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Abstract

This study presents a comprehensive performance evaluation of field-programmable gate
array (FPGA), graphics processing unit (GPU), and central processing unit (CPU) platforms
for implementing finite impulse response (FIR) filters in semiconductor-based digital signal
processing (DSP) systems. Utilizing a standardized FIR filter designed with the Kaiser
window method, we compare computational efficiency, latency, and energy consumption
across the ZYNQ XC7Z020 FPGA, Tesla K80 GPU, and Arm-based CPU, achieving process-
ing times of 0.004 s, 0.008 s, and 0.107 s, respectively, with FPGA power consumption of
1.431 W and comparable energy profiles for GPU and CPU. The FPGA is 27 times faster than
the CPU and 2 times faster than the GPU, demonstrating its suitability for low-latency DSP
tasks. A detailed analysis of resource utilization and scalability underscores the FPGA’s
reconfigurability for optimized DSP implementations. This work provides novel insights
into platform-specific optimizations, addressing the demand for energy-efficient solutions
in edge computing and IoT applications, with implications for advancing sustainable
DSP architectures.

Keywords: circuits; microelectronic; semiconductors; FPGA, GPU and CPU

1. Introduction

Semiconductors are materials, such as silicon and germanium (elemental semicon-
ductors), or compounds like gallium arsenide, that are used to manufacture devices such
as integrated circuits and microchips. After the invention of the transistor in 1948 and
the definition of integrated circuit (IC) in 1958, the need for electronic circuit elements
has increased the importance of semiconductor device technology [1,2]. Semiconductors
represent the fundamental components of different integrated circuits, such as transistors
and microprocessors. Indeed, they are the main components in the construction of logic
gates and other digital circuits. In recent years, advances in semiconductor technology
have enabled the development of smaller, faster, and more reliable electronic devices [3-5].
With the continued miniaturization of semiconductor devices, it has become possible to
manufacture semiconductors with higher precision and quality, such as improved speed,
functionality, and integration density, at reduced costs [6].

The resistance of the semiconductors is higher than that of conductors but lower than
that of insulators; it is thus among the classes of conductive and insulating materials. When
constructing integrated circuits, semiconductors composed of crystalline solids are suitable
for use. Semiconductors, which are the basis for the electronics industry, have two types:
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elements and compounds. Examples of compounds are zinc oxide (ZnO) and copper
oxide (CuO). Silicon (Si), germanium (Ge), and selenium (Se) can be given as examples
of elements. Electronic circuit components, computers, mobile phones, and digital audio
players are made of semiconductor materials. Germanium and silicon are used in the
production of diodes, transistors, and integrated circuits, which are the main elements of
electronics [7]. Semiconductors are found in nature as simple elements as well as compound
elements in the laboratory. Rapid advancements in semiconductor technology have paved
the way for innovative solutions in various industries, including telecommunications,
automotive, and artificial intelligence [8-10].

With the advances in semiconductor technology, CPUs, GPUs, and FPGAs have
become smaller, faster, and more efficient. While CPUs have become more powerful in
general-purpose use with multi-core structures, GPUs stand out in artificial intelligence and
parallel computing. FPGAs, on the other hand, provide low latency and energy efficiency
by offering application-specific hardware speed customization. While these three hardware
types offer converging performances thanks to technological advances, each still excels
in certain applications. This study compares the performance of FPGA, GPU, and CPU
platforms in implementing a finite impulse response (FIR) filter, a fundamental task in
digital signal processing (DSP). While FPGAs are often used for hardware verification
and real-time processing, GPUs excel in parallel computing, and CPUs are designed for
general-purpose tasks, the FIR filter serves as a standardized benchmark to evaluate
computational efficiency, latency, and energy consumption across these heterogeneous
platforms. By focusing on a common DSP application, this study highlights the architectural
strengths and trade-offs of each platform, providing insights into their suitability for real-
time and high-throughput applications in semiconductor-based systems. The paper is
organized as follows: Section 2 reviews semiconductor technologies; Section 3 details the
FIR filter methodology; Section 4 presents performance results; Section 5 discusses trade-
offs, highlighting FPGA’s energy efficiency, GPU’s parallelism, and CPU’s programming
ease; and Section 6 concludes with contributions and future research directions.

2. Background and Related Work
2.1. Hardware Platforms

Semiconductors process stored, processed, and transported data much faster and use
lower power consumption per bit. Key products derived from semiconductor manufactur-
ing, which are essential for various electronic equipment and devices, include recordable
disks, flash drives, hard disk drives, solid-state drives, and cloud-based storage solutions.
Some industry components in the semiconductor market, such as products (ICs, discrete
semiconductors, opto-electronics, and sensors), applications (communications, consumer
electronics, automotive electronics, and computers), and artificial intelligence, will increase
trends in the semiconductor industry in the near future. Typical examples are Al, 10T, au-
tonomous vehicles, and chip security. Developing industrial technologies such as artificial
intelligence, automotive electronics, IoT, and augmented /virtual reality (AR-VR) stand
out in most production and manufacturing industries. At the heart of all these technolo-
gies are the chips that drive them. Industries more than ever rely on the semiconductor
industry to ensure that all these technologies fulfill their duties and provide the computing
power required.

