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Model Predictive Control: constraints of a low-end FPGA (Lattice iCE40HXI1K). Several
ADMM Optimization; optimization strategies are applied, including simplifying the MPC
DC Motor Speed Control structure using a 16-bit fixed-point representation (Q13.3), performing

model coefficient precomputation outside the FPGA, replacing division
operations with equivalent multiplications, minimizing the prediction
horizon (N, = 2), and employing fixed scalar penalty weights to avoid
matrix operations. A fully pipelined architecture is designed to ensure
deterministic execution timing. A DC motor speed control system is used
as a proof-of-concept and tested under false-edge disturbances (2 kHz, 5
kHz, and 10 kHz). Results show that the design operates within the tight
logic and memory constraints of the Lattice iCE40HX1K FPGA, utilizing
99% of available logic cells. The proposed design also meets real-time
requirements with a computation time of 1.83 us and maintains
consistently stable control performance with steady-state accuracy above
98%. Nevertheless, limited fixed-point precision, a short prediction
horizon, and a simplified EMI noise model may reduce robustness under
complex disturbances. Overall, the research contribution is the
development of a resource-efficient MPC tailored for low-end FPGAs,
broadening MPC accessibility beyond mid- to high-end platforms.
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1. Introduction

The fundamental principle of model predictive control (MPC) is to utilize a mathematical model
of the system to predict and regulate future control behavior, where at each sampling iteration, the
control action is chosen based on the cost function employed [1]. By leveraging the system’s
mathematical model, MPC can generate an optimal control signal that keeps the system output close
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to the reference value [2]. In addition, MPC excels at handling dynamic systems with explicit
constraints, while still optimizing control performance within the prediction horizon.

The more accurate the mathematical model of the system is, meaning the closer it reflects the
actual system behavior, the more accurate the control signal produced by MPC will be [3]-[5].
Therefore, the mathematical model of the system can be extended to represent uncertainties, such as
noise in the system input signal, allowing MPC to address these uncertainties. By using a mathematical
model that captures uncertainties while also integrating the current input and previous measurement
results, MPC is still able to generate suitable control signals even when the system input signal is
inaccurate [6]-[8].

Nevertheless, the more complex the mathematical model of the system is, the heavier the
computational load required becomes. A high computational burden in the prediction and control
optimization process can sometimes hinder the real-time execution of MPC [2], [9]. A commonly used
effective approach to overcome this problem is the use of high-speed hardware technologies [9]-[12],
although it does not eliminate the overall complexity of MPC. One such technology is the field-
programmable gate array (FPGA). FPGA offers advantages in terms of parallel computation and
power efficiency. Compared with other high-speed hardware technologies such as central processing
units (CPUs), graphics processing units (GPUs), and application-specific integrated circuits (ASICs),
FPGA generally has the advantage of high parallel computation capability, better resource efficiency,
and development flexibility due to its reconfigurable nature [9]. This combination of advantages
makes FPGA an optimal choice for implementing MPC.

Although FPGAs offer advantages in terms of parallel computation and power efficiency, they
still have limitations in the amount of available resources, particularly logic and memory. Meanwhile,
the MPC method requires complex, real-time, and repetitive prediction and control computations. The
gap between the computational demands of MPC and the limited resources of FPGAs poses a
significant challenge in achieving both real-time performance and control accuracy, particularly on
low-end platforms [7], [13], [14]. The computational demand of MPC also depends on the model
complexity and the prediction horizon. Nevertheless, most FPGA-based MPC implementations
reported in the literature continue to rely on mid- to high-end FPGAs (e.g., Xilinx Zyngq, Intel Cyclone,
or Intel Arria) [15], [16]. These implementations primarily target high-performance control systems.
As a result, they are not directly optimized for resource-limited platforms. Consequently, there
remains a research gap in exploring how MPC can be realized efficiently on low-end FPGAs for
relatively simple control systems. Low-end FPGAs are characterized by very limited hardware
resources, including look-up tables (LUTs), flip-flops, block RAM (BRAM), and dedicated DSP
blocks, and are typically classified as platforms providing fewer than 2,000 LUTs and no dedicated
DSP blocks [14], [17].

This study addresses that gap by demonstrating a simplified MPC implementation that maintains
real-time performance and acceptable control accuracy while operating within the tight resource
constraints of a low-end FPGA (e.g., Lattice iCE40HX1K FPGA). In contrast to most prior FPGA-
based MPC implementations that focus on performance enhancement using mid- to high-end FPGAs,
this work redesigns the MPC architecture to operate within the tight resource constraints of a low-end
FPGA. Rather than relying on matrix precomputation techniques [ 18] or adopting a multiparametric
Explicit MPC formulation with precomputed region-based lookup tables, the proposed optimizations
retain an online optimization structure while emphasizing architectural simplification and numerical
refinement to reduce computational complexity and memory usage. The proposed optimizations
include simplifying the MPC structure using a 16-bit fixed-point representation (Q13.3), performing
model coefficient precomputation outside the FPGA, replacing division operations with equivalent
multiplications, minimizing the prediction horizon, and employing fixed scalar penalty weights to
avoid matrix operations. The implemented MPC operates with limited fixed-point precision and a
short prediction horizon due to the severe hardware constraints.

