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Abstract

Real-time wideband radio frequency (RF) spectrum monitoring is increasingly important
for unmanned aerial vehicle (UAV) detection and RF surveillance. Low-cost software-
defined radio (SDR) networks are attractive but constrained by limited instantaneous
bandwidth per node, I/Q data transfer bottlenecks over USB 2.0, and multi-node compu-
tational overhead. This paper proposes a bandwidth-efficient FPGA-GPU heterogeneous
architecture addressing these limitations. A hardware-efficient cell-averaging constant
false alarm rate (CA-CFAR) IP core is deployed on the edge FPGA of each SDR node,
forwarding only signal-containing intervals to reduce data transfer volume proportionally
to the target duty cycle. Spectra from multiple nodes are stitched into a wideband view and
processed in real time via a GPU-accelerated pipeline. The CA-CFAR IP occupies 16.3% of
available LUTs with no BRAM and a fixed 10-cycle latency at 100 MHz. Experiments on a
five-SDR testbed demonstrate an 88% data transfer reduction at a 10% duty cycle, 376 µs la-
tency from signal acquisition to display-buffer preparation, 96.26% detection probability at
−83.16 dBm (SNR ≈ 13 dB), and a 4.5× to 6.0× GPU speedup over CPU processing. These
results support real-time wideband RF monitoring on resource-constrained SDR platforms.

Keywords: spectrum sensing; software-defined radio; CA-CFAR; FPGA; GPU; wideband
monitoring; real-time processing; edge computing

1. Introduction
The rapid proliferation of wireless technologies in autonomous driving, aviation, de-

fense and communications has led to a substantial increase in the use of the radio frequency
spectrum. At the same time, research on spectrum sensing, which enables real-time moni-
toring and identification of diverse radio frequency (RF) signals in complex electromagnetic
environments, has accelerated significantly [1–3]. This real-time RF detection capability
has become a core component of modern surveillance architectures, ranging from civilian
security systems to military electronic warfare platforms [4]. In particular, unmanned
aerial vehicles (UAVs) targeting urban areas and major national security facilities have
recently emerged as a significant threat. Consequently, wideband spectrum coverage has
become important for monitoring noncooperative targets that may employ sophisticated
evasion strategies [5–8].
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Noncooperative targets often conceal their emissions by using frequency hopping
and short-pulse waveforms to avoid detection. In a congested spectrum containing mixed
wireless communication and radar emissions, detecting signal-present intervals in real
time directly determines the reliability of an RF surveillance system. However, single-node
surveillance systems suffer from two fundamental limitations: non-line-of-sight (NLoS)
obstruction caused by surrounding terrain and the physical constraint on instantaneous
bandwidth. To overcome these issues, distributed sensor networks that deploy multiple
sensors across different spatial locations have emerged as an effective alternative [9,10].
As a result, modern RF surveillance architectures must jointly satisfy wideband coverage,
real-time detection performance and cost effectiveness, given the need to operate multiple
sensor nodes.

Conventional systems have typically relied on expensive RF front ends with wide
instantaneous bandwidth and dedicated high-speed signal processors [11,12]. However,
this hardware-centric approach entails substantial deployment cost, which limits scalability
in distributed surveillance networks. To mitigate these drawbacks, low-cost software-
defined radio (SDR)-based systems have been actively investigated [13–15]. Nevertheless,
SDR-based platforms are constrained not only by ADC/DAC bandwidth but also by the
transfer rate limits of host interfaces such as USB 2.0 and Ethernet when large volumes of
raw I/Q data are processed [16,17]. When multiple sensor nodes operate simultaneously,
the data generated by each node can reach tens to hundreds of megabytes per second, and
transmitting such data in raw form to a central host causes network saturation and transfer
delays. These bandwidth constraints fundamentally limit real-time operation regardless of
processing capability.

As summarized in Table 1, recent RF-based UAV detection studies have improved
signal identification using SDR measurements and deep-learning classifiers [7,8,13], while
SDR/RFNoC-based monitoring systems and SDR testbed studies have shown wideband or
measurement-based spectrum observation in practical RF environments [2,14]. FPGA-based
CFAR implementations and GPU radar-processing studies have also reduced detection or
processing latency at individual processing stages [18–21].

Table 1. Category-level qualitative comparison of related spectrum-monitoring and signal-processing
approaches.

