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Abstract: 

This study presents a robust control framework for enhancing real-time trajectory 

tracking of drones, overcoming the limitations of conventional proportional - integral 

- derivative (PID) controllers. The proposed architecture integrates a model 

predictive controller (MPC) with a Kalman filter to achieve accurate state estimation 

under noisy measurements, while explicitly handling system constraints. To address 

the computational bottleneck of MPC, we employ a fast gradient method-based solver 

with warm-start initialisation and fixed-iteration updates, ensuring deterministic and 

efficient execution. Experimental results on a Zynq-7000 FPGA-SoC demonstrate 

that the optimised software-only implementation achieves real-time feasibility, with 

an average computation time of 0.18 ms (≈1.4% of a 12.8 ms control cycle). Compared 

to PID, the proposed MPC reduces the maximum absolute axis tracking error from 

≈0.5 to ≈0.2 m and generates significantly smoother control signals (~13x lower 

variance and =7x lower mean rate of change). These improvements enhance 

trajectory accuracy and flight stability while extending actuator lifetime, all achieved 

without requiring hardware acceleration.  

Keywords: drone, fast model predictive controller, proportional - integral - derivative, 

trajectory tracking. 

Classification numbers: 1.3, 2.3 

 

1. Introduction 

Unmanned aerial vehicles, commonly referred to as drones, are increasingly utilised 

across diverse applications such as surveillance, delivery services, precision agriculture, 

and infrastructure inspection. However, achieving reliable trajectory tracking, particularly 

in noisy and dynamic real-world environments with stringent response-time requirements, 
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remains a significant challenge. Drone control systems must continuously process multi-

sensor data to estimate position, orientation, and velocity relative to a predefined reference 

trajectory [1]. Any processing delay can result in trajectory deviations and degraded flight 

performance. 

Conventional controllers, such as the PID controller, are widely adopted due to their 

simplicity and ease of implementation. Nevertheless, PID control exhibits notable 

limitations when applied to complex, nonlinear, and constrained systems such as drones. 

Specifically, PID parameter tuning can be difficult and time-consuming, particularly under 

varying operating conditions. Moreover, PID lacks the capability to predict future system 

behaviour, often resulting in delayed responses or excessive oscillations in the presence of 

disturbances or sudden trajectory changes. 

To overcome these drawbacks, advanced control strategies have been investigated, 

among which MPC stands out for its ability to predict future system states and compute 

optimal control inputs while explicitly handling physical constraints. Unlike PID, MPC not 

only reacts to current errors but also proactively minimises future deviations, enabling 

smoother and more accurate trajectory tracking even during transient phases [2]. 

Advances in embedded computing, particularly with Field-Programmable Gate Array 

(FPGA) and System-on-Chip (SoC) platforms [3, 4], have been pivotal in migrating MPC to 

high-speed, real-time applications. These platforms enable a hardware-software co-design 

approach, where the massive parallelism of FPGAs accelerates MPC’s core computations, 

while integrated processors handle higher-level tasks. This strategy has proven effective in 

experimental research, achieving control-loop frequencies in the kilohertz to megahertz 

range for demanding fields like power electronics, robotics, and automotive systems [5].  

Numerous studies have applied MPC to UAV control problems, addressing aspects 

such as motion planning in uncertain environments [6], autonomous landing on moving 

platforms [7], and coordinated formation flight with collision avoidance [8, 9]. Parallel to 

these MPC advancements, classical control strategies have also evolved. Notably, V.P. 

Shankaran, et al. (2021) [10] recently proposed a fractional-order PI plus D (PI^λ-D) 

controller, demonstrating that fractional calculus can significantly enhance stability regions 

and robustness for integrating plants compared to integer-order schemes. However, while 

such advanced PID variants offer improved performance, they still lack the inherent ability 

to explicitly handle system constraints and predict future states. Unlike MPC, these 

feedback-based approaches generally lack the capability to optimise future trajectories 

while explicitly enforcing system constraints. Comparative analyses between MPC and 

PID for quadrotor trajectory tracking have been reported [11, 12], but significant 

challenges remain in implementing such computationally intensive algorithms on 

embedded systems with limited resources. The approach in [11], for example, is confined 
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to simulations and addresses only a single degree of freedom (e.g., altitude control), thus 

failing to capture the full 3D trajectory-tracking problem. In contrast, the study in [12] 

highlights the computational bottlenecks of conventional microcontrollers, which 

necessitate compromises such as long sampling times (up to 100 ms) and shortened 

prediction horizons, ultimately hindering real-time performance and control quality. 