In today’s market dominated by technology, the semiconductor industry, which is the
backbone of electronic devices, tops the list. Semiconductors are the source of creativity in
health, military, computing, communication, transportation, and numerous other appli-
cations. As the expectations grow, the consumers’ experiences are gradually improving
in these technologies, where the productivity and consolidation increase. Semiconductor
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manufacturing is becoming increasingly competitive as consumers demand higher perfor-
mance devices with more functionality [11,12]. Therefore, semiconductor manufacturers
adopt digital manufacturing techniques to increase competitiveness and achieve higher
operational excellence, which is depicted in Figure 1.
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Figure 1. The Internet of Things (IoT) encompasses four main elements, each of which plays a critical
role in the functionality and success of IoT systems. Key elements of IoT include four main elements:
devices, sensors, networks, and implementations.

As high-performance CPUs with more than half a century of history are designed
to efficiently process data in serial programming, they are also optimized for parallel
programming through various existing techniques. GPU processors are largely parallel,
made of smaller and more specialized cores than high-performance CPUs. GPU architecture
is optimized for batch volume on all cores. It is especially used in areas where large datasets
need to be processed within parallelizable processes. Due to the architecture of graphics
processing units and the great number of cores, there is a large and widening gap between
CPU and GPU performances.

FPGAs are programmable semiconductor circuits composed of customizable logic
blocks in a matrix structure connected to each other with programmable connectors. FPGAs
can be easily programmed for any application, and the previous FPGA contents may be
changed and reprogrammed for different applications. FPGAs have quickly found a place
in the industry thanks to their flexible architectural structures and programming features.
Today, they are preferred in diverse application areas from automotive, telecommunication,
and space applications to the defense industry, and particularly in many application
areas that require flexibility with high performance. Unlike CPUs and GPUs, which are
software-programmable fixed architectures, FPGAs are reconfigurable with user-defined
computational engines. When writing a software tool targeting an FPGA, the compiled
instructions become hardware components organized on the FPGA structure, and all of
these components can run in parallel.

2.2. Overview of CPU, GPU, and FPGA Architectures

As communication becomes faster and more secure, integrated semiconductor devices
provide stable and efficient communication. In the development of wireless communi-
cation systems like 5G, the use of System-on-Chip (SoC) and FPGA devices is becoming
increasingly prevalent. Unlike a processor that executes a program, the FPGA configures
itself to be a work circuit that will then respond to inputs in a way that a special piece
of hardware will behave. Unlike CPUs, FPGAs do not have a fixed hardware design.
In contrast, they can be programmed from scratch according to user applications. The
functions to be performed by the logical cells and the connections between these functions
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are determined by the user. For this reason, the arithmetic operations that the programmer
uses must be coded from scratch while programming the FPGA [13,14].

Additionally, mobile Wi-Fi chips, cellular baseband processors, Bluetooth transceivers,
near-field communication (NFC) chips, global positioning system (GPS) receivers, and similar
components can be categorized as semiconductors used in wireless communication [15,16].
Thus, it reveals the importance of semiconductors in the wireless communication industry.
It is possible to obtain a high level of convenience, comfort, and energy efficiency with
IoT products. These devices rely on compact microchips designed for high-speed data
exchange, with each chip uniquely engineered to fulfill its specific function. In the context
of automotive vehicles, sensors play a crucial role during operation, and even insurance
companies utilize sensor-generated data to assess safe driving behaviors. Integrated circuits
are primarily designed for drones used in control, distribution, surveillance, and mapping.
Semiconductor technology is used in related sensing devices, for example, medical de-
vices used in hospitals, electrocardiogram (ECG or EKG) machines, and communication
devices [17-19]. In addition, the semiconductor industry has gained significant place from
the growth of IoT in the construction of high-end devices such as cell phones, laptops,
electric vehicles, and wearables [20,21].

The usual approach for modeling or calculating a task is to write some code in a
CPU or GPU-based architecture. In FPGAs, a special circuit is designed for this particular
calculation. There are various publications in the literature with a focus on comparisons of
FPGA, CPU, and GPU applications, and the results may vary with respect to the platforms
implemented [22]. FPGAs are integrated circuits with a programmable hardware structure.
Unlike GPUs or ASICs, the circuitry inside an FPGA chip can be reprogrammed when
required. This capability makes ASICs an excellent alternative, which requires a long
development time and significant investment to design and manufacture FPGAs. FPGAs,
CPUs, and GPUs are three distinct processing technologies, each with unique strengths
and applications [23].

Numerous studies have explored the comparative performance of FPGAs, CPUs, and
GPUs across various applications. In summary, GPUs excel in highly parallel workloads,
outperforming CPUs, while FPGAs demonstrate superior energy efficiency, particularly
in tasks like deep learning inference [24]. FPGAs consume less power than GPUs and
CPUs, making them ideal for real-time and edge computing applications [25]. They are
best suited for low-latency tasks, GPUs for compute-intensive parallel workloads, and
CPUs for general-purpose sequential processing [26]. Additionally, GPUs offer scalability
for large-scale parallelism, whereas FPGAs provide hardware-level customization for
tailored application-specific solutions [27]. This comparative understanding provides
information on how to use the strengths of each technology to address real-world challenges
in IoT, Al, autonomous systems, and edge computing. Future research should focus on
hybrid approaches that combine these technologies to achieve optimal performance and
efficiency [28].