Category Example Refs. Platform Processing
Location

Host-Interface
Data Flow

Wideband
Support

SDR
monitoring [13–17] SDR + host Host PC Study dependent

Limited by node
bandwidth and

interface

GPU
processing [18–20,22–25] Host CPU/GPU Host GPU

Data transferred
before GPU
processing

Study dependent

FPGA-assisted
detection [21,26] FPGA/front

end
Front end
or FPGA

Application
dependent

Application
dependent

This work This work
Low-cost SDR
FPGA + host

GPU

SDR FPGA +
host GPU

CA-CFAR-selected
intervals transferred

100 MHz
aggregate view

using five
20 MHz nodes

Accordingly, this paper proposes a real-time wideband RF spectrum sensing system
that combines edge-side data reduction with host-side GPU processing to address both
the data transfer overhead and the computational bottleneck. As illustrated in Figure 1b,
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the proposed system performs cell-averaging constant false alarm rate (CA-CFAR)-based
preprocessing on the FPGA connected to each SDR node to suppress noise-only samples
before transmission and then uses GPU parallelism to process spectra from multiple
channels. This hybrid approach is intended to reduce both host-interface traffic and host-
side computational load. The main contributions of this work are as follows:

• Edge-side data reduction via a hardware-efficient CA-CFAR IP core is designed for
the Zynq-7010 FPGA in each SDR node: It uses in-place recursive summation and
arithmetic right-shift division to achieve O(1) per-sample computational complexity
for the reference-cell summation update, independent of the number of reference cells,
by using only the newly entering and departing samples instead of recomputing the
full window at each clock cycle. The design occupies 16.3% of the available lookup
tables (LUTs) and consumes no block RAM (BRAM) resources while enabling real-time
operation with a fixed latency of 10 clock cycles at 100 MHz. Using this edge-based
data reduction technique, 88% of host-bound data is removed in a 10% duty-cycle
environment, alleviating the transfer throughput limitation.

• PDU-based multi-SDR event aggregation and parallel multi-SDR control: To compen-
sate for the narrow instantaneous bandwidth of a single low-cost SDR, a multithreaded
software architecture is implemented for stable parallel operation of multiple SDR
nodes. Because the SDR nodes cover non-overlapping sub-bands, the host pipeline
uses protocol data unit (PDU) metadata such as SDR identifier, center frequency,
bandwidth and timestamp to preserve source identity and aggregate detected events
into a stitched wideband view. The PDU-based scheduling pipeline also provides
a structured input unit for GPU-accelerated computation, enabling low-latency sig-
nal tprocessing.

  
(a) 

(b) 

Figure 1. Comparison of spectrum sensing architectures: (a) conventional high-cost hardware-centric
system suffering from data bottlenecks; (b) proposed FPGA-GPU acceleration system employing
edge-based data reduction.
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To validate the proposed system, a custom hardware testbed was constructed and
evaluated at the system level. Experimental results demonstrate that the system achieves
up to 88% reduction in data transfer volume relative to conventional approaches, a latency
of 376 µs from signal acquisition to display-buffer preparation, a detection probability
exceeding 95% (Pd = 96.26%) at −83.16 dBm received power (noise floor −96 dBm) and a
4.5× to 6.0× processing speed-up over the tested CPU-based computation. These results
demonstrate that the proposed architecture can support real-time wideband RF monitoring
on resource-constrained SDR platforms.

The remainder of this paper is organized as follows. Section 2 presents the proposed
system architecture from two complementary perspectives. Section 3 describes the hard-
ware and software implementation of each component. Section 4 reports the experimental
setup and quantitative performance evaluation. Section 5 concludes the paper and outlines
future research directions.

2. Proposed System Architecture
The proposed RF spectrum sensing system consists of two principal processing stages:

(1) an RF front end and preprocessing stage that collects signals from multiple SDR nodes
and performs FPGA-based data reduction and (2) a host-side acceleration stage responsible
for data aggregation, pipeline control and high-speed GPU parallel computation.

2.1. FPGA-Based CA-CFAR Design for SDR Nodes

In electronic warfare (EW) and signal intelligence (SIGINT) environments, the param-
eters of RF signals emitted by a target are unknown a priori. Accordingly, the spectrum
detector must identify unknown signals without prior knowledge of waveform, modulation
scheme or bandwidth. Because conventional matched filter-based pulse compression re-
quires a replica of the transmitted signal, it cannot be applied in this scenario [27]. Therefore,
this work adopts instantaneous power-based detection of received I/Q data to determine
whether a signal is present [28].

In practice, RF signals emitted by a target are received by the SDR antenna and RF
transceiver, converted into digital samples by the ADC and forwarded to the FPGA. Since
the proposed system operates multiple SDR nodes in parallel for wide-area and wideband
coverage, the resulting I/Q data volume creates severe pressure on the limited interface
bandwidth of low-cost SDR equipment. To ensure real-time operation, an edge-based
data reduction process that forwards signal-present intervals before host transmission is
essential. A fixed threshold is not suitable because detection reliability varies with the
noise level. Therefore, the CA-CFAR algorithm [29], which adaptively adjusts the threshold
according to the surrounding noise power, is applied in the time domain within the FPGA.