With this approach, MPC can be effectively implemented on a low-end FPGA. To validate the
feasibility and performance of the proposed design, a DC motor speed control problem is used as a
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proof-of-concept case study. In this setup, false-edge disturbances are introduced into the feedback
signal to emulate EMI noise. A false edge refers to an unintended rising or falling transition detected
due to distortion of the encoder signal, which causes errors in pulse detection [19]. The evaluated
parameters are total FPGA resource utilization within the Lattice iCE40HX1K FPGA resource limit,
MPC computation time with a maximum of 1 ms, and control performance with at least 80% in steady-
state accuracy. The results are expected to provide a useful reference for developing MPC
implementations in real industrial applications using low-end FPGAs, such as low-cost industrial
motor drives, distributed automation systems, and embedded motion control systems. By enabling
MPC implementation on low-end FPGA, the proposed optimization approach broadens the
accessibility of MPC beyond mid- to high-end FPGAs while maintaining reliable control
performance, even in the presence of feedback disturbances.

The main contribution of this paper is the development of a resource-efficient MPC architecture
specifically tailored for low-end FPGA platforms. In contrast to most prior FPGA-based MPC
implementations that rely on mid- to high-end FPGAs or matrix precomputation techniques, this work
demonstrates that online MPC can be restructured to operate within severe logic and memory
constraints while maintaining real-time computation time and stable control performance. The
feasibility of the proposed design is experimentally validated on a Lattice iCE40HX1K FPGA using
a DC motor speed control case study with injected feedback disturbances.

The remainder of this paper is organized as follows: Section 2 surveys related works on MPC
implementations across various platforms and resource optimization strategies, emphasizing the
advantages of FPGA-based implementations and the research gap addressed in this study. Section 3
Resource-Efficient MPC Implementation on Low-End FPGA describes the implementation of MPC
on FPGA, covering system hardware design, MPC modeling, FPGA implementation, and the
experimental methodology. Section 4 Results and Discussionis dedicated to experimental results and
discussion. Finally, Section 5 Conclusionconcludes this paper.

2. Related Works
2.1. MPC Implementation

MPC has been implemented on various hardware technologies, such as CPUs [20]-[22], GPUs
[23]-[26], and FPGAs [1], [2], [27], for different purposes. Several works discuss performance
comparisons among these hardware technologies, with a particular focus on parallel computing
performance and computation time [11], [28]. In [9], the implementation of MPC on a CPU and an
FPGA was compared for trajectory control in autonomous driving, using a double lane-change
scenario as the trajectory reference. The results showed that although the control performance was not
significantly different, the FPGA achieved up to 27 times faster parallel computation compared to
using only the CPU. Similar evaluations were also reported in [12], [29], which compared parallel
computing performance between FPGA and CPU. The results consistently demonstrated the
superiority of FPGA in terms of parallel computation.

In addition to hardware implementations of MPC, several works have also focused on software
implementations to evaluate MPC performance. Such implementations are usually employed as an
initial stage before deployment on hardware, with the goal of comparing model accuracy, control
performance, and the required computational load. In [30], [31], the results of software
implementations were compared with actual FPGA implementations, revealing performance
differences. The findings showed that FPGA implementations were able to provide improved
computation times compared with software implementations. Software implementations are also often
used to test MPC scenarios, such as parameters in the cost function. A relevant example is [32], where
MPC was tested in a software-in-the-loop (SIL) environment with four different cost functions.

MPC has been widely applied in various case studies, ranging from motor control [2], [32], [33],
robotics [20], [21], [34]-[36], automotive applications [23], [37], [38], and renewable energy systems
[39]-[41]. The main advantage of MPC lies in its ability to handle dynamic systems through future
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prediction based on the system’s mathematical model, while respecting the applied control and state
constraints. An interesting approach is presented in [7], [8], [42], where noise in the system input
signal is explicitly modeled within the system’s mathematical model. As a result, MPC was able to
manage this uncertainty while maintaining stable control performance. The implementation of MPC
on FPGA also offers advantages by leveraging its available parallel computing capability. Moreover,
the use of FPGAs has been proven effective for control systems [43]-[46].

2.2. FPGA Resource Optimization

Most existing works on FPGA-based MPC implementations employ mid- to high-end FPGAs,
such as the Xilinx Zynq, Intel Cyclone, and Intel Arria families, which provide abundant
computational resources. For instance, the work reported in [15] implemented an MPC scheme on a
Xilinx Zyng-7000 SoC, utilizing approximately 46,805 LUTs, 4,078 FFs, 2 RAMs, and no DSP blocks
for a three-phase voltage source inverter control. Similarly, [16] presented an MPC implementation
with a long prediction horizon for power electronics systems, consuming 73,685 LUTs, 134,225 FFs,
134 RAMs, and 68 DSPs on an Intel Cyclone FPGA, and 24,660 LUTs, 62,040 FFs, 127 RAMs, and
121 DSPs on an Intel Arria FPGA.

Although these systems are considerably more complex than simpler control applications such
as DC motor speed control, their consistently high FPGA resource utilization indicates that current
MPC architectures remain computationally demanding and are primarily designed for platforms with
abundant hardware resources. This observation highlights the limited research attention devoted to
developing and evaluating resource-efficient MPC structures for low-end FPGAs and less
computationally intensive systems. To clearly define this category, low-end FPGAs are characterized
by very limited hardware resources, including look-up tables (LUTs), flip-flops, block RAM
(BRAM), and dedicated DSP blocks, and are typically classified as platforms providing fewer than
2,000 LUTs and no dedicated DSP blocks [14], [17]. The Lattice iCE40HX1K FPGA contains exactly
1,280 LUTs and no dedicated DSP blocks.