2.3. FIR Filter Fundamentals

FPGAs, CPUs, and GPUs implement FIR filters in distinct ways, with FPGAs offering
low-latency, highly parallel hardware solutions for real-time applications, CPUs provid-
ing flexible and sequential processing for general-purpose tasks, and GPUs leveraging
massive parallelism to accelerate computationally intensive FIR filtering operations in
high-throughput scenarios. Filters have an important role in digital signal processing.
Digital filters are used in most electronic devices. Therefore, digital filters can be imple-
mented in both hardware and simulation. In recent years, it has been shown that the
use of FPGAs has increased in the implementation of real-time and high-performance
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signal processing applications [29]. FPGA chips, which were initially developed only
for controlling digital designs, have gained the ability to operate in parallel with new
technological developments. It is known that the power consumption of designs with an
FPGA is low, with a relatively high working speed. In addition, arithmetic operations
are easily performed with an FPGA. In order to clearly clarify this information, an FIR
filter design was performed in the Vivado HLX environment, and the design was imple-
mented in the Xilinx ZYNQ XC7Z020-1CLG400C FPGA environment. The designed filter
has been implemented using the Verilog hardware description language, leveraging the
gate arrays and other hardware resources available on a FPGA. The FPGA'’s resources,
including configurable logic blocks, dedicated DSP slices, and on-chip memory elements,
are utilized to efficiently realize the filter’s functionality through precise configuration and
interconnection, enabling high-performance digital signal processing within the hardware
constraints of the target platform. The processing time of the FIR filter is analyzed across
CPU, GPU, and FPGA implementations to evaluate their performance and suitability for
various application scenarios.

In evaluating the performance of FIR filter implementations, several key parameters
such as latency, resource utilization, and power efficiency must be considered. While
CPUs offer ease of programmability and are suitable for a wide range of applications,
they often fall short in meeting the stringent timing requirements of real-time systems due
to their inherently sequential architecture. GPUs, on the other hand, exploit data-level
parallelism through thousands of cores, making them well-suited for batch processing
and high-throughput applications; however, their high power consumption and latency
in memory access can be limiting factors. FPGAs strike a balance by offering a customiz-
able hardware fabric that enables fine-grained parallelism, pipelining, and low-latency
computation tailored to specific application needs. These characteristics make FPGAs
particularly advantageous for embedded systems and real-time digital signal processing
tasks. Consequently, the comparative analysis of these platforms provides critical insights
into selecting the most appropriate hardware architecture for FIR filter deployment based
on specific performance requirements and system constraints.

3. Methodology

In order to accelerate the functions commonly used on large datasets in digital signal
processing, calculations are performed using multicore processors, graphics processors,
FPGA-based systems, and ASIC designs. Many different types of accelerator methods
are used, including CPUs, GPUs, FPGAs, and ASICs, to improve computing performance
and energy efficiency in application areas [30]. While ASICs are used only to fulfill a
specific process and task, FPGAs are used mostly in parallel work applications. FPGAs
show significant advantages in real-time data processing over GPUs and other types of
hardware in certain use cases. FPGAs ensure a low level of latency against GPUs and
CPUs. FPGAs and ASICs are faster than GPUs and CPUs as they work on bare metal
and have no operating system [14,31]. In the applications designed in our study, the
performances of different hardware platforms were compared with various variables.
To see the advantages of FPGAs, it is necessary to compare them with alternatives of
processing units such as CPUs and GPUs in terms of flexibility and efficiency. GPUs are
ideal for rendering screenshots, animations, videos, and handling graphics-intensive loads.
Found in computers, phones, and other graphics processing devices, GPUs are often used
today to relieve a CPU’s workload. FPGAs have a matrix of logic blocks configurable
via programmable interconnects for specific applications or functions. In order to form
the basis of our research, GPU, FPGA, and CPU platforms were examined in terms of
performance, power efficiency, and usability.
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Finite impulse response filters are designed using various methods, each with distinct
computational requirements and suitability for hardware platforms. The Kaiser window
method, used in this study, balances main lobe width and side lobe attenuation through
a shape parameter (), making it suitable for FPGA implementations due to its flexibility
in coefficient computation [24]. Other methods include the Hamming and Blackman
windowing techniques, which are computationally simpler and often preferred for CPU-
based implementations due to their straightforward calculations. The Parks—-McClellan
algorithm, which optimizes filter coefficients for minimal error, is well-suited for FPGA
and GPU platforms where parallel processing can accelerate complex computations [29].
Frequency sampling methods, while less common, are effective for GPUs due to their
reliance on fast Fourier transform (FFT)-based operations. This study adopts the Kaiser
window method for its balance of performance and design flexibility across all platforms,
enabling a fair comparison of FPGA, GPU, and CPU implementations.