To address these issues, this study proposes a comprehensive approach that not only 

integrates a Kalman filter with MPC for improved state estimation under noisy conditions 

but also focuses on efficient implementation on an FPGA-SoC (Zynq-7000) platform. The 

primary contribution of this work is the design, implementation, and experimental 

validation of a complete control pipeline executed entirely in software on the processing 

system of a single FPGA-SoC platform, enabling high-performance MPC to meet hard 

real-time constraints. We specifically address the computational bottleneck of traditional 

MPC by: (1) employing a solver based on the fast gradient method, (2) leveraging warm-

start and fixed-iteration techniques to ensure deterministic execution, and (3) 

demonstrating that this optimised software approach is sufficient to meet the deadline 

without requiring hardware acceleration.  

The remainder of this paper is organised as follows: Section 2 presents the control 

system design, including the overall architecture, drone modelling, Kalman filter 

parameterisation, and MPC formulation. Section 3 details the experimental setup, 

performance evaluation, and comparative analysis between MPC and PID. Finally, Section 

4 concludes the article. 

2. Control system design 

This section details the closed-loop architecture (Kalman filtering and MPC), drone 

modelling and estimator parameterisation, and the solver specialisation that enables 

deterministic timing on embedded hardware. 

2.1. Overall system architecture 

Estimated system 

state vectorx0,0

P0,0

Kalman

Filter
MPC

System ActuatorsSensors

Control signal 

uk = [aₓk, ayk, azk]ᵀ

Position 
measurements 

zk = [xk, yk, zk]ᵀ

xest,k = [xk, yk, zk, vₓk, vyk, vzk]ᵀ

 

Fig. 1. System architecture for trajectory tracking using MPC with Kalman filter 

integration. 

Figure 1 illustrates the closed-loop architecture of the proposed fast MPC framework. 

To enable a fair comparison with the PID-based controller, the same feedback state-

estimation concept was retained in both control structures. Specifically, similar to the PID 

scheme, the measured output of the system, 𝒛𝒌 = [𝒙𝒌, 𝒚𝒌, 𝒛𝒌]𝑻, is first processed by a 
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Kalman filter to reconstruct the complete estimated state vector 𝒙𝒆𝒔𝒕,𝒌 =

[𝒙𝒌, 𝒚𝒌, 𝒛𝒌, 𝒗𝒙𝒌, 𝒗𝒚𝒌, 𝒗𝒛𝒌]
𝑻
. The fast MPC controller then uses the estimated state x_est 

together with the reference trajectory x_ref to compute the control input 𝒖𝒌 =

[𝒂𝒙𝒌, 𝒂𝒚𝒌, 𝒂𝒛𝒌]
𝑻
. In this way, both PID and fast MPC operate on the same type of estimated-

state feedback, and the comparison focuses on the difference between the PID control law 

and the optimisation-based fast MPC strategy. 

2.2. Drone modelling 

The system under study is a drone navigating in three-dimensional space along a 

predefined trajectory, as depicted in Fig. 2. To comprehensively evaluate the system’s 

response, the trajectory was designed to include various flight patterns. The drone’s 

movement is controlled via acceleration commands, which are updated every 12.8 ms. A 

GPS sensor provides position feedback for real-time trajectory correction. The system 

model accounts for white Gaussian noise affecting both the control acceleration inputs and 

the GPS measurements. 

 

 
Fig. 2. The predefined 3D reference trajectory for the drone. 

2.3. Kalman filter 

To provide the MPC with accurate state estimates from noisy GPS data, a linear Kalman 

filter (LKF) was selected [13]. This choice strikes a deliberate balance between estimation 

accuracy and computational load, making it suitable for embedded deployment under real-

time constraints [14]. Assuming the control acceleration remains constant during each 12.8 

ms cycle, the discrete state-space model and measurements are formulated as follows [15]: 

 1 ,k k k k k k kF G H+ = + + = +x x u w z x v                       (1) 
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where [ , , ]zk k

T

x yk ku a a a= , ~ (0, )kw QN , [ , , ], ,, T

k k k k xk yk zkx y z v v v=x and ~ (0, )kv RN for a 

constant-acceleration kinematic model and sampling time updated every 12.8t =  ms: 
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We use a LKF with measurement noise matrix ( )2 2 2

_ _ s s_sdiag , ,x gp y gp z gp   =  R  and process 

noise matrix Q: 
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 In our setup, s s s_ _ _, ,x gp y gp z gp    follow vendor GPS specifications (i.e., noisy outdoor), 

and a  is tuned to 0.15 m/s2 to accelerate covariance convergence while keeping MPC 

iterates within box constraints. This calibration reduces estimate jitter and stabilises the 

condensed QP gradient, improving fixed-iteration convergence. 