Time-domain CA-CFAR determines the detection threshold by estimating the average
power of reference cells located on both sides of the cell under test (CUT). Guard cells
are placed adjacent to the CUT to prevent self-masking, which occurs when the pulse
edge leaks into the reference cells. With N/2 reference cells on each side of the CUT, the
estimated average noise power Pn divided by the number of total reference cells N is

Pn =

(
1
N

)
×

[
N/2

∑
i=1

y[n − G − i] +
N/2

∑
i=1

y[n + G + i]

]
(1)

where y[n] denotes the instantaneous power of sample n, N is the number of reference cells,
and G is the guard cell length. Assuming additive white Gaussian noise (AWGN), the target
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false alarm probability Pf a is defined as the integral of the probability density function above
threshold T. The threshold constant K and the final threshold T are given by

K = N ×
(

P−1/N
f a − 1

)
(2)

T = K × Pn (3)

This threshold enables precise time-domain detection of pulse start and end times
without prior knowledge of signal parameters. Figure 2 illustrates an example of the
time-domain CA-CFAR algorithm.

Figure 2. Example of the CA-CFAR algorithm in the time domain. The upper panel shows the
instantaneous received power; the lower panel shows the CA-CFAR-filtered output, where noise-only
intervals are discarded.

In the proposed system, a CA-CFAR intellectual property (IP) core is deployed in the
FPGA region of each SDR. The deployed CA-CFAR IP suppresses noise-only intervals and
outputs only samples corresponding to detected pulses. Directly porting a conventional
sliding-window CA-CFAR implementation onto an FPGA would result in inefficient re-
source usage, higher complexity and excessive memory consumption [27,28]. Conventional
sliding-window CA-CFAR uses a large adder tree to sum the reference-cell data, requires a
hardware-intensive divider to compute the average noise power, and consumes on-chip
BRAM resources for delay line implementation. As a result, resource consumption and
latency increase rapidly with window size.

To reduce this cost, the proposed CA-CFAR architecture is designed to use the limited
hardware resources of the low-cost SDR FPGA as efficiently as possible. While a conven-
tional adder tree recomputes the sum of all N elements for each window shift, yielding O(N)
complexity per sample, the proposed architecture uses the following in-place recursive
update rule:

s[n] = s[n − 1] + xnew[n]− xold[n] (4)

where s[n] is the total power sum of the reference cells computed in the previous clock
cycle, xnew[n] is the power of the newly entered reference cell and xold[n] is the power of
the oldest departing reference cell. This reduces the per-sample computational complexity
of the reference-cell summation update to O(1) with respect to the number of reference
cells, since the update uses only the newly entering and departing samples rather than
recomputing the full reference window.
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To compute the average noise power without a hardware divider, the number of
reference cells is fixed to 2M, allowing the division operation to be replaced by

Pn =
1

2M ×
2M

∑
i=1

Pi (5)

with a simple arithmetic right-shift operation:

Pn =
2M

∑
i=1

Pi ≫ M (6)

where 2M is the total number of reference cells and Pi is the power of the i-th reference cell
within the window. When a received sample arrives at the CUT, the sample is immediately
discarded if it is classified as noise. Only samples with an active detection flag are forwarded
to the host PC, reducing the total transferred data volume according to the target duty
cycle and thereby alleviating the transfer load on conventional low-cost SDR interfaces.
Specifically, when the CA-CFAR threshold comparison classifies the CUT as a noise-only
sample, the detection flag register is explicitly set to the inactive state; when the sample is
subsequently passed to the output stage, the register state is checked, and inactive interval
samples are discarded immediately without transmission.

In conventional FPGA-based signal processors, BRAM is primarily used to implement
the sliding-window delay line; however, BRAM access introduces memory read/write
latency. To avoid this latency penalty, the proposed CA-CFAR uses no BRAM. The sliding-
window register chain is implemented with lookup table (LUT)-based shift registers, which
are the fundamental logic elements of the FPGA. In the proposed implementation, the
CA-CFAR window delay path is mapped to LUT/FF resources rather than BRAM-based
storage. This resource mapping increases LUT/FF usage compared with a BRAM-based
delay line while eliminating BRAM usage, reducing DSP usage, and keeping the pipeline
latency fixed. On low-cost FPGAs such as the Zynq-7010, BRAM and DSP blocks are
limited specialized resources shared with filters, interfaces and other processing tasks in the
system. This trade-off allocates LUT/FF resources to the delay-line implementation while
preserving BRAM and DSP blocks for other SDR functions. Figure 3 compares the baseline
sliding-window structure and proposed hardware-efficient CA-CFAR architectures.

