·m² 

Thrust coefficient 2.30×10⁻⁶ N·s² 
Drag coefficient 1.00×10⁻⁷ N·m·s² 

Rotor inertia 6.0×10⁻⁵ kg·m² 
Gravity 9.81 m/s² 

Translational damping diag(0.1,0.1,0.1) — 
Min motor speed 0 rad/s 
Max motor speed 838 (≈8000 rpm) rad/s 
Control loop step 0.01 s 

Solver Fixed-step RK4 — 
Solver step size 0.01 s 
Position noise 0.01 m 
Attitude noise 0.005 rad 

Angular rate noise 0.02 rad/s 
Optimizer  Adam — 

Mini-batch size 2048 — 
Learning rate 10!" — 

Maximum no. of epochs 50 — 

	
Fig. 3. PD controller response along z in stabilization test 

For the attitude responses (Fig. 4), the roll (φ) channel exhibited a 21.3% undershoot with an 8 s 
settling time, while pitch (θ) showed a smaller overshoot of 1.5% and a settling time of 6 s. The yaw 
(ψ) channel showed a 14.4% undershoot and an 8 s settling time. These results confirm that the PD 
controller provides reliable stabilization performance, with predictable transient behavior governed 
by its linear control structure. 

To quantify performance, the integrated absolute error (IAE) and root mean square error (RMSE) 
were computed over the full 20 s simulation window. For the altitude channel, the PD controller 
achieved an RMSE of 0.18 m and an IAE of 1.92 ms. 
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Fig. 4. PD controller attitude response in stabilization test 

3.2. Neural Network Training Results 

The ANN controller was trained using supervised learning on PD-generated motor commands. 
The dataset consisted of approximately 120,000 samples generated from randomized reference 
trajectories and initial conditions. The data were split into 80% for training and 20% for testing. Input 
features were standardized to zero mean and unit variance, and output motor squared speeds were 
normalized per motor. 

3.2.1. Per-Motor Performance 
Table 2 summarizes the per-motor regression metrics for the four motor outputs (ω₁², ω₂², ω₃², 

ω₄²). The ANN achieved R² values of approximately 0.9994 on both training and test sets, indicating 
near-perfect replication of the PD controller mapping. The similarity between training and test errors 
confirms that the model did not suffer from overfitting. 

Table 2.  Neural network performance metrics per motor 

Motor RMSE MAE 𝑹𝟐 
𝜔#$ 286.5 153.3 0.9994 
𝜔$$ 278.2 153.1 0.9994 
𝜔"$ 283.3 148.7 0.9994 
𝜔%$ 277.2 148.2 0.9995 

 

3.2.2. Overall Model Accuracy 
Aggregated over all four motors, the ANN achieved a train RMSE of 283.3, MAE of 151.4, and 

𝑅, = 0.9994. On the held-out test set, the results were nearly identical, with RMSE 281.3, MAE 
150.8, and 𝑅, = 0.9994. The normalized root mean square error (NRMSE) relative to the data range 
was just 0.049%, with per- motor values consistently below 0.05%. This indicates that the ANN not 
only fits the PD-generated data with high fidelity, but also generalizes effectively across unseen 
trajectories. 

The extremely high R² values confirm that the ANN can accurately approximate the open-loop 
mapping implemented by the cascaded PD and motor mixer. This result demonstrates that the ANN 
is a faithful functional approximator of the original controller in a purely regression sense. 

Despite the high open-loop regression accuracy, this does not guarantee identical closed-loop 
behavior. Small approximation errors in motor commands can accumulate over time in a feedback 
system and lead to observable transient differences, particularly during aggressive maneuvers. 
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3.3. ANN Controller Stabilization Test 

When the ANN controller was applied in closed-loop under the same stabilization conditions, 
different behavior emerged. The altitude response (Fig. 5) showed a reduced overshoot of 24.3%, but 
a longer settling time of approximately 8 s, accompanied by visible oscillations. This indicates that 
although the ANN generated smoother initial control signals (reducing overshoot), it produced less 
effective damping, leading to prolonged oscillatory behavior. 

	
Fig. 5. ANN controller response along z in stabilization test 

In attitude stabilization (Fig. 6), the ANN produced larger transient deviations. The roll (φ) 
channel showed a 42% undershoot, pitch (θ) exhibited an 84% overshoot, and yaw (ψ) showed a 57% 
undershoot, with settling times in the range of 8–10 s. These results indicate that while the ANN 
accurately reproduces the PD control law in open loop, its closed-loop behavior is more sensitive to 
sensor noise, model uncertainty, and actuator saturation effects. 

Quantitatively, the ANN stabilization test produced an altitude RMSE of 0.26 m and an IAE of 
2.87 ms, which is worse than the PD controller under pure stabilization conditions. 

	
Fig. 6. ANN controller attitude response in stabilization test 

This degradation can be explained by three interacting mechanisms: 

• The ANN encounters transient states that are less represented in the training dataset leading to 
extrapolation errors. 

• Small prediction errors at extreme motor values are amplified near physical limits. 
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• The ANN inherently smooths sharp control transitions (produced by the PD controller) 
modifying effective closed-loop damping. 