Several studies have proposed strategies to improve the hardware efficiency of MPC
implementations. For example, [1] achieved reduced FPGA utilization by employing fixed
coefficients instead of adaptive ones, while [27] focused on lowering memory requirements through
the adoption of the posit number format, achieving a 50%—70% reduction in memory usage without
degrading control performance. However, both approaches were still evaluated on high-end FPGAs
with ample resources, leaving their effectiveness on low-end platforms uncertain.

A relevant effort is presented in [ 18], where MPC resource usage was optimized by precomputing
and storing costly matrix factorizations, later implemented on an MCU for robot control. Although
this demonstrates a promising direction for lightweight MPC computation, its implementation on an
MCU limits direct generalization to FPGA-based systems, where computation is mapped into
hardware structures rather than software routines. Some modern MCUs do provide hardware math
accelerators. However, the optimization process remains sequential. Since the proposed design
maintains online optimization at each sampling period, deterministic execution timing is required to
ensure real-time feasibility. A low-end FPGA, such as the Lattice iCE40HX1K, enables this loop to
be implemented as dedicated synchronous hardware, ensuring fixed latency. These findings
collectively suggest that while prior studies have explored methods to enhance MPC computational
efficiency, there remains a lack of investigation into MPC architectures explicitly designed for low-
end FPGAs with stringent hardware limitations.

In contrast to the aforementioned studies, the present study specifically targets the development
and implementation of an MPC architecture optimized for a low-end FPGA (Lattice iCE40HX1K)
under strict resource constraints. Unlike previous approaches that focused on matrix precomputation
[ 18] or adopting a multiparametric Explicit MPC formulation with precomputed region-based lookup
tables, this work emphasizes architectural simplification and numerical optimization tailored for a
low-end FPGA. The proposed design strategically reduces computational complexity and memory
usage by minimizing the prediction horizon, employing precomputed model parameters, and
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simplifying mathematical operations to avoid costly divisions and matrix operations. These choices
collectively enable a practical and resource-efficient MPC implementation suitable for low-
complexity control tasks such as DC motor speed control under noise disturbances.

3. Resource-Efficient MPC Implementation on Low-End FPGA

As shown in Fig. 1, this research was conducted in several stages to develop a resource-efficient
MPC on a low-end FPGA (Lattice iCE40HX1K). First, the system hardware was designed. Second,
the MPC algorithm was redesigned and optimized for low-end FPGA implementations, emphasizing
architectural simplification and numerical refinement to reduce computational complexity and
memory usage. Supporting modules such as the UART communication module and clock divider
were designed and verified to enable system integration. Finally, experimental validation was
conducted to evaluate the designed MPC.

System Hardware
Design

A 4

MPC Redesign and
Optimization

A 4

Experimental
Validation

Fig. 1. Research methodology flowchart

3.1. System Hardware Design

The hardware design of the system is shown in Fig. 2. The hardware design consists of the Lattice
iCE40HX1K FPGA (Lattice iCEstick), a JGA25-370 1360 RPM DC motor, a hall encoder sensor, an
L298N motor driver, a logic level shifter, and 12 V and 5 V adapters. The FPGA is connected to a
laptop via USB to receive power while simultaneously monitoring the DC motor speed during
operation. The adapter supplies 12 V for the DC motor and 5 V for the system logic and the hall
encoder sensor. The hall encoder sensor is used to measure the speed of the DC motor. The output
data from the hall encoder sensor is then connected to the arbitrary function generator (AFG) output
to introduce EMI noise effects (false edges). The hall encoder sensor output, distorted by the EMI
noise effects, is then used as the system input to be processed by the MPC on the FPGA. The EMI
noise effects (false edges) on the system input signal will cause the measured DC motor speed to differ
from its actual value. The MPC output on the FPGA, which is the optimal control signal in the form
of PWM, is then forwarded to the L298N driver to control the DC motor. To ensure logic level
compatibility between the FPGA and the L298N, the control signal from the FPGA is first passed
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through a logic level shifter, since the Lattice iICE40HX1K FPGA operates at 3.3 V while the L298N
operates at 5 V.

5V Adapter Gﬁ,\; T
pr VS
- GND
VSS ouT1 I GND VCC
fa  L208N ounp
I_ N Hall
IN2 a
DC
— | Motor — encoder AFG
 —
HV2 HV GND HV3 HV4 sensor
12v
12V Adapter gy iE Logic level shifter NG A ENG B
= LV2 LV GND LV3 LV4
| ean
b
USB GND 3,3.V P9.0 P88 P87 P78 P79 =
Laptop Lattice ICE40HX1K

Fig. 2. The hardware design of the system

3.2. MPC Modelling

3.2.1. Mathematical Model of EMI Noise Effects

The fundamental principle of the RPM formula for DC motor is the use of an incremental encoder
to calculate the pulses generated per revolution of the rotating shaft [47]-[50]. The ideal DC motor
speed measurement (without noise) based on encoder pulses is shown in (1), where N,y ¢ [Kk] is the
number of pulses detected during the sampling period, T; is the sampling period used, and PPR is the
number of pulses per motor rotation.