2.4. Model predictive controller 

2.4.1. The constrained optimisation problem 

To address the challenges of achieving high performance and low latency in real-time 

drone control, this study adopts fast MPC, which is a variant of MPC specifically optimised 

for applications with short control cycles. The algorithm leverages efficient numerical 

techniques, including the fast gradient method (FGM) and warm-start initialisation [16]. 

The system dynamics are described by the prediction model: 

 1k k kx x u+ = +F G                (4)

where 𝑥𝑘 ∈ ℝ𝑛𝑥 is the state vector at time step 𝑘, 𝑢𝑘 ∈ ℝ𝑛𝑢 is the control input vector at 

time step 𝑘, 𝑭 ∈ ℝ𝑛𝑥×𝑛𝑥 is the state-transition matrix (from Kalman filter modelling), and 

𝑮 ∈ ℝ𝑛𝑥×𝑛𝑢 is the control-input matrix (from Kalman filter modelling). 

The cost function is formulated as: 

( ) ( ) ( ) ( ) ( )
1

0 ref , ref , ref , ref ,

0

,
N

T T T

N N N N k k k k k k

k

J x x x x x x x x x u u
−

=

 = − − + − − +
  fU Q Q R        (5) 

where 𝑁 is the prediction horizon, 𝑥0 is the known initial state, 𝐔 = [𝑢0
𝑇 , 𝑢1

𝑇 , … , 𝑢𝑁−1
𝑇 ]𝑇 ∈

ℝ𝑛𝑢⋅𝑁, 𝑥ref,𝑘 is the reference state at step 𝑘, 𝑸 ∈ ℝ𝑛𝑥×𝑛𝑥 is the weight matrix for states, 𝑹 ∈

ℝ𝑛𝑢×𝑛𝑢 is the weight matrix for inputs, and 𝑸𝒇 ∈ ℝ𝑛𝑥×𝑛𝑥 is the terminal cost weight matrix 

for states. 

Control constraints are defined as: 

  min, , max, 0, 1 , 1,j k j j uu u u k N j n     −   
           (6) 
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or  

 
min max U U U .               (7) 

This optimisation problem can be expressed in standard quadratic programming (QP) 

form [17]:  

 ( )
1

const
2

T T

m mJ H f= + +U U U U              (8) 

The Hessian matrix is given as: 

 ( )blk blk2 T

m u u= +H S Q S R              (9) 

The gradient vector is: 

 ( )blk 0 ref2 T

m u xf x= −S Q S X            (10) 

Finally, the cost function gradient is: 

 ( ) m mJ f = +U H U ,            (11) 

with 

 ( )2 , ..., , x x
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 ( ) ( )

blk
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0 0

0 0
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The MPC solves this constrained optimisation problem at each time step [17], aiming 

to compute a future control sequence that drives the predicted system trajectory to closely 

follow the reference trajectory while satisfying control and dynamic constraints given by   

 ( )
maxmin

min J
 U U U

U              (17) 

2.4.2. Real-time QP solver (fixed-iteration FGM) 

We solve the condensed QP using a fixed number of FGM iterations. At each control 

step, we warm-start by shifting the previously optimised input sequence by one stage and 
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appending a zero input at the end. Each FGM iteration consists of (i) one gradient step on 

the unconstrained objective and (ii) a Euclidean projection onto the input box-constraint 

set: 𝒰 ≜ {𝑢 ∈ ℝ3𝑁 ∣ 𝑢min ≤ 𝑢 ≤ 𝑢max}. 

This yields strictly bounded compute and memory footprints. On the Zynq-7000 

processing system, the average MPC time is 0.18 ms (1.4% of the 12.8 ms cycle), with no 

observed overruns in our tests. 