2.2. Host and GPU-Based Integrated Signal Processing Architecture

In an RF detection system that uses multiple distributed SDR nodes, the host must
provide a management framework that can collect large volumes of data from each node
without delay and reliably control all devices. For this purpose, the host software in
the proposed system is designed as a multithreaded architecture. As shown in Figure 4,
functions such as SDR device control, I/Q data reception and data processing are each
assigned to independent threads and executed in parallel. This architecture prevents
temporary delays at individual nodes from interrupting overall system operation. To
minimize data loss, the dedicated reception thread is assigned the highest OS-level priority,
which helps maintain stable streaming in multi-node environments.

Given that raw I/Q data flowing from the SDR to the host is a simple sample stream
lacking inherent metadata, parallel processing by multiple threads makes it difficult to
preserve source identity and sample ordering. To solve this data management problem,
the proposed system introduces a PDU-based communication and scheduling structure.
A PDU consists of a header and a payload. The header contains metadata such as center
frequency, bandwidth, SDR identifier and timestamp. The payload stores valid I/Q samples
passing the FPGA CA-CFAR threshold, grouped into FFT-length chunks and immediately
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encapsulated by the reception thread. A data storage thread communicates directly with
the reception thread to save data in binary, MAT, or CSV format, while metadata is stored
in separate JSONL files. For display purposes, PDUs produced by the reception thread
are loaded into a priority-queue-based memory buffer, and the scheduler sorts them by
metadata before forwarding them to the signal processing thread.

 
(a) (b) 

Figure 3. Comparison of CA-CFAR algorithm architectures: (a) conventional CA-CFAR using an
adder tree, divider and BRAM delay line; (b) proposed CA-CFAR using in-place recursive summation,
bit shift division and LUT-based shift registers.

 

Figure 4. Pipelined multithreaded architecture. Each SDR node is assigned dedicated receive, transfer,
signal processing and monitoring threads operating in parallel.

Using this data management framework, the proposed system performs spectrum
stitching to overcome the physical bandwidth limitation of a single low-cost SDR sys-
tem [30]. As shown in Figure 5, PDUs from nodes assigned to adjacent frequency bands
are sorted by metadata and aggregated into a wideband virtual spectrum map. In elec-
tronic warfare and signal collection environments in which unknown signals must be
detected without prior knowledge of the frequency band or modulation scheme, this
approach extends the monitoring bandwidth beyond the instantaneous bandwidth of a
single low-cost SDR by aggregating spectrum observations from multiple SDR nodes. The
number of SDR nodes is determined by the target monitoring bandwidth and the per-node
instantaneous bandwidth.

https://doi.org/10.3390/s26144468
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Figure 5. Conceptual diagram of spectrum stitching. Multiple SDR nodes each covering a sub-band
(Band f1 ∼ f2, f2 ∼ f3, . . .) and their detected events are frequency-aligned into a stitched wideband
spectrum at the host GPU using PDU metadata.

To perform spectrum stitching and signal processing efficiently, the PDUs sorted by
header are subjected to computationally intensive operations such as high-resolution FFT.
If a CPU alone performs this task for data from multiple nodes, the resulting computational
load limits real-time operation [25]. Therefore, the signal processing thread offloads the
input PDUs to the GPU. The GPU performs windowing, FFT, magnitude computation and
spectrum stitching through parallel real-time processing. The resulting spectrum is then
rendered directly in the GPU’s memory.

3. System Implementation
The proposed system was implemented using low-cost ADALM-Pluto SDR (Analog

Devices, Inc., Wilmington, MA, USA) units [16,17] as shown in Figure 6. This section details
the practical realization of the architecture presented in Section 2 across both the hardware
and software layers including the FPGA CA-CFAR IP, multithreaded host operation, PDU
scheduling and GPU processing pipeline.

 

Figure 6. Block diagram of the proposed system hardware and software implementation. Each
ADALM-Pluto SDR node contains an AD9363 RF transceiver and an FPGA integrated with the
proposed CA-CFAR IP. Each node connects to the host PC via USB 2.0.
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3.1. CA-CFAR Implementation

Table 2 summarizes the three CA-CFAR parameter sets evaluated at the target
Pf a = 10−4. In this table, Ref. Cell denotes the total number of reference cells, whereas
Guard Cell denotes the number of guard cells on each side of the CUT. For each set, the
threshold factor was calculated using Equation (2), where N is the total number of reference
cells. These parameters were selected based on the actual RF operating environment. The
number of reference cells used to estimate the noise power around the target signal was
fixed at a power of two (64 = 26) to enable arithmetic right-shift computation. The guard cell
length was set to 12 to reduce leakage of target signal energy into adjacent reference cells.