While this study uses FIR filter implementation as a benchmark to evaluate FPGA,
GPU, and CPU platforms, the scientific literature reports several other methods for as-
sessing digital processing devices. FFT is commonly used to evaluate frequency-domain
performance, particularly on GPUs due to their parallel processing capabilities [17]. Infinite
impulse response (IIR) filters, which involve recursive computations, are another bench-
mark suitable for CPUs and FPGAs [18]. For Al-related applications, matrix multiplication
and convolutional neural networks (CNNs) are frequently used to compare computational
throughput and energy efficiency across platforms [30]. These alternative methods comple-
ment the FIR filter benchmark by highlighting different aspects of platform performance,
such as memory bandwidth for FFT or recursive computation efficiency for IIR filters.

Filters are generally used in electronic circuits for various purposes such as filtering
noise and unwanted signals, separating certain frequencies, and limiting signals before
sampling. A digital filter is a method or algorithm that works on digitized analog signals,
converting the input signal to the desired output signal. The main design purposes of
the filters, which have very wide application areas, are to separate the interfered signals
from each other, to increase the signal quality by reducing the noise in the signal, and to
recover the distorted signal. Digital signal processing involves performing the desired
operations on the frequency spectrum of a signal to provide the desired result after these
operations. This digital signal processing structure is called a digital filter. Digital filters
can be implemented with either software or hardware. Digital filters are divided into two
categories according to their impulse responses. These are finite pulse response and IIR
filters [32,33]. The Parks—-McClellan algorithm is an iterative approach to explore the ideal
Chebyshev FIR filter. It is used to design and apply effective FIR filters. An indirect method
is used to find the optimal filter coefficients [34]. The input and output relation of the FIR
filter given above can be given as in Equation (1);

N
y[n] = box[n] + bix[n — 1] + ...+ byx[n — N] = ) _ bj.x[n — ] (1)
i=0

where x[n] represents the input signal and y[n] represents the filter output.

Digital signal processing techniques are widely used in many applications, such as
communication and multimedia. Filters have an important use in digital signal processing.
Digital filters are used in most electronic devices. Therefore, digital filters can be imple-
mented not only with simulations but also with hardware. In recent years, it has been
observed that the use of FPGAs in real-time signal processing applications that require high
performance has increased. FPGA chips, initially developed for controlling only digital
designs, have the ability to work in parallel with the new developments in technology. It
is known that FPGA-realized designs have low power consumption and high operating
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speed, as seen in Figure 2. In order to reflect the developments in semiconductor technol-
ogy, the above mathematical model was implemented on the CPU, GPU, and FPGA, and
comparisons were made in terms of time and acceleration capacities.

-1

X[I’l] —"—> 71 771 T ............ > 7 _1

b, Yb b, b,

@_,@_ ............. ,@_. y[n]

Figure 2. Block diagram of digital FIR filter. A direct form discrete-time FIR filter of order N. The
flow diagram of an FIR filter is shown below; x[n] and y[n] are inputs and outputs, respectively. z !

is the unit delay, and by are the filter coefficients.

4. Performance Evaluation and Results

To design an FIR filter, the Kaiser window method is a widely adopted technique
due to its flexibility in controlling the trade-off between main-lobe width and side-lobe
attenuation. This method allows for the precise specification of filter characteristics by
adjusting the shape parameter (), making it suitable for applications requiring stringent
frequency response criteria. The Kaiser method is widely used to calculate the filter
coefficients that give a specified frequency response. Using this method, the steps and
calculations required to design a filter with the specified properties are detailed below.
Frequency Ranges and Gains:

e  Passband: 0 Hz-5 MHz;

¢  Stopband: 10 MHz-50 MHz;

e  Passband: 5 MHz-10 MHz (this is a range that does not exist for an ideal filter, but in
practice, it is taken into account in the design).

Kaiser Window Parameters: Kaiser window is used to calculate the filter length (N)
and the beta (B) parameter. Beta is chosen depending on the desired stopband attenuation
in the filter design. The value of beta is determined by the value of attenuation in decibels.

Calculation Stages: Filter Length (N):

A-8
> 2
N_23.703-Af @)

Here, A is the attenuation value in dB. Af is the frequency range normalized by f

(sampling frequency).

In this case, A = 40 dB and Af = [t fms — 10MECoMHL _ 0 05

40 — 8
> =
Nz 23.703 - 0.05 2z

It is designed with 27 taps, so it can be taken as N = 27.
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Beta (B) Parameter:

0.1102- (A —8.7), if A > 50,
B=1405842-(A—21)%%40.07886- (A —21), if21 < A <50, 3)
0, if A < 21.

In this case, since A = 40 dB,
B =0.5842 - (40 — 21)%4 4+ 0.07886 - (40 — 21) ~ 5.65

Calculating Filter Coefficients:
The filter coefficients /1(n) with the Kaiser window are calculated as follows:

Iy ([3 1- (%
Ih(B)

Here, I is the modified Bessel function, and the ideal filter coefficients are calculated

?)
h(n) = MNigeqr (1) (4)

by the sinc function for the ideal low-pass filter:

higeat (1) = sm(znf_(if_l%l)) 5)
2

Here, f. is the cut-off frequency, and 5 MHz is used as f; .