These effects explain why the ANN, despite near-perfect imitation of PD commands in open-
loop regression, performs worse in stabilization. 

3.4. Trajectory Tracking Test  

The power of the ANN controller is demonstrated in its ability to navigate the quadrotor across 
trajectories. Due to the linear nature of the PD controller, it struggles to keep up with trajectories with 
non-linear natures. To confirm this the two controllers were tested along a helical trajectory with a 3-
meter radius and a height of 3 meters. 

Fig. 7 shows that the PD controller failed to closely follow the three-dimensional helical path. 
While, the ANN controller recovered more rapidly and maintained closer proximity to the reference 
trajectory after the transient phase. This behavior arises because the PD controller is fundamentally 
linear, whereas the ANN implicitly learned nonlinear couplings between position, velocity, and motor 
commands from the training data. 

	
Fig. 7. ANN and PD controller helical trajectory tracking response 

Along the x-axis (Fig. 8) and y-axis (Fig. 9), the ANN maintained close alignment with the 
reference after initial correction, while the PD controller exhibited persistent deviation, especially 
when the trajectory curvature changed direction. This indicates that the ANN better captures nonlinear 
aerodynamic and coupling effects present during curved flight. 

	
Fig. 8. ANN and PD controller helical trajectory tracking response along the x-axis 
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Fig. 9. ANN and PD controller helical trajectory tracking response along the y-axis 

For the z-axis (Fig. 10), which is a simple linear ramp, the PD controller achieved nearly perfect 
tracking, while the ANN showed small oscillations. This confirms that the ANN does not universally 
outperform the PD controller; rather, its advantage is scenario-dependent. 

	
Fig. 10. ANN and PD controller helical trajectory tracking response along the z-axis 

For the x-axis tracking, the ANN achieved an RMSE of 0.21 m compared to 0.47 m for the PD 
controller. Along the y-axis, the ANN achieved an RMSE of 0.19 m versus 0.52 m for the PD 
controller. Along the z-axis, the PD controller achieved superior performance due to the linear nature 
of the reference signal, with an RMSE of 0.12 m compared to 0.15 m for the ANN. 

The roll (φ), pitch (θ), and yaw (ψ) tracking results are shown in Fig. 11, Fig. 12, and Fig. 13. 
The ANN demonstrated improved tracking in roll and pitch, while both controllers achieved 
comparable yaw regulation with oscillation amplitudes below 1°. These results demonstrate that the 
ANN exhibits superior adaptability to nonlinear trajectory profiles but inferior pure stabilization 
behavior. 

Finally, a circular horizontal trajectory was tested (Fig. 14). The ANN maintained an average 
positional error of 0.23 m, while the PD controller exhibited an average error of 0.55 m, confirming 
the ANN’s advantage in nonlinear tracking tasks. 
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Fig. 11. ANN and PD controller helical trajectory tracking roll (ϕ) response 

	
Fig. 12. ANN and PD controller helical trajectory tracking pitch (θ) response 

	
Fig. 13. ANN and PD controller helical trajectory tracking yaw (ψ) response 
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Fig. 14. ANN and PD controller circle trajectory response 

From the previous results, the ANN almost perfectly reproduces PD commands (R²≈0.999) yet 
sometimes performs worse in stabilization and better in trajectory tracking. This is not a 
inconsistency but a property of nonlinear closed-loop systems. 

In closed loop, even very small differences in control signals can shift system poles and zeros, 
altering damping and transient behavior. During stabilization, where precise damping is critical, the 
obvious derivative structure in the PD controller provides superior robustness. During nonlinear 
trajectories, however, the ANN provides adaptive nonlinear functions that better compensate 
coupling effects, which a fixed-gain PD cannot signify. 

This analysis resolves the regression metrics with the observed closed-loop behavior and 
demonstrates that the ANN is not a universal replacement for PD, but a complementary strategy with 
strengths in nonlinear tracking. 

4. Conclusion 
This study presented a comparative evaluation of a cascaded PD controller and a supervised ANN 

controller for quadrotor stabilization and trajectory tracking. The results demonstrate that the PD 
controller provides superior robustness and faster settling performance during hover stabilization, 
achieving lower altitude RMSE (0.18 m) compared to the ANN (0.26 m). In contrast, the ANN 
controller outperformed the PD controller in nonlinear trajectory tracking tasks, achieving lower 
lateral tracking RMSE values along the x and y axes. These findings indicate that the PD controller is 
preferable for safety critical stabilization tasks where expectable behavior is required, while the ANN 
controller is more suitable for aggressive nonlinear trajectory tracking where adaptability has the 
priority. However, this study is limited by its dependance on simulation-only data and the use of PD-
generated labels for ANN training. The ANN performance is therefore dependent on the simulation 
model and may degrade under unmodeled dynamics, sensor noise, or hardware-induced nonlinearities. 

Future work will focus on experimental validation using a physical quadrotor platform to assess 
real world performance and robustness. The system robustness tests will be conducted by including 
structured sensor noise, and aerodynamic disturbances to evaluate controller stability margins. 
Additional studies will investigate training the ANN using data collected from alternative baseline 
controllers, including nonlinear and adaptive control schemes, to reduce dependence on any single 
control model. 
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