Algorithm 1. Pseudo code for real-time MPC using FGM with fixed iterations and 

warm-start. 

Input: prediction horizon 𝑁, number of iterations 𝑚, learning rate 𝛼, weighting 
matrices 𝑸, 𝑹, 𝑸𝑓, control limits 𝑈max, 𝑈min.   

Output:  optimal control input sequence 𝑼𝑜𝑝𝑡𝑖𝑚𝑎𝑙  

1: Set 𝑈(0) ← 𝑈prev (If unavailable, set 𝑈(0) from the desired acceleration sequence) 

[Warm start ] 
/* Main loop */ 

2: for 𝑖 = 0 to 𝑚 − 1 do  

3: ( )( ) ( )i i

m mJ U U f = +H   a 

 

4: ( ) ( ) ( )( )1

unconstrained

i i i
U U J U

+
= −    b 

5: ( )
 

( )( )

( )

( ) ( )

( )
min max

1

min unconstrained min

1 1 1 1

unconstrained unconstrained min unconstrained max,

1

max unconstrained max

, if 

proj   , if 

, if 

i

i i i i

U U

i

U U U

U U U U U U

U U U

+

+ + + +

+

 


= =  




 c  

 

6: end for 

7: ( )
optimal

m
U U                        

8: 
( )prev 1 2 1

, , , ,0 )o o o N
U u u u

−
 = 
 

  d 

a Compute the gradient of the cost function at 𝑈(𝑖) 
b Gradient descent update (unconstrained step) 
c Projection onto control constraints 
d Prepare warm start for the next step: Shift the control sequence forward by one block 
and append a zero block at the end from the optimal solution. 

2.4.3. Nominal stability analysis 

To assess the closed-loop stability, we analyse the discrete-time linear model used by 

the controller. Following standard MPC practice, an equivalent LQR gain 𝐾𝑒𝑞 is computed 

from the stage weights 𝑄, 𝑅. The nominal closed-loop matrix is formed as 𝐹𝑐𝑙 = 𝐹 − 𝐺𝐾𝑒𝑞. 

We evaluate the Lyapunov condition by solving the discrete-time Lyapunov equation: 

, 0cl clF PF P Q Q− = − •             (18)     

With 𝑄 = 𝐼, a positive definite solution 𝑃 ≻ 0 is obtained, yielding eigenvalues 𝜆min(𝑃) =
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4.61 and 𝜆max(𝑃) = 142.44. The spectral radius satisfies 𝜌(𝐹𝑐𝑙) = 0.939 < 1, confirming 

that the nominal closed-loop system is asymptotically stable. 

3. Experimental results and analysis 

3.1. Experimental setup 

The system was implemented on an FPGA-SoC Zynq-7000 platform. The hardware 

design, including the processing system (PS) configuration and peripheral interfaces, was 

developed using Xilinx Vivado. The control software, executed on the ARM cores, was 

developed in Xilinx Vitis. Data transfer from the board to the host computer was performed 

via a UART interface. 

To ensure a fair and transparent evaluation, both controllers were tested under identical 

trajectory tracking tasks and hardware conditions. The comparative study focuses on three 

key aspects: (i) trajectory tracking accuracy, quantified through maximum error and error 

distribution across all three axes; (ii) control signal quality, evaluated in terms of 

smoothness and variance to assess stability and actuator stress; and (iii) computational 

performance, measured by the average per-cycle execution time. 

With the evaluation criteria defined, we next specify the controller parametrisation 

used in all experiments. 

3.1.1. MPC parameters 

The selection and tuning of the controller parameters were carried out based on a set 

of criteria aimed at optimising overall performance, including: (i) ensuring stable operation 

of the UAV with smooth motion, (ii) maintaining trajectory tracking accuracy within 

allowable error bounds, and (iii) keeping computation time within real-time requirements.  

Table 1. Parameters used in the fast MPC implementation. 