Table 2. CA-CFAR parameter sets evaluated at the target Pf a = 10−4.

Set Ref. Cell Guard Cell K

A 32 8 10.6727

B 64 12 9.9063

C 128 16 9.5498

To validate the hardware-efficient CA-CFAR implementation, the CA-CFAR IP was
integrated into the FPGA region of the Zynq-7010 SoC embedded in the ADALM-Pluto
SDR. Development was performed using Xilinx Vitis High-Level Synthesis (HLS) and
Vivado [31]. The CA-CFAR algorithm was synthesized into register-transfer-level (RTL)
code and packaged as a single IP core, which was then inserted into the receive data path of
the ADALM-Pluto SDR FPGA. Figure 7 shows the IP block diagram of the ADALM-Pluto
SDR FPGA region with the proposed CA-CFAR IP inserted.

Figure 7. IP block diagram of the ADALM-Pluto SDR FPGA region with the proposed CA-CFAR IP
inserted into the receive data path between the AD9363 transceiver and the USB output interface.

Table 3 compares the hardware resource utilization of the hardware-efficient CA-CFAR
IP, synthesized with Vitis HLS, against a baseline sliding-window CA-CFAR implemen-

https://doi.org/10.3390/s26144468

https://doi.org/10.3390/s26144468


Sensors 2026, 26, 4468 10 of 18

tation and the available resources of the Zynq-7010 SoC-based ADALM-Pluto SDR. As
shown in Table 3, the implemented IP is suitable for low-cost FPGA environments such as
the ADALM-Pluto SDR (Zynq-7010), where firmware for basic USB communication, filters
and interfaces already occupies more than half of the available resources. The baseline
CA-CFAR structure consumes 8 DSP blocks and 2 BRAM blocks and incurs 487 clock cycles.
By contrast, the proposed architecture uses no BRAM and only 4 DSP blocks—the scarcest
on-chip resources—and occupies 16.3% of the available LUTs and 11.6% of the available FFs.
Compared with the baseline implementation, the proposed design reduces the latency from
487 to 10 clock cycles at 100 MHz, corresponding to an approximately 49-fold reduction.
The higher LUT/FF utilization mainly results from the LUT-based shift-register delay path
and additional pipeline/control registers used for detection-flag propagation and edge-side
sample suppression. As a result, LUT usage increases from 1825 to 2861 and FF usage from
967 to 4068 compared with the baseline implementation, while BRAM usage is eliminated,
DSP usage is reduced from 8 to 4 blocks, and latency is reduced from 487 to 10 clock cycles
at 100 MHz.

Table 3. Hardware resource utilization of the proposed CA-CFAR IP vs. total resources of the
ADALM-Pluto SDR (Zynq-7010).

Latency
(Clocks) BRAM DSP FF LUT

Pluto SDR
(Total) - 60 80 35,200 17,600

Conventional
CA-CFAR 487 2 8 967 1825

Proposed
CA-CFAR 10 0 4 4068 2861

3.2. Multithreaded Operation and GPU Signal Processing Implementation

The multithreaded operation scheme is implemented in C/C++. The signal processing
thread uses the CUDA API to exchange data with the GPU. Pinned memory and asyn-
chronous transfers are employed to minimize latency caused by CPU-GPU memory copies.
Pinned memory refers to a fixed memory region that is not subject to OS page replacement;
by keeping the physical address of the data fixed during transfer, it allows the DMA con-
troller to access memory directly without intermediate buffering. In contrast, conventional
pageable memory requires the OS to copy data to an internal staging buffer before initiating
DMA transfer; pinned allocation eliminates this intermediate copy step entirely, reducing
both transfer latency and CPU involvement. Asynchronous transfer allows the CPU to
proceed immediately to the next task after issuing a GPU transfer command, without
blocking until the transfer completes. Together, these techniques reduce memory-copy
overhead and support pipelined RF monitoring.