Filter coefficients are calculated using the filter design application available in [35] for
0 mHz-5 mHz bandpass and 10 mHz-50 mHz band stop frequencies, which is shown in
Figure 3. The frequency response of the analyzed system provides crucial insight into how
the system reacts to different input frequencies, showcasing its stability and performance
characteristics across a broad spectrum. Meanwhile, the impulse response highlights the
system’s reaction to a sudden input, allowing for the assessment of its dynamic behavior
and time-domain properties, which are vital for accurate system modeling and control.
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Figure 3. The figures illustrate the gain frequency characteristics and impulse response of the
designed FIR filter.

FIR filters are mathematically fast and relatively easier to design and implement
digitally. The determined coefficients are added to the FIR filter software. A hardware filter
is designed on the FPGA, with a software filter running on the CPU and GPU. The FIR
compiler module was added to the block diagram on the Xilinx Vivado HLS program, and
the t-filter coefficients and FIR filter settings were added to the module. The advanced
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extensible interface (AXI) communication protocol, one of the most important features of
Xilinx FPGAs, provides data communication between the ARM CPU and FPGA on the
PYNQ Z1. AXI direct memory access module has been added to the FIR compiler module
as shown in Figure 4. This module provides a detailed analysis of the integration and
functionality of the FIR compiler and the AXI direct memory access module within an
FPGA-based system. The FIR compiler is employed for efficient digital filtering, while the
AXI direct memory access module facilitates high-speed data transfer between memory and
processing units. Their combined use enhances the performance of real-time applications
by leveraging hardware acceleration and optimized data handling.

fir

S+ SAXNSDATA N
m_axi_mm?2s_aclk [ >—s adk o " fir drma
ir_
[ M_AXI_MM2S o | e
S_AXI_LITE g

FIR Compiler

| > M_AXILMM2S
M_AXI_SZMM o [iimedee] ™ M_AXI_S2ZMM
M_AXIS_MM2S =
mma2s_prmry_reset_out_n

S AXI_LTE [

=4 S AXIS_SZMM
s_axi_lite_aclk

m_axi_mmz2s_aclk
s2mm_prmry_reset_out_n

m_axi_s2mm _aclk
mm2s_introut

axi_resetn > axi_resetn

s2mm_introut

AXI Direct Memory Access

Figure 4. FIR compiler and AXI direct memory access module are critical components in the design
of digital signal processing systems.

The FIR compiler and AXI DMA modules are combined into a single, unified module
identified by a specific filter name, streamlining signal processing tasks and enhancing
system efficiency by integrating filter design and high-speed data transfer capabilities. The
designed filter module is combined with the ZYNQ processing system module and AXI
modules in order to communicate with the processor on the PYNQ board and to work
with Python codes, as shown in Figure 5. Thus, the output signal results were examined
by sending the input signal to the hardware filter designed on the FPGA using the Linux
operating system and Jupyter Notebook (https://jupyter.org/) that we installed on PYNQ
board. The following figure shows the block diagram of the FIR filter designed on the
FPGA with the VIVADO HLX program, the ZYNQ operating system, and the hardware
that performs bitstream communication between these two systems.

aaaaaaa

i SO0_AXI —n
Sot_axi s
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MAXIMM2S {5
MAXIS2MM i
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S_AXI HPO_ACLK FCLK_CLKD ]
FCLK_RESETO_N

ZVNQ7 Processing System

Figure 5. FPGA hardware filter and ZYNQ operating system block diagram. Here is the block
diagram of an FPGA hardware filter integrated with a ZYNQ operating system.

The low-pass FIR filter designed in this study used 4479 logic elements, 1061 logic
memory units, 6898 flip-flops, 2 RAM blocks, 29 DSP modules, and 1 buffer. Resource
utilization report taken from VIVADO HLX is shown in Figure 6. When the energy con-
sumption and temperature reports are examined, it is seen that the designed hardware
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consumes 1.431 W of energy. The junction temperature was calculated as 41.5 °C, and the
thermal margin as 43.5 °C.

Resource | Utilization | Available | Utilization % LT : T 1296 W
LUT 4479 53,200 8.42% LUTRAM 1 6 Clocks: 0023 W
FF 6 Signals: 0.009W
LUTRAM | 1061 17400 6.10% R =2 logic  0.008W
FF 6898 106,400 | 6.48% DSP W BRAM: <0001 W
W ps7 1256 W
BRAM 2 140 143% BUFG
DSP 29 220 13.18% 0 > 50 75 100 Static 0135W
BUFG 1 32 3.13% Utlization (%) 9% 100% PLStatic  0.135W
(a) (b) ©

Figure 6. (a) FPGA resource usage report. This report provides a comprehensive analysis of resource
utilization for an FPGA implementation. (b) Resource usage graph. This graph presents a detailed
analysis of the FPGA resource usage graph, illustrating the distribution of key hardware resources
across the design. (c) FPGA power consumption graph. The logic module for the FIR filter consumes
a total of 135 mW energy. The SoC Arm processor part on the PYNQ Z1 board consumes 1.296 W
of energy.