Ncount [k]

RPM, = PR - T, 60 €]
In this paper, the EMI noise effect is represented by false edges on the encoder signal. This
representation is possible because EMI coupled into the encoder signal can induce transient voltage
spikes or distortions that exceed the threshold, thereby generating unintended rising or falling
transitions interpreted as valid pulses [19]. Furthermore, this causes the detected pulse count
(Ncount|k]) to either increase or decrease compared to the actual value, which in turn leads to
inaccurate DC motor speed measurements [51], [52]. False edges are generated by adding an
additional signal from an AFG configured to generate a square wave with a certain frequency and an

amplitude of 2 V (peak-to-peak).

To maintain consistency with pulse encoder-based speed calculations, a clipping method is
applied as a limiting mechanism. This method ensures that the number of pulses detected by the sensor
does not exceed the maximum number of pulses theoretically capable of being generated by the sensor
based on the actual speed of the DC motor [53]-[55]. This is shown in (2).

Nopaxr N k] >N
R i @

Where N4, is the maximum possible number of pulses corresponding to the actual motor speed. If
the detected pulse count (N, n:[k]) exceeds the maximum value that could occur based on the motor
speed, the system assumes the signal has been affected by EMI noise and is therefore discarded and
replaced with the maximum pulse count limit.
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3.2.2. Mathematical Model of DC Motor

A DC motor is an electromechanical system that receives an electrical signal as input and
produces mechanical displacement as output [56]-[58]. The mathematical model of a DC motor
consists of two main parts: the electrical system and the mechanical system [53], [59], [60]. In the
electrical system, the relationship between voltage, current, and motor speed is shown in (3), where
V,, is the armature voltage, R,, is the armature resistance, L, is the armature inductance, and V}, is the
back electromotive force (EMF).

di,,
™ dt

Since the back EMF is proportional to the motor constant (K,,,) and the motor angular speed
(wy,), it can be reformulated as (4).

Vi = Rypipn + L +V, (3)

dip,
™ dt
In the mechanical system, the relationship among the moment of inertia, the mechanical damping

Vin = Ryl + L + K wp, “4)

. . . . .. dog .
coefficient, and torque is shown in (5), where J,,, is the motor’s moment of inertia, % is the angular

acceleration, B,, is the mechanical damping coefficient, w,, is the motor angular speed, T},,4 iS the
external load torque, and Ty, is the torque generated by the motor.

dw
Im dtm + Bnwm + Tioaa = Tm ®)

Since the motor torque is proportional to the motor torque constant (K;) and the armature current
(i), it can be reformulated as (6).

dw )
]md_tm + Bpwm + Tioaa = Kiim (6)

The continuous model is then transformed into a state-space form to represent the system
dynamics linearly. The state variable (x) used is the motor angular speed (w,; ), while the control input
variable (u) is the armature voltage signal (1;,,), which is converted into a PWM signal to be applied
to the DC motor. Since only one state variable is used, namely the motor angular speed (w,,), the
motor armature current (i,,) must be substituted from the DC motor electrical system equation into
the DC motor mechanical system equation. The motor armature current (i,,) is shown in (7), where
L.y, is very small so that L,, d;—’t" =~ 0. The Tjyqq used in this paper is set to zero. Therefore, the DC

motor model in state-space form is shown in (8).
Vin — Knw
Iy = m —m™m (7)

dwm _(B_m Kth)w + Kt v _Tload
dt Jn  JmBm/ " JmBm " Im

Next, since MPC operates in the discrete-time domain, (8) needs to be expressed in matrix form
and discretized. The discretization is performed exactly using the matrix exponential, under the
assumption that the input u[k] remains constant within each sampling interval T;. Consequently,
matrices A, B, and C are obtained as shown in (9)-(11), while ¢ and f are presented in (12) and (13).
The state vector x[k + 1] and the output signal y[k] are given in (14) and (15).

@®)

A= e%s 9)
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— paTs
B= (10)
c=1 (11)

_ (Bm | KK
a = —(E +]mRm) (12)
B = IR, (13)
x[k + 1] = Ax[k] + Bu[k] (14)
ylk] = Cx[k] (15)

3.2.3. MPC Design

The block diagram of the MPC design on the FPGA for the DC motor control system is shown
in Fig. 3. The MPC input is the output signal from the hall encoder sensor, which is affected by EMI
noise (false edges). This signal is processed into DC motor speed data, which is then used in the
mathematical system model (including the mathematical model of EMI noise effect and the DC motor
model) to predict the motor speed. The prediction result is then compared with the reference speed
value, producing a prediction error. This error is processed by the MPC optimizer to generate the
optimal control signal based on the cost function and the applied system constraints.

The cost function in the MPC method is designed to determine the most optimal control signal
so as to minimize the difference between the reference speed value and the actual speed of the DC
motor. Equation (16) shows the cost function used.

! Model Predictive Control on FPGA

Reference value | Cost function || Constraint

DC motor speed DC motor speed y y
System prediction prediction error

\ 4

MPC optimizer

Hall encoder sensor
signal + EMI noise effect Control signal

DC Motor System

A

Fig. 3. The block diagram of the MPC design on the FPGA for DC motor control system

Np—1
= @ (plk+ 1] =rlk + D +R-ulk + 1) (16)

i=0
Where N, is the prediction horizon, Q is the penalty weight for the DC motor speed error, R is the
penalty weight for the input voltage, and r is the reference value at time k + i. In this cost function,

the first term reduces the difference between the desired system output and the actual output value.
The second term is then used to regulate the variation of the control signal. Next, to be solved using
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the alternating direction method of multipliers (ADMM), (16) is transformed into a quadratic
programming (QP) form as shown in (17).