Parameter Initial value 

Prediction horizon N N=5 

Number of iterations m m=100 

Learning rate 𝛼    𝛼 = 10−2 

Weight matrix for states Q (position and 

velocity) 

Q=diag([200, 200, 200, 20, 20, 20]) 

Weight matrix for inputs R (acceleration) R=diag([0.01, 0.01, 0.01]) 

Terminal cost weight matrix for states Qf Qf=10*Q 

Control limits Umax Umax=[10, 10, 10]T 

Control limits Umin Umin=[-10, -10, -10]T 

The resulting optimal parameters are: 15N = , 30m = , 24 10 −=  , 

 ( )diag 150,150,150,5,5,5=Q , 50f = Q Q , and  ( )diag 0.15,0.15,0.15=R . 
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3.1.2. Proportional - integral - derivative controller parameters 

To enable a comparative evaluation of the proposed MPC, a PID controller was also 

implemented for the same trajectory tracking problem. This controller computes the control 

input 𝑢(𝑡) based on the tracking error 𝑒(𝑡) between the reference trajectory and the actual 

system state, using a weighted combination of the proportional (P), integral (I), and 

derivative (D) terms. The parameters, tuned for the simulation, were set as follows: 𝑘𝑝 =

34.2, 𝑘𝑖 = 8.0, and 𝑘𝑑 = 23.4. 

  P

I

D

    System

Estimated system 

state vector xest,k

xk

Kalman Filter

ek

Kpek

Ki  ekTs

Kd ek

Ts

uk

 
Fig. 3. Block diagram of the PID control system for trajectory tracking. 

3.2. Trajectory tracking performance analysis 

The trajectory tracking performance of the MPC and PID controllers was 

experimentally evaluated.  

3.2.1. Flight paths and error profiles 

  
PID MPC 

Fig. 4. Trajectory tracking performance during the initial flight phase: A comparison 

between MPC and PID controllers. 

The results, illustrated in Figs. 4 and 5, demonstrate the drone’s flight paths during 

different phases of operation. As shown in those figures, the MPC controller provides 
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superior tracking from the initial phase and during complex transitional manoeuvres. Its 

predictive capability allows it to anticipate trajectory changes, resulting in a flight path that 

closely follows the desired route with minimal deviation. In contrast, the PID controller, 

which reacts only to existing errors, exhibits noticeable overshoot and oscillations when 

the trajectory changes abruptly.  

  

   

PID MPC 

Fig. 5. Trajectory tracking performance during complex transitional manoeuvres: A 

comparison between MPC and PID controllers. 

3.2.2. Quantitative performance comparison 

Table 2 summarises the main tracking and control-signal metrics. The fast MPC 

controller achieves consistently higher accuracy than the PID controller across all axes. 

Specifically, MPC yields lower RMSE values (0.082-0.088 m vs. 0.108-0.113 m) and 
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significantly smaller maximum absolute errors (<0.24 m vs. up to 0.61 m). These 

improvements are also reflected in the integral error metrics (IAE, ISE, ITAE, ITSE), 

where MPC reduces total accumulated error by approximately 20-30%. 

 
Fig. 6. Comparative analysis of trajectory-tracking errors along the X, Y, and Z axes: 

MPC vs. PID. 

The quality of the generated control signals further differentiates the two controllers. 

The fast MPC outputs significantly smoother acceleration profiles, with mean rates of 

change of 16.19-16.58 m/s³ and variances of only 1.17-1.86 (m/s²)². In contrast, the PID 

controller exhibits aggressive fluctuations, with mean rates exceeding 114 m/s³ and 

variances above 22 (m/s²)². These high-frequency oscillations in the PID actuation directly 

contribute to its larger maximum absolute errors (up to 0.61 m) and higher accumulated 

error metrics (e.g., IAE 9.26-10.05 vs. 7.29-8.27 for MPC). Overall, the numerical results 

confirm that fast MPC provides smoother actuation and more stable, well-damped 

trajectory tracking, while remaining fully compatible with real-time execution on the 

embedded platform. 

Table 2. Quantitative comparison between MPC and PID. 

Performance metric MPC controller PID controller 

Max Abs Error (X, Y, Z) (m) [0.236, 0.236, 0.207] [0.486, 0.606, 0.499] 

RMSE (X, Y, Z) (m) [0.082, 0.086, 0.088] [0.111, 0.108, 0.113] 

IAE (X, Y, Z) (m·s) [6.986, 8.737, 7.764] [12.433, 10.215, 9.943] 

ISE (X, Y, Z) (m²·s) [0.673, 1.029, 0.849] [2.371, 1.679, 1.362] 

ITAE (X, Y, Z) (m·s²) [398.531, 502.689, 431.181] [705.565, 588.987, 546.251] 

ITSE (X, Y, Z) (m²·s²) [39.581, 61.222, 46.987] [119.079, 88.491, 72.828] 
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Control signal  [16.189, 16.276, 16.578] [114.693, 114.122, 114.167] 