The signal to be applied as an entrance to the system is obtained with the follow-
ing Equation (2) using the numpy and matplotlib libraries in Python. The input signal
generated is shown in Figure 7.

f(t) = 10,000 x sin(0.2e6 x 27tt) 4+ 1500 x cos(46e6 x 27tt) + 2000 x sin(12e6 x 27tt)  (6)

The FIR filter design has been run on an Arm Cortex A9 CPU, a Tesla K80 GPU on
Google Colab, and a PYNQ Z-1 board ZYNQ XC7Z020 FPGA. The following input signal
was applied in three different systems, and the filtered signal on the side was obtained.

Input signal Input signal
—— FIR output

10,000 10,000 A
5000 4 5000 -
0 01
-5000 A -5000
-10,000 A -10,000 4

0 2 4 6 8 10 0 2 4 6 8 10

Time (usec) Time (usec)

Figure 7. Behavior of two signals: (left) The noisy input signal generated from the equation. (right)
The difference between the input and the filtered output signal depends on the filter’s characteristics
and the input signal’s content.

While the software-based filtering process was performed using the CPU in 0.107 s, it
was completed on the GPU in 0.008 s. The hardware-based filtering process on the FPGA
was completed in just 0.004 s. These results indicate that the FPGA implementation is ap-
proximately 27 times faster than the CPU, while the GPU implementation is about 13 times
faster than the CPU. Unlike CPUs, GPUs contain thousands of processing cores, allowing
for true parallelism in computational tasks such as image processing or cryptocurrency
mining. The architecture of FPGAs, however, is fundamentally different. Instead of relying
on programmable cores or kernels, FPGAs implement parallelism at the hardware level
through configurable logic blocks and interconnects. These logic blocks can be programmed
to operate concurrently, enabling task-specific parallel data processing. While CPUs offer
flexibility and are capable of executing a wide range of software with varying levels of
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complexity, GPU programming often requires adherence to architectural constraints and
memory access patterns. In contrast, FPGA design involves creating dedicated digital
circuits that can operate in parallel or series, depending on the application’s requirements.
These circuits are not software functions, but rather physical hardware connections config-
ured to perform specific operations. As a result, the performance comparison outcomes of
the filtering process are illustrated in Figure 8.

Performance Comparison (CPU, GPU, FPGA)
107.73 Time ms

Speed X
100

80

60

Values

40

27

20
13

4.01

CPU GPU FPGA
Hardware

Figure 8. FIR filter process time analysis on CPU, GPU and FPGA. FIR filters are widely used in digital
signal processing for their stability and linear-phase characteristics. Comparing their processing
times across CPU, GPU, and FPGA platforms involves analyzing their performance in terms of
computational efficiency, memory usage, and architecture-specific optimizations.

5. Discussion

This study compares the implementation of a finite impulse response (FIR) filter across
CPU, GPU, and FPGA platforms. The CPU and FPGA implementations were integrated
on a ZYNQ XC7Z020 chip using the AXI protocol, while the GPU implementation was
executed on a Tesla K80 GPU via Google Colab, leveraging CUDA for parallel processing.
The experimental results demonstrate that the FPGA outperforms the CPU by 27 times and
the GPU by 2 times in processing speed (0.004 s, 0.107 s, and 0.008 s, respectively) while
consuming lower energy at 1.431 W. The novelty of this study lies in its direct comparison
of FPGA, GPU, and CPU platforms using a standardized FIR filter implementation, offering
quantitative insights into their performance in a DSP context. Key contributions include
the following: (1) demonstrating FPGA’s 27 times and 2 times performance advantage over
CPU and GPU, respectively, in FIR filter processing time (0.004 s for FPGA, 0.008 s for
GPU, 0.107 s for CPU); (2) providing a comprehensive analysis of power consumption and
resource utilization; and (3) offering practical guidance for selecting hardware platforms
for real-time DSP applications in semiconductor-based systems.

Scalability is a critical factor in evaluating hardware platforms for FIR filter imple-
mentation. FPGAs offer scalability through their reconfigurable logic blocks, allowing
parallel processing of multiple filter taps, as demonstrated by the use of 4479 logic elements
and 29 DSP modules in this study. However, scalability is constrained by the available
resources on the FPGA chip. GPUs, leveraging massive parallelism via CUDA on the
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Tesla K80, excel in scaling to large datasets, making them suitable for high-throughput
applications [17]. CPUs, with their sequential processing nature, exhibit limited scalability
for compute-intensive tasks like FIR filtering, though they remain versatile for diverse
workloads [18]. For larger FIR filters or datasets, FPGAs may maintain their performance
advantage due to low-latency hardware customization, while GPUs could outperform in
scenarios requiring extensive parallel computations.