J=(W = Ryef) QW = Ryes) + UTRU (17)

W = ¢X[k] + TU (18)

Where W is the prediction vector of the motor speed over N, steps ahead, which is generally
represented in (18), Ry..f is the reference speed vector at each prediction step, Q is the diagonal weight

matrix for the motor speed prediction error, U is the vector of control input sequences, and R is the
diagonal weight matrix for the input voltage. The result of substituting (17) into (18) is shown in (19).

J = (¢X[Kk] +TU = Ryer) Q(¢X[k] +TU — Ryer) + UTRU (19)

Where ¢ is the matrix that represents how the initial state influences the predicted DC motor speed
over N, steps ahead, and I" is the matrix that represents how the sequence of control signals influences

the predicted DC motor speed over N, steps ahead.

The optimization problem can then be represented in the standard quadratic programming form,
which is subsequently modified by adding the augmented lagrangian so that ADMM can efficiently
perform separate solutions between the primal and dual, as shown in (20).

1 21
J = min EUTHU +fTu +§||U -Z +E|| + constant (20)

Where the control signal vector is the primal variable, p is the ADMM penalty weight, Z is the
auxiliary variable in ADMM, and A is the dual variable. The constant term at the end can be ignored
since it does not depend on the primal. The hessian matrix (H) is shown in (21), and the linear vector
(f) is shown in (22).

H=2(TQr +R) Q1)

f =2I"Q(¢pX[k] = Ryep) (22)

To obtain the primal, (20) is differentiated with respect to U, as shown in (23). Next, the auxiliary
variable (Z) is updated through a projection (clipping) operation onto the admissible constraint set.
This step enforces the inequality constraint directly within the optimization process rather than
applying simple output saturation. The constraint limits the motor speed prediction error to the range
—100 < e < ey¢f. Then, the dual variable for the next iteration is updated according to (24).

pZ—A-f
Ug=—w-—-— - 23
Htp (23)

AL =2+ p(U-2) (24)

3.3. FPGA Implementation

The MPC method for DC motor control must be designed efficiently enough to be implemented
on a low-end FPGA such as the Lattice iCE40HX1K (Lattice iCEstick), while still maintaining
computation time and control performance even when the system input signal is affected by EMI noise
effects (false edges). In this paper, the FPGA resource optimization strategies employed include
simplifying the MPC structure using a 16-bit fixed-point representation (Q13.3), performing model
coefficient precomputation outside the FPGA, replacing division operations with equivalent
multiplications, minimizing the prediction horizon, and employing fixed scalar penalty weights to
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avoid matrix operations. Since the Lattice iCE40HX1K does not provide dedicated DSP blocks, all
arithmetic operations were implemented using LUT-based (soft) logic structures.

The flow diagram of the MPC method on FPGA is shown in Fig. 4. The flow diagram
summarizes the steps of the implemented MPC scheme, including initialization of MPC parameters
and model coefficients, sensor data acquisition, motor speed prediction, prediction error computation,
cost function evaluation, primal and dual variable updates, and implementation of optimal control
signal in PWM format.

Calculation of DC
motor speed
prediction error

Initialization of MPC
parameters and model
coefficient

A 4

Calculation of cost

e function

v

A 4

Sensor data
acquisition

Prediction of DC
motor speed for Np

Update auxiliary and
dualvariables

A 4

Output optimal
control signal as

future steps PWM

Fig. 4. Flow diagram of the MPC

The use of a 16-bit fixed-point representation (Q13.3) in the MPC implementation was chosen
for several reasons. First, the fixed-point format has simpler arithmetic operations, enabling more
efficient utilization of FPGA resources compared to floating-point format [61], [62], particularly on
low-end FPGAs such as the Lattice iCE40HX1K. Second, the Q13.3 format provides a numerical
range of approximately —4096 to 4095.875 with a resolution of 0.125, which is sufficient to represent
all MPC computations without overflow while preserving control performance.

Furthermore, to reduce the computational load on the FPGA, the calculation of model coefficients
is performed outside the FPGA. These coefficients include N,,,, in the mathematical model of EMI
noise effects, as well as coefficients A and B in the mathematical model of the DC motor. The
controller is based on a linear time-invariant (LTI) model, where the coefficients depend on the hall
encoder and motor physical parameters. Since the motor’s physical condition is relatively stable, the
motor parameters remain constant, allowing these coefficients to be precomputed outside the FPGA.
These coefficients are computed once outside the FPGA and implemented as fixed constants in the
FPGA. In the case of significant load variations or parameter changes, the model coefficients must be
recalculated accordingly.

Division is avoided in the FPGA implementation due to costly and is instead replaced by
equivalent multiplication by precomputed reciprocals. This approach lowers resource consumption
and shortens computation latency on the FPGA. Due to the same hardware constraints, a single
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ADMM iteration is performed at each sampling step and the prediction horizon is intentionally limited
to N, = 2. A short horizon reduces the number of predicted states and optimization variables, thereby
reducing overall computational complexity and resource usage.

In addition, to simplify computation on the FPGA, the MPC cost function employs fixed scalar
penalty weights for the motor speed error (Q) and the control signal (R), instead of using full penalty
matrices. This approach helps avoid complex matrix multiplication operations, thereby reducing the
need for logic and memory resource. Although the penalty weights are scalar, selecting appropriate
values can still maintain system performance in terms of computation time and control accuracy.