The GPU performs windowing and FFT on input data arranged in PDU-length units
sorted by the PDU header. The maximum sampling frequency of the ADALM-Pluto SDR is
61.44 MSps, yielding a frequency resolution of

∆ f =
fs

N
=

61.44 MHz
1024

= 60 kHz (7)

where fs is the sampling frequency and N is the FFT size. After the FFT, spectrum stitching
is performed in the frequency domain. Each SDR is assigned to a non-overlapping sub-
band, and the host aggregates the detected events using PDU metadata, including the SDR
identifier, center frequency and timestamp to preserve source identity, order PDU chunks
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and place detected events on the stitched frequency axis. Within each node, the time axis
resolution Tres is determined by the reciprocal of the sampling rate:

Tres =
1
fs

=
1

61.44 MHz
≈ 16.276 ns (8)

The resulting sample interval is 16.276 ns at 61.44 MSps. This value repre-
sents the temporal granularity for localizing events within each node’s PDU stream.
Equations (7) and (8) together define the frequency-bin spacing and per-node sample inter-
val used by the PDU-level wideband monitoring pipeline.

4. Experimental Results and Discussion
4.1. Testbed and Experimental Setup

Figure 8 shows the block diagram of the experimental setup. The hardware-efficient
CA-CFAR IP deployed in the FPGA was first verified to accurately identify and output
only valid RF signal intervals while suppressing noise-only intervals. Experiments were
conducted by transmitting linear frequency-modulated (LFM) pulse signals from a signal
generator and receiving them with a self-built hardware testbed using five ADALM-Pluto
SDR units.

Figure 8. Block diagram of the experimental setup, showing signal flow and system components.

4.2. Wideband Coverage and Data Reduction

Figure 9 shows that events with different center frequencies, bandwidths, pulse widths,
and received power levels are detected and placed in their corresponding sub-bands within
the 100 MHz stitched view. The five ADALM-Pluto SDR nodes were configured with center
frequencies spanning the C-band from 5.725 GHz to 5.825 GHz—a band predominantly
occupied by drone control and video transmission signals. Each node covered 20 MHz,
providing a combined coverage of 100 MHz. To evaluate signal-selective forwarding by the
proposed system, five pulses with arbitrary pulse widths, bandwidths, center frequencies
and power levels sufficiently above the detection threshold were transmitted.

The experimental results show that, after passing through the CA-CFAR IP, signal
output was activated only during pulse intervals whose energy exceeded the detection
threshold, while samples from noise-only intervals were suppressed at the SDR stage. For
each detected event, pulse descriptor words (PDWs)—including arrival time and pulse
width—are accessible through the internal PDU metadata.

To characterize the duty-cycle dependence of the SDR-side data reduction, the signal
duty cycle was set to 5%, 10%, 20%, 30%, and 50%. The sampling rate, pulse repetition
interval (PRI), received signal power, CA-CFAR configuration, and recording duration
were kept constant across all conditions. The sampling rate was set to 20 MSps; the PRI was
100 µs; and the corresponding pulse widths were 5, 10, 20, 30, and 50 µs. Each recording
was performed for one second using the FPGA-implemented Set B configuration. For each
duty-cycle condition, the edge-reduced data volume received at the host was recorded.
At 20 MSps with 16-bit I and 16-bit Q samples, the calculated raw-transfer rate is
80.00 MB/s. The edge-transfer rate was calculated from the data volume received at
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the host and the acquisition duration, and the data-reduction ratio was also calculated
relative to the 80.00 MB/s raw-transfer baseline.

Figure 9. Real-time wideband spectrogram of the proposed system covering 100 MHz (5.725–5.825 GHz)
using five ADALM-Pluto SDR nodes. Only detected pulses are displayed; noise-only intervals are
discarded by the edge CA-CFAR IP.

As shown in Figure 10, the required edge-transfer rates were 5.39, 9.26, 16.93, 24.65,
and 39.99 MB/s at duty cycles of 5%, 10%, 20%, 30%, and 50%, respectively. These
values correspond to data-reduction ratios of 93.27%, 88.43%, 78.84%, 69.19%, and 50.02%,
respectively. As the signal occupancy increased, longer signal-present intervals had to be
retained and transferred to the host, resulting in a higher edge-transfer rate and a lower
data-reduction ratio. The edge-transfer rate remained below the practical USB 2.0 limit
at duty cycles up to 30% and approached the approximately 40 MB/s limit at a 50% duty
cycle. In contrast, the calculated raw-transfer requirement of 80.00 MB/s exceeded this
practical limit under all evaluated conditions. Each condition was repeated three times,
and the reported values represent the means of the repeated measurements.