Smoothness (Mean rate   

of change) (m/s³)   

Control signal variance  [1.658, 1.855, 1.171]  [22.391, 22.964, 22.638] 

(ax, ay, az) ((m/s²)²)   

Average computation  0.18 0.02 

Time (ms)   

3.2.3. Control signal quality 

The superior quality of the MPC-generated control signal, illustrated in Fig. 7, is 

quantitatively validated by the results summarised in Table 2. The MPC controller 

produces substantially lower control-signal variance across all axes (e.g., 1.66 (m/s²)² on 

the x-axis), in contrast to the PID controller, whose variance exceeds 22 (m/s²)² on all axes. 

A similar trend is observed in the smoothness metric, where the mean rate of change of the 

MPC control input remains approximately 16 m/s³, while the PID controller exhibits values 

above 114 m/s³. These findings indicate that the MPC generates a markedly smoother and 

more deliberate control profile, free from the high-frequency fluctuations that characterise 

PID-based actuation. Such smoothness not only enhances the overall stability of the vehicle 

but also yields practical benefits, including reduced energy consumption and decreased 

mechanical stress on actuators, ultimately extending the operational lifespan of the drone 

system. 

3.2.4. Disturbance rejection capability 

To evaluate robustness, a simulated constant lateral wind gust of 0.6 m/s
2
 was injected 

into the Y-axis acceleration channel from 𝑡 = 20 s to 𝑡 = 35 s. The fast MPC maintained 

stable behaviour with a bounded steady-state error of approximately 0.77 m during the 

disturbance. As illustrated in Fig. 8, once the gust ceased, the controller rapidly recovered 

the trajectory with a rejection time of 2.85 s, eventually returning to its nominal tracking 

performance (0.133 m steady-state error). These results highlight the high robustness of 

the solver even without explicit integral action.  
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Fig. 7. Comparison of control signals (acceleration) generated by MPC and PID controllers. 

 

Fig. 8. Fast MPC response to external disturbance. 

3.2.5. Step-response and transient performance analysis 

To provide a clearer quantitative interpretation of the trajectory-tracking responses 

shown in Fig. 9, the transient-response performance of the fast MPC and PID controllers 

is summarised in Table 3 in terms of rise time, peak time, overshoot, and settling time for 

the X-, Y-, and Z-axis motions. 
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On the X-axis, the fast MPC slightly improves all major transient indicators compared 

with PID, reducing the rise time from 0.819 s to 0.793 s, the peak time from 2.840 s to 

1.241 s, the overshoot from 16.04% to 14.81%, and the settling time from 15.632 s to 

15.086 s. On the Y-axis, the advantage of the fast MPC becomes more pronounced: the 

rise time is reduced from 0.806 s to 0.768 s, the overshoot decreases dramatically from 

19.87% to 4.02%, and the settling time is shortened from 16.162 s to 7.961 s. Although the 

peak time on this axis increases from 2.557 s to 7.292 s, the substantially lower overshoot 

and much faster settling indicate a significantly better-damped response. On the Z-axis, the 

fast MPC again outperforms PID, with the rise time reduced from 0.832 s to 0.755 s, the 

peak time reduced from 2.614 s to 1.433 s, the overshoot reduced from 18.17% to 9.21%, 

and the settling time reduced from 14.623 s to 7.126 s. 

Overall, the quantitative results in Table 3 demonstrate that the proposed fast MPC 

provides a faster initial response, significantly lower overshoot, and faster stabilisation than 

the PID controller, particularly on the Y- and Z-axes. These improvements confirm the 

superior damping and transient trajectory-tracking capability of the proposed control 

approach. 

 

Fig. 9. Step-response comparison along the X, Y, and Z axes for PID and fast MPC. 
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Table 3. Transient response performance comparison between fast MPC and PID.  