3.4. Experimental Methodology

The FPGA design was developed and synthesized using the open-source Apio framework
(version 0.6.7). The toolchain integrates Yosys for logic synthesis, nextpnr-ice40 for place-and-route,
and IceStorm for bitstream generation targeting the Lattice iCE40HX1K FPGA. All source files, build
scripts, and configuration settings were maintained under version control to ensure full reproducibility
of the experimental results. The hardware setup is shown in Fig. 5.

_—

adapter

L298N

FPGA Lattice DC motor &
iCEstick Hall encoder sensor

Fig. 5. Hardware setup of the system for testing the designed MPC

After synthesis, the optimized MPC design was evaluated on the Lattice iCE40HX1K FPGA
(Lattice iCEstick) board through a DC motor speed control experiment as a proof-of-concept
experiment. Three main performance variables were observed: total FPGA resource utilization, MPC
computation time, and control performance. The MPC optimization strategy is considered successful
if the total resource utilization remains within the resource limits of the Lattice iCE40HX1K FPGA,
achieves a MPC computation time of no more than 1 ms (1,000 us), and the steady-state control
accuracy achieves a minimum of 80%. FPGA resource utilization was evaluated based on the
synthesis report generated by the FPGA development software, while MPC computation time was
evaluated by multiplying the total number of clock cycles required by the entire pipeline to complete
one MPC iteration by the FPGA clock period (83.3 ns at 12 MHz). The pipeline consists of DC motor
speed prediction, DC motor speed prediction error computation, optimal control signal computation,
and updating of auxiliary and dual variables. Finally, system control accuracy performance was
evaluated based on the average steady-state DC motor speed after transient effects had decayed, and
compared with the reference value set at 104.72 rad/s (1,000 rpm), allowing a tolerance of 5%.
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Testing was performed with three EMI noise effect scenarios in the form of false edges generated
using the AFG output signal. The AFG was configured to generate a square-wave signal with
adjustable frequencies of 2 kHz, 5 kHz, and 10 kHz, and a peak-to-peak amplitude of 2 V. The injected
noise signal was conditioned through a passive RC filter network before being coupled to the system
input to emulate false edges disturbances and control the noise characteristics. Each test scenario was
repeated five times with fifteen data samples were recorded for each test. Fig. 6 (a) shows the system
input signal under ideal conditions, while Fig. 6 (b)-(d) show the system input signals affected by EMI
noise (false edges) at each corresponding frequency.

-4 A4
(a) (b)
g g
(© (d)
Fig. 6. System input signal under (a) ideal condition and affected by EMI noise at (b) 2 kHz, (c¢) 5 kHz, and
(d) 10 kHz

4. Results and Discussion

This section summarizes the key findings of the proposed MPC implementation on a Lattice
iCE40HX1K FPGA. Three main performance variables were observed: total FPGA resource
utilization, MPC computation time, and control performance. The results demonstrate that the
controller can be realized within the tight logic and memory constraints of the Lattice iCE40HX1K
FPGA while maintaining real-time computation time and stable control performance. This indicates
that MPC implementation can be extended to more accessible and resource-limited platforms through
appropriate optimization strategies. In line with this evaluation scope, dynamic power consumption
was not explicitly measured, as energy optimization was beyond the scope of the present study.

4.1. FPGA Resource Utilization

The report on total FPGA resource utilization for the implementation of MPC in the DC motor
control is shown in Table 1. The data include the usage of input/output blocks (SB_10), global buffers
(SB_GB), warm boot (SB. WARMBOOT), phase-locked loop (ICESTROM_PLL), internal memory
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(ICESTROM_RAM), and logic cells (ICESTROM LC). Based on the table, the utilization of
resources remains within the available capacity of the Lattice iCE40HX1K FPGA, with logic cell
usage has reached 99%. While the system operates successfully under this condition, the extremely
high utilization introduces critical vulnerability, leaving virtually zero margin for timing closure
adjustments, manufacturing variations, minor design modifications, or future design expansion.
Therefore, the design operates at the practical limit of the selected FPGA.

Table 1. FPGA resource utilization

Resource Used Percentage
SB 10 7/112 6%
SB_GB 5/8 62%
SB. WARMBOOT 0/1 0%
ICESTROM_PLL 0/1 0%
ICESTROM_RAM 0/16 0%
ICESTROM LC 1272/1280 99%

The heaviest load comes from the computation of the optimal control signal using the ADMM
method, which requires arithmetic operations such as multiplication, addition, and subtraction, all of
which are executed using the FPGA’s logic and memory. Although full matrix multiplications have
been eliminated to reduce complexity, the computation process still demands significant resources
because a series of scalar arithmetic operations representing matrix elements. In addition, the
processes of sensor data acquisition and UART communication for monitoring the DC motor speed
also consume a considerable amount of logic and memory, since the period calculation, signal
accumulation per period, and comparator functions for reset and synchronization are performed
directly within the FPGA.

The relatively high utilization of global buffers indicates that the designed MPC architecture
requires a considerable number of signals, in addition to the main clock, with large fanout. As a result,
the FPGA synthesis software automatically promotes these signals to global buffers. This utilization
of global buffers serves as an optimization mechanism provided by the FPGA synthesis tool to reduce
clock skew and ensure uniform signal distribution across all registers. The presence of many signals
with large fanout is a consequence of the design architecture, which demands wide signal distribution
to various logic blocks within the FPGA. Interestingly, these signals mainly originate from the sensor
data acquisition module and the clock divider module used for synchronizing computation cycles and
managing data transmission via UART, rather than from the MPC core itself. This is due to the
requirement of both modules to widely distribute signals for sensor reading synchronization, timing
generation, and serial communication control.