Figure 10. Calculated raw-transfer requirement and measured edge CA-CFAR transfer rate per SDR
as a function of signal duty cycle. The raw-transfer requirement is fixed by the 20 MSps sampling
configuration, whereas the measured edge-transfer rate increases with the signal-present interval.
The dashed horizontal line indicates the practical USB 2.0 reference limit of approximately 40 MB/s.
All conditions use the FPGA-implemented Set B configuration.
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4.3. CA-CFAR Detection Performance

CA-CFAR detection performance was characterized by measuring detection prob-
ability as a function of received signal power. The experiment was conducted at room
temperature using a signal generator connected via an SMA coaxial cable. The input
signal was configured as a pulse train with a pulse repetition interval (PRI) of 100 µs and
a duty cycle of 10% (pulse width of 10 µs), and detection performance was measured
while the signal power was varied. The FFT size was set to 1024 for signal processing,
and the average noise floor was measured to be −96 dBm. As shown in Figure 11, the
detection probability increases gradually with received power, reaching approximately 50%
at −86.1 dBm. For signal power above −83.16 dBm, the detection probability first exceeds
95%, achieving Pd = 96.26%, and approaches 99% above −82.4 dBm. Under the tested
condition, the minimum detectable SNR was approximately 13 dB.

Figure 11. Measured probability of detection (Pd) versus input power level. At a noise floor of
−96 dBm, Pd first exceeds 95% (Pd = 96.26%) at −83.16 dBm, indicating a minimum detectable SNR
of approximately 13 dB.

The detection–false alarm trade-off of the proposed CA-CFAR detector was charac-
terized over the evaluated threshold range using receiver operating characteristic (ROC)
curves generated by Monte Carlo simulation. The simulation replicates the exact fixed-
point integer pipeline of the FPGA IP core: 16-bit signed I/Q samples, power metric I2 + Q2

implementation using four DSP blocks, accumulation over Ntotal = 64 reference cells with
exact division by a 6-bit right-shift and Q8 threshold multiplication (Knum = 2536, ≫ 8).
Each ROC curve is traced by sweeping the threshold factor K over a logarithmic grid and
recording the empirical Pf a and Pd from M = 108 independent trials per operating point,
ensuring a statistical resolution of approximately 1 × 10−8 in Pf a.

The threshold factor K = 9.9063 implemented in the hardware was derived from the
standard CA-CFAR false alarm formula Pf a = (1 + K/N)−N with N = 64 and Pf a ≈ 10−4.
While the theoretical formula assumes continuous precision, the hardware-exact simulation
identifies that K f p = 9.9063 yields an empirical Pf a of 1.24 × 10−4. A slightly higher
calibrated constant, Kemp = 10.15, is found to achieve Pf a = 10−4 precisely. The small
deviation in the empirical Pf a (1.24 × 10−4 vs. 10−4) arises from fixed-point quantization
of the Q8 multiplier and is well within the acceptable false alarm tolerance of the system.
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Figure 12 compares the three parameter sets at SNR = 13 dB. At their respective
Q8 design thresholds, Sets A, B, and C achieve Pd values of 0.9531, 0.9715, and 0.9781,
respectively, while their empirical Pf a values remain close to the target of 10−4.

Figure 12. Fixed-point Monte Carlo CA-CFAR results using 108 trials per point and target Pf a = 10−4;
parameter set ROC curves at SNR ≈ 13 dB (−83.16 dBm; noise floor −96 dBm) for Set A, B, and C.
The markers indicate each set’s Q8 design threshold.

The ROC curves in Figure 12 also explain the transition observed near the minimum
detectable SNR. At the design threshold, increasing the SNR from 11 dB to 13 dB raises Pd

from approximately 0.75 to 0.97. This transition is consistent with the measured detection
onset above −83.16 dBm in Figure 11. Among these configurations, Set B was used for the
FPGA implementation and subsequent RF experiments.

4.4. GPU Acceleration and Real-Time Latency

After validating the FPGA CA-CFAR stage, we evaluated the processing latency of the
proposed GPU-accelerated processing pipeline and the system-level latency from signal
acquisition to display-buffer preparation. Since the proposed multi-SDR-based distributed
RF surveillance system must process wideband spectrum data collected from multiple
nodes in real time, minimizing the system-level latency is an important system metric. The
computational latency of CPU-only processing was compared with that of the proposed
GPU-accelerated pipeline. Memory copies between the CPU and GPU were performed
using pinned memory and asynchronous transfers.

Figure 13 shows processing latency as a function of the number of 1024-point PDUs,
representing the cumulative received data volume from multiple nodes. The comparison is
specific to the tested implementations, workload, and hardware configuration, and the host
PC was equipped with an Intel i7-12700, 16 GB of RAM and an NVIDIA GeForce RTX 3050
GPU. Performance evaluation was conducted on the actual hardware pipeline, including
windowing, 1024-point FFT, magnitude computation and display-buffer preparation. GPU
pre-warmup was performed before timing to exclude first-run overhead.
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Figure 13. CPU and GPU (pinned + asynchronous transfer) processing times as a function of
the number of 1024-point PDUs. At larger PDU counts, the tested GPU pipeline achieved a 4.5×
to 6.0× processing-time reduction relative to the tested CPU implementation.