The FIR filter implemented in this study, designed with a moderate number of taps
using the Kaiser window method, represents a typical DSP task suitable for comparing
computational efficiency across platforms. While the scale of the filter is relatively small,
limiting its ability to fully stress the platforms’ capabilities, the results (FPGA: 0.004 s,
GPU: 0.008 s, CPU: 0.107 s) demonstrate FPGA’s superior performance in low-latency
applications. For larger FIR filters or datasets, GPUs may exhibit better scalability due to
their parallel processing capabilities, as noted in [17]. Regarding energy efficiency, this
study found that the FPGA consumed 1.431 W, comparable to or lower than the GPU’s
estimated 50-100 W on the Tesla K80. The literature suggests that FPGAs often outperform
GPUs in energy efficiency for real-time DSP tasks due to their hardware-level customization
and lack of operating system overhead [19,28]. Future work could explore larger FIR filters
or alternative DSP tasks, such as IIR filters or FFT, to further validate these findings.

The implementation of the FIR filter across platforms utilized distinct programming
tools, each with varying degrees of accessibility. For the FPGA, the VIVADO HLX suite, a
proprietary tool, was used to design and synthesize the filter on the ZYNQ XC7Z020 chip,
requiring expertise in hardware description languages (HDLs) like VHDL or Verilog. Open-
source alternatives, such as Yosys or iCEstorm, exist for certain FPGA platforms but are
less common for complex designs [31]. The GPU implementation leveraged NVIDIA's pro-
prietary CUDA framework on the Tesla K80 via Google Colab, which, while accessible for
parallel programming, requires knowledge of GPU-specific APIs. Open-source alternatives
like OpenCL offer broader compatibility but similar complexity. The CPU implementation
used Python with open-source libraries (NumPy, SciPy) on the PYNQ board’s Linux OS,
making it the most accessible due to Python’s widespread use and simplicity [18]. Overall,
CPU programming is the most user-friendly, followed by GPU, while FPGA programming
demands specialized skills, impacting its adoption in non-specialist communities.

DSPs are specialized microprocessors optimized for signal processing tasks, offering
efficient fixed-point arithmetic and multiply-accumulate operations ideal for FIR filter
implementation [23]. Compared to FPGAs, DSPs provide lower development complexity
but less flexibility in hardware customization. GPUs outperform DSPs in parallel processing
for large datasets, while CPUs offer greater general-purpose flexibility but lower DSP-
specific performance. In this study, DSPs were not included to focus on comparing general-
purpose (CPU), parallel (GPU), and reconfigurable (FPGA) platforms, as these represent
broader computational paradigms in semiconductor-based systems. However, DSPs could
be considered in future work to evaluate their performance in FIR filtering, particularly for
applications requiring low power and high efficiency in embedded systems.

Table 1 presents a comparative analysis of CPU, GPU, and FPGA platforms in the
context of FIR filter implementation, evaluating latency, power consumption, timing perfor-
mance, and time-to-market. This table integrates experimental results with findings from
the literature to provide a more generalized reference.

Latency: FPGAs provide low latency through hardware-level customized logic blocks,
offering a significant advantage in real-time signal processing tasks such as FIR filtering.
In contrast, CPUs exhibit high latency due to their sequential processing architecture,
while GPUs, despite their parallel processing capabilities, experience moderate latency
due to fixed architectures. The FPGA’s 0.004 s processing time in the FIR filter application
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demonstrates its suitability for latency-sensitive applications, such as real-time signal
processing in IoT systems, as supported by prior studies [14].

Table 1. Comprehensive performance comparison of CPU, GPU, and FPGA.

Parameter CPU GPU FPGA

Latency High (sequential processing) Moderate (parallel processing) ~ Low (custom hardware)
Power Consumption ~5-10 W [25] ~50-100 W [25] 1431 W

Timing 0.107 s (FIR filter) 0.008 s (FIR filter) 0.004 s (FIR filter)
Time-to-Market Short (easy programming) Moderate (CUDA optimization) Long (Verilog design)
Use Case General-purpose computing Deep learning Real-time signal processing

Power Consumption: The FPGA’s energy consumption of 1.431 W offers a substan-
tial energy efficiency advantage compared to CPUs (estimated at ~5-10 W) and GPUs
(estimated at ~50-100 W) [25]. This positions FPGAs as a preferred choice in energy-
constrained scenarios, such as edge computing and battery-powered devices. However,
the high power consumption of GPUs may be acceptable in large-scale parallel workloads,
such as deep learning.

Timing: The measured processing times for the FIR filter (CPU: 0.107 s, GPU: 0.008 s,
FPGA: 0.004 s) reflect the computational capabilities of each platform. The FPGA’s superior
performance stems from the hardware-level optimization of parallel processing pipelines.
In contrast, the sequential processing of CPUs and the memory bandwidth constraints of
GPUs limit their timing performance. The literature reports similar advantages for FPGAs
in signal processing applications [13].

Time-to-Market: CPUs benefit from short development times due to high-level pro-
gramming languages like Python/NumPy. GPUs require moderate development time,
leveraging specialized libraries such as CUDA. FPGAs, designed using hardware descrip-
tion languages like Verilog and tools like Vivado HLx, entail longer development times.
This poses a challenge to the widespread adoption of FPGAs, though application-specific
optimizations may justify the cost.