Meanwhile, several FPGA resources such as warm boot, phase-locked loop (PLL), and internal
memory (RAM) were not utilized in this implementation. This is because the designed architecture
only employs a single bitstream and does not require recovery or reloading mechanisms during system
operation. Similarly, the PLL was not used since the design relies solely on the internal FPGA clock
(12 MHz) without the need for frequency multiplication or division. Although some modules require
lower frequencies, these were achieved using a clock divider module based on enable signals with
manual counters, rather than relying on the PLL. The use of manual counters to generate enable signals
was chosen to ensure that all logic operates under a single clock source, thereby avoiding potential
clock domain crossing issues that could arise if multiple clock sources were used. Additionally, RAM
was left unused since all computations and variable storage were performed directly using logic and
memory.

4.2. MPC Computation Time

The number of clock cycles required in each pipeline stage for a single MPC iteration is shown
in Table 2. One MPC iteration consists of several pipeline stages, namely motor speed prediction,
motor speed prediction error computation, optimal control signal computation, and the adjustment of
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auxiliary and dual variables. This iteration begins immediately after sensor acquisition and concludes
with the update of the PWM output. The total latency of one MPC iteration is 22 clock cycles. The
FPGA frequency is 12 MHz, which is equivalent to a clock period of 83.3 ns. Accordingly, the overall
execution time of one MPC iteration is 1.83 ps (22 x 83.3 ns). Given that the maximum allowable
MPC computation time is 1 ms, the measured latency of 1.83 ps offers a substantial timing margin of
roughly 546 times, ensuring real-time operation.

It can be observed that the optimal control signal computation stage requires the largest number
of clock cycles, while the motor speed prediction and prediction error computation stages require the
fewest. The variation in clock cycle requirements across pipeline stages corresponds to the complexity
of the logic and memory resources used. Stages that require a large number of clock cycles generally
demand more logic and memory, whereas stages with fewer clock cycles are relatively lighter in
resource usage.

Table 2. MPC computation time

Pipeline Stage Clock Cycle
DC motor speed prediction 2
DC motor speed prediction error computation 2
Optimal control signal computation 12
Updating auxiliary and dual variables 6

4.3. Control System Performance

The experimental results of the FPGA-based MPC implementation for DC motor speed control
under three EMI noise effect (false edge) scenarios, 2 kHz, 5 kHz, and 10 kHz, are shown in Table 3.
The reference speed was set at 104.72 rad/s (1,000 rpm) with a tolerance of 5%. To simulate the effect
of EMI noise, false-edge disturbances were applied to the encoder signal during operation. Each test
scenario was repeated five times with fifteen data samples were recorded for each test. The DC motor
speed graph for each test scenario is shown in Fig. 7, where the dashed lines represent the +5%
tolerance limits around the reference speed.

At noise frequencies of 2 kHz and 5 kHz, the DC motor speed experienced a significant decrease
immediately after the noise was applied, with a larger deviation observed at 5 kHz than at 2 kHz. The
average measured speed dropped by approximately 86% at 2 kHz and 52% at 5 kHz relative to the
reference value. This occurs because low-frequency noise produces long-duration false edges that
occasionally reduce the number of detected encoder pulses. In this case, the implemented EMI noise
effect model applies an upper bound through a clipping mechanism to prevent excessive overshoot
but does not impose a lower bound on the minimum pulse count. Consequently, missing pulses caused
by low-frequency noise directly lead to underestimated speed measurements. The lower-bound check
was omitted because its implementation would require additional logic and memory resources that are
not available on the Lattice iCE40HX1K FPGA. As a result, the system temporarily interprets the
motor as rotating more slowly, which leads to performance degradation.

The standard deviation at 5 kHz (3.07) is larger than that at 2 kHz (0.70) because missing pulses
at 2 kHz occur more consistently, producing a relatively uniform reduction in the measured speed. In
contrast, at 5 kHz, the number of missing pulses varies more from one sampling period to another,
causing larger fluctuations around the mean value. At a higher noise frequency of 10 kHz, the motor
speed closely followed the reference value throughout the test, with a standard deviation of 2.85,
which is lower than that observed at 5 kHz. High-frequency noise generates short-duration false edges
that tend to appear as additional pulses rather than missing ones. These excessive pulses are effectively
clipped by the upper-bound clipping mechanism implemented in the EMI noise effect model. Because
the clipping mechanism actively limits unrealistic pulse increments, the speed measurement remains
valid and stable. Consequently, in the 10 kHz noise test, the designed MPC method was able to
maintain stable and accurate control performance even when the system input was affected by EMI
noise effects (false edges). These results also indicate that control performance does not systematically
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improve as noise frequency increases. Instead, the system response depends on how the noise
characteristics interact with the implemented clipping mechanism in the EMI noise effect model.

Based on the experimental results shown in Fig. 7, the designed MPC method maintained good
control performance. During noise application, a noticeable speed drop occurred in the 2 kHz and 5
kHz scenarios, while no significant reduction was observed at 10 kHz. After the noise was removed,
the system quickly returned toward the reference speed. The steady-state condition was restored
within a relatively short duration, with an error below 2%. In all cases, overshoot was absent in the 2
kHz and 5 kHz scenarios, whereas the 10 kHz case exhibited only minimal overshoot.