Metric Fast MPC PID 

Rise time (X, Y, Z) (s) [0.793, 0.768, 0.755] [0.819, 0.806, 0.832] 

Peak time (X, Y, Z) (s) [1.241, 7.292, 1.433] [2.840, 2.557, 2.614] 

Overshoot (X, Y, Z) (%) [14.81, 4.02, 9.21] [16.04, 19.87, 18.17] 

Settling time (X, Y, Z) (s) [15.086, 7.961, 7.126] [15.632, 16.162, 14.623] 

3.2.6. Computational performance 

As detailed in Fig. 10, there is a clear trade-off in computational demand. The PID 

controller is exceptionally fast, averaging 0.021 ms per cycle. The MPC is computationally 

more intensive, with an average time of 0.18 ms, approximately 8.6 times longer than the 

PID. However, this processing time is still far below the system's 12.8 ms control cycle 

deadline. This confirms that the fast MPC algorithm, implemented on the FPGA-SoC 

platform, meets the stringent real-time requirements for this application while delivering 

superior control performance. 

Per control cycle, the timing budget covers sensing; LKF update; reference update; 

building the condensed-QP gradient; running FGM iterations with box projections; and 

writing to the actuators. The observed mean±SD timings sum <12.8 ms, with 1.4% spent 

on MPC, explaining why additional hardware acceleration is not required. 

 

 
Fig. 10. Per-step computation time analysis: A comparison between MPC and PID 

implementations. 

3.3.  Discussion and comparative analysis 

Our approach marks a notable improvement upon previous experimental works, such 

as that of M. Okasha, et al. (2022) [12], who also implemented MPC for 3D trajectory 

tracking. While their study confirmed the theoretical benefits of MPC, it also highlighted 

the severe computational bottlenecks of traditional microcontrollers. To achieve real-time 
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feasibility, they were forced to compromise the control system’s performance by increasing 

the sampling time to 100 ms. This control cycle, nearly eight times longer than our 12.8 

ms, has direct consequences for flight: longer sample periods introduce additional loop 

delay, weakening disturbance rejection and degrading tracking during agile manoeuvres or 

under external perturbations. By leveraging the computational power of an FPGA-SoC 

platform and an efficient solver, our approach overcomes this limitation, showing that the 

full potential of MPC can be realised without loosening control parameters. The key 

contrasts are summarised in Table 4.  

Table 4. Comparative analysis of MPC implementation approaches. 

Feature Our study 
M. Okasha, et al. 

(2022) [12] 

G. Ganga, et al. (2017) 

[11] 

Validation method Experimental Experimental Simulation only 

Implementation 

platform 

FPGA-SoC (Zynq-

7000) 
Microcontroller MATLAB Simulation 

Scope of control 

problem 

Full 3D trajectory 

tracking 

Full 3D trajectory 

tracking 
Single-axis altitude control 

Control cycle 12.8 ms (High-fidelity) 
100 ms (Hardware-

Limited) 
N/A (Non-real-time) 

MPC computation 

time 
0.18 ms (1.4% of cycle) Not reported N/A 

Key outcome 

High-performance, 

real-time MPC 

execution achieved 

without compromising 

control parameters. 

MPC performance 

limited by hardware; 

control parameters were 

degraded for real-time 

feasibility. 

Theoretical validation of 

MPC superiority over PID 

in a simplified, non-real-

time context. 

Relative to simulation-only studies, G. Ganga, et al. (2017) [11], our evaluation 

extends from single-axis altitude control to full 3D trajectory tracking (Table 4), which 

involves complex, coupled dynamics. Crucially, our model also moves beyond an idealised 

simulation by accounting for practical factors such as sensor noise, leveraging a kalman 

filter-MPC architecture to ensure robust performance. This demonstration of precise 

tracking under more demanding conditions confirms the viability of our proposed system 

for deployment in complex autonomous applications. 

4. Conclusions 

This study presented a comprehensive control solution that combines Kalman filtering 

with Model Predictive Control to enhance trajectory tracking under noisy conditions, while 

ensuring efficient real-time execution on an FPGA-SoC (Zynq-7000) platform. The main 

contribution lies in the complete design, implementation, and experimental validation of a 

full control pipeline executed purely in software on the SoC processing system. By 

employing a fast gradient method-based solver with warm-start initialisation and a fixed 

number of iterations, our approach overcomes the computational challenges of traditional 

MPC, ensuring deterministic performance. Crucially, the results demonstrate that this 



DOI: 10.31276/VJSTE.2025.0083       Mathematics and Computer Science| Computational Science; 

Physical Sciences | Engineering 
 

17 

 

optimised software-only implementation meets stringent real-time requirements without 

needing dedicated hardware acceleration, confirming its feasibility and practical 

effectiveness for UAV trajectory tracking applications.  
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