The CPU implementation was performed on the Arm processor of the ZYNQ XC7Z020
chip, integrated into the PYNQ-Z1 board running a Linux operating system. The FIR
filter algorithm was implemented using Python (https://www.python.org/) in a Jupyter
Notebook environment, leveraging the NumPy and SciPy libraries for efficient signal
processing computations. The implementation utilized single-threaded processing to
maintain consistency with the sequential nature of CPU operations, resulting in a processing
time of 0.107 s for the FIR filter benchmark.

In this study, we highlight the performance metrics of FIR filter implementations across
FPGA, GPU, and CPU platforms, emphasizing FPGA’s superior speed (27 times faster than
CPU) and energy efficiency (30% less power consumption compared to GPU). These results
underline the practical advantages of FPGA in real-time, low-latency applications such as
autonomous driving, IoT, and medical devices, while also acknowledging the challenges
of its steeper learning curve compared to GPU/CPU programming. A detailed analysis
explains how FPGA'’s reconfigurable architecture enables efficient parallel processing,
contrasting this with GPU and CPU strengths in programmability and general-purpose
tasks. Furthermore, the findings are contextualized within broader industry trends, such
as the demand for energy-efficient computing and the growth of edge computing. The
discussion concludes by proposing future research directions, including the exploration of
hybrid architectures and expanding the analysis to other use cases, to further advance the
understanding and application of FPGA technology in diverse fields.
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6. Conclusions

When designing an electronic device with a processor, the processing unit is initially
selected in terms of speed, energy consumption, and processing capacity. Examples of these
processing units are CPU, GPU, and FPGA processors, which offer several advantages in
calculations. CPUs are the processors used in many devices, from computers to mobile
phones, that can process sequential commands through input, output, and memory units.
Due to sequential processing performed in CPUs, they are slower than GPUs and FPGAs
in terms of repetitive intensive graphics and mathematical operations. They support many
programming languages with the ability to work in hybrid with different processing units.
GPUs have the highest bandwidth per pin. In particular, intensive mathematical operations
can be performed at high speed. Since FPGAs are re-programmable logic gate arrays,
pipeline operations can be designed. Modules that can work in parallel and serial on
an FPGA can be designed. Owing to these capabilities, they are frequently employed in
repetitive computational tasks, graphical data processing, and deep learning applications,
where high efficiency and performance are critical. Various types of digital circuits can
be built on an FPGA and loaded directly onto the board. In principle, everything can be
calculated by a CPU, but other types of processors can be faster or more energy efficient
with certain applications. In this study, FIR filter application was carried out on CPU,
GPU, and FPGA. Power consumption and performance trends have been investigated,
and FPGAs have been found to perform higher than GPUs and CPUs while consuming
less energy.

This study provides a comprehensive comparison of FPGA, GPU, and CPU platforms
in the implementation of a FIR filter, highlighting their performance in terms of processing
time, power consumption, and resource utilization. Key contributions include demonstrat-
ing FPGA's significant performance advantage (0.004 s processing time, 27 times faster than
CPU and 2 times faster than GPU), alongside comparable energy efficiency. These findings
offer practical insights for selecting hardware platforms for real-time DSP applications
in semiconductor-based systems. Future research directions include exploring larger FIR
filter designs, alternative DSP tasks such as IIR filters or FFT, and the inclusion of DSPs
to further evaluate specialized platforms. Additionally, hybrid architectures combining
FPGA, GPU, and CPU strengths could be investigated to optimize performance for complex
DSP applications.

The results of this study are strongly aligned with broader trends in the semiconductor
and computing industries, which are increasingly driven by the demands of real-time pro-
cessing, energy efficiency, and scalability. The demonstrated superiority of FPGA in terms
of speed and energy consumption resonates with the rising adoption of edge computing,
where low-latency and energy-efficient solutions are critical. As IoT continues to proliferate,
devices deployed at the edge require lightweight, high-performance computing platforms,
making an FPGA an ideal candidate for tasks such as data filtering, signal processing, and
localized Al inference. In addition, the findings support the growing focus on sustainable
technology in the semiconductor industry. With energy efficiency becoming a top priority
due to environmental concerns and operational cost reduction, the low power consumption
of FPGA systems positions them as a front-runner in sustainable computing solutions.

Future work can focus on extending the comparative analysis of FPGA, GPU, and
CPU platforms to additional applications, such as image processing, cryptography, and
deep learning, to assess their relative advantages in diverse computational tasks. Exploring
hybrid architectures that integrate an FPGA with a GPU or a CPU could leverage the unique
strengths of each platform, offering a promising solution for tasks that require both flexibil-
ity and high computational throughput. Furthermore, energy optimization techniques for
FPGA implementations could be developed to further reduce power consumption, making
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them ideal for edge computing and battery-operated devices. Investigating advanced
design automation tools to simplify FPGA programming would also enhance accessibility
for developers. Finally, real-world deployments and dynamic reconfiguration studies could
validate these findings in practical scenarios, allowing FPGA systems to adapt to chang-
ing workloads and expanding their application potential in industries such as healthcare,
autonomous vehicles, and smart manufacturing.
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