Table 3. Test results of the MPC implementation on the FPGA for DC motor control with three test

scenarios
Parameter 2 kHz 5 kHz 10 kHz
Average speed 104.22 rad/s 102.89rad/s 102.87 rad/s
Average accuracy 99.52% 98.25% 98.23%
Standard deviation 0.70 3.07 2.85
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Fig. 7. The DC motor speed graph

Next to further evaluate the impact of the 16-bit fixed-point representation (Q13.3), a zoomed
view of the steady-state response is shown in Fig. 8. Although small steady-state fluctuations are
observed in the measured speed signal, no sustained periodic limit-cycle behavior is detected. The
variation is primarily attributed to encoder resolution and measurement noise rather than the 3-bit
fractional precision. The system remains stable and convergent, indicating that the selected fixed-
point format provides sufficient numerical precision for the implemented MPC under the given
hardware constraints.

The system's control accuracy across the three EMI noise effect conditions is shown in Fig. 9.
The control system achieved more than 98% steady-state accuracy in all test scenarios, exceeding the
predefined minimum requirement of 80%. This demonstrates that the proposed MPC design
successfully meets the specified control performance objective. These results confirm that the
optimized MPC implementation maintains control performance, even in the presence of EMI noise
effects (false edges), while satisfying both the real-time constraint and the available FPGA resource
limits. Nevertheless, the current implementation exhibits limitations in handling low-frequency noise
that causes pulse loss, as no lower-bound check is implemented due to resource constraints on the
Lattice iCE40HX1K. This trade-off represents the design decision to prioritize feasibility within strict
hardware limits.

Aulia Rasyid Pratama (Resource-Efficient Model Predictive Control on a Low-End Field-Programmable Gate Array
for DC Motor Speed Control)



International Journal of Robotics and Control Systems
1094 ISSN 2775-2658
Vol. 6, No. 2, 2026, pp. 1079-1099

Future work may focus on investigating architectural redesign strategies to enable scalability
toward more complex control systems, while preserving resource efficiency. In addition, exploring
implementation on larger FPGA platforms may provide additional hardware margin for extending
prediction horizons or incorporating more sophisticated disturbance-mitigation techniques. Further
research may also include a comparative evaluation against similar resource-efficient MPC
approaches to better quantify performance-resource trade-offs. Extending the proposed framework to
multi-axis control systems represents another important direction, particularly for coordinated motion
applications. Moreover, exploring alternative numerical representations and investigating the minimal
viable hardware resource margins required for stable MPC operation could provide deeper insight into
design optimization boundaries. The current results also demonstrate the potential for real-world
applications, such as low-cost industrial motor drives and embedded motion control systems.
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Fig. 8. Zoomed steady-state response of DC motor speed
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Fig. 9. Accuracy graph of the test results

5. Conclusion

This paper presents a resource-efficient implementation of MPC tailored for low-end FPGA
(Lattice iICE40HX1K), validated using a DC motor speed control problem as a proof-of-concept case
study with injected false-edge disturbances to emulate EMI noise. In contrast to prior studies that rely
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on larger-resource FPGA platforms, this work focuses on optimizing MPC for implementation under
a severely resource-limited platform. Key strategies to achieve resource-efficient MPC
implementation include simplifying the MPC structure using a 16-bit fixed-point representation
(Q13.3), performing model coefficient precomputation outside the FPGA, replacing division
operations with equivalent multiplications, minimizing the prediction horizon (N, = 2), and
employing fixed scalar penalty weights to avoid matrix operations. The implemented MPC operates
with limited fixed-point precision, a short prediction horizon, and a simplified EMI noise model effect
due to the severe hardware constraints. The results demonstrate that the FPGA resource utilization
remains within the available capacity of the Lattice iICE40HX 1K, with logic cell usage reaching 99%.
The implementation achieves a computation time of 1.83 s, satisfying real-time requirements.
Furthermore, it maintains DC motor speed under false-edge disturbances in the feedback signal,
achieving steady-state accuracy above 98% and stable transient performance. Although the proposed
MPC operates on the Lattice iCE40HX1K FPGA, the 99% logic cell utilization introduces a critical
vulnerability, leaving virtually zero margin for manufacturing variations, minor design modifications,
or future design expansion. Consequently, this severely limits direct scalability to more complex
systems, such as PMSM with Field-Oriented Control (FOC), without architectural redesign or
migration to a larger FPGA platform. Overall, the results confirm that MPC can operate effectively
on low-end FPGA for low-complexity control. Future work may focus on investigating architectural
redesign strategies to enable scalability toward more complex control systems, while preserving
resource efficiency. In addition, exploring implementation on larger FPGA platforms may provide
additional hardware margin for extending prediction horizons or incorporating more sophisticated
disturbance-mitigation techniques. Further research may also include a comparative evaluation against
similar resource-efficient MPC approaches to better quantify performance-resource trade-offs.
Extending the proposed framework to multi-axis control systems represents another important
direction, particularly for coordinated motion applications. Moreover, exploring alternative numerical
representations and investigating the minimal viable hardware resource margins required for stable
MPC operation could provide deeper insight into design optimization boundaries.

Beyond experimental validation, this work provides insight into how computationally intensive
MPC algorithms can be systematically adapted to resource-limited FPGA platforms through resource-
aware architectural design principles. Although demonstrated on a DC motor speed control problem,
the proposed optimization strategies illustrate a general resource-constrained design methodology,
rather than a case-specific adjustment. However, further architectural refinement is required to enable
scalability toward higher-complexity systems.
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