For the smallest evaluated workload of 1000 PDUs, GPU execution was dominated by
host–device memory-transfer overhead. At 100,000 PDUs, however, the GPU-accelerated
pipeline achieved a 4.5× to 6.0× latency reduction because the larger workload amortized
this transfer overhead. The performance gain at large PDU counts comes mainly from
reducing data movement and keeping windowing, FFT, magnitude computation, and
display preparation in GPU memory.

Real-time processing is important for RF signal detection systems, and system-level
latency is a key performance indicator. In this work, latency was characterized as the steady-
state time required to process a single 1024-sample PDU from SDR sample acquisition
to GPU-side display-buffer preparation. Latency analysis was performed by separating
hardware-imposed constraints from software computation time. The experiment was
conducted in 1024-sample units with both PDU size and FFT size set to 1024. At a sampling
rate of 20 MSps, the calculated buffer-filling time was 51.2 µs. The USB transfer contribution
was set to 125 µs based on the high-speed micro-frame cadence observed in the device-to-
host transfer log.

The measurement assumed that only the proposed system was running on the host PC,
reducing the influence of nondeterministic OS scheduling overhead. The receiver and GPU
were initialized before measurement, and the GPU pipeline was warmed up to complete
CUDA initialization, FFT setup, and memory allocation. Five measurement runs were
performed, with 1000 iterations per run. The GPU signal processing and display-buffer
preparation components were profiled separately using CUDA timing events. The timed
pipeline included host-to-device transfer, windowing, FFT, magnitude calculation, display-
buffer preparation, and CUDA stream synchronization. The reported value represents
steady-state processing after receiver initialization. The calculated buffer-filling time and
the fixed USB micro-frame interval were added separately to the measured GPU pipeline
time. The result is summarized in Table 4.
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Table 4. Steady-state latency from signal acquisition to display-buffer preparation for a single
1024-sample PDU.

Stage Component Duration (ms)

Data acquisition Analog buffer filling 0.051
Data transfer USB micro-frame transfer interval 0.125

GPU data transfer Host-to-device transfer 0.071
Signal processing GPU signal processing 0.080

Display preparation Display-buffer preparation 0.026
Software overhead CUDA dispatch and synchronization 0.022

Total Total steady-state latency 0.376

Across the 5000 measurements, the latency from signal acquisition to display-buffer
preparation had a mean of 0.376 ms and a standard deviation of 0.060 ms. The median and
95th-percentile latencies were 0.355 and 0.533 ms, respectively, while the 99th percentile
was 0.607 ms. The maximum observed latency was 0.822 ms, and all measured values
remained below 1 ms under the tested latency model. The median latency of the five runs
ranged from 0.351 to 0.362 ms. The coefficient of variation among the run-level medians
was 1.573%, showing limited variation between repeated runs.

5. Conclusions
This paper proposed a bandwidth-efficient real-time wideband RF spectrum sensing

system based on multiple low-cost SDRs and FPGA-GPU heterogeneous acceleration,
with performance experimentally verified on a custom hardware testbed. The two main
contributions of this work can be summarized as follows.

First, a hardware-efficient CA-CFAR IP was implemented on the FPGA of low-cost
SDRs in order to perform edge-side selective data reduction, achieving 88% reduction in
transmitted data volume in a 10% duty-cycle environment and reducing host-interface
bandwidth demand.

Second, five tuned low-cost SDRs were operated in parallel, and their detected events
were combined using PDU metadata including SDR identifier, center frequency, bandwidth,
and timestamp, achieving 100 MHz wideband detection coverage in the 5.8 GHz C-band.

In the system-level evaluation, the PDU-based GPU pipeline achieved a 4.5× to 6.0×
processing-time reduction relative to the tested CPU baseline and a latency of 376 µs from
signal acquisition to display-buffer preparation.

In the CA-CFAR detection performance evaluation, the measured probability of detec-
tion exceeded 95% at −83.16 dBm received power, with Pd = 96.26%, corresponding to a
minimum detectable SNR of approximately 13 dB. These results indicate that the proposed
architecture can support real-time wideband RF monitoring under the evaluated low-cost
multi-SDR configuration. Future work will focus on integrating RF signal processing with
an FPGA-based deep learning inference engine on the RFSoC platform to extend the system
into an intelligent real-time signal processor with pulse parameter estimation and signal
classification capabilities.
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