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Abstract

Dynamic Spectrum Sharing (DSS) is essential for optimizing spec-
trum utilization in modern wireless systems, but it requires high
analog-to-digital converter (ADC) sampling rates, leading to in-
creased costs and power consumption. Existing sub-Nyquist sam-
pling techniques partially address these issues but struggle with
dense spectrum adaptability, real-time performance, and efficiency.
This paper presents RippleSense, a scalable and efficient wideband
spectrum sensing approach capable of capturing GHz of densely
occupied spectrum at sub-Nyquist ADC sampling rates. A novel
sub-Nyquist sampling method is introduced by injecting distinct
signatures into observed signals over different Nyquist zones be-
fore sampling, allowing programmatically reconstructing the full
spectrum even after the Nyquist zones are folded to baseband due
to inadequate ADC sampling rates. To showcase the scalability of
this approach, a high-performance, multi-GHz spectrum sensing
platform is implemented together with a highly parallelizable recon-
struction algorithm that can process the data stream in real-time.
Experimental evaluation has shown that the proposed approach
supports operating configurations with signal-to-noise ratios as
low as —10 dB and time resolutions down to 10 ns, enabling the
capture of single radar pulses across bandwidths of up to 10 GHz
using our prototype.
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Figure 1: Dynamic spectrum sharing using sub-Nyquist sam-
pling (Fs=sampling rate) by injecting a distinct, per-Nyquist
zone signature, in combination with an efficient signature
detection and reconstruction signal processing algorithm.

1 Introduction

The scarcity of RF spectrum resources has become a major limita-
tion for advancing new technologies of wireless communication.
Dynamic Spectrum Sharing (DSS) has emerged as a key solution, en-
abling real-time detection and utilization of underutilized spectrum
bands, thereby enhancing the flexibility and efficiency of modern
communication systems. This technology has been successfully ap-
plied in various scenarios, such as supporting IEEE 802.22 and IEEE
802.11af standards in TV White Spaces [6] to provide broadband
access to rural areas, facilitating LTE and 5G network expansion
through the tiered sharing model of the 3.5 GHz Citizens Broadband
Radio Service (CBRS) [7], and reducing interference in the 6 GHz
band for Wi-Fi 6E [8] with Automated Frequency Coordination
(AFC). Additionally, DSS has demonstrated its versatility in appli-
cations like smart grid communications (e.g., IEEE 802.15.4g), and
drone networks. However, implementing efficient DSS requires un-
licensed devices to perform real-time wideband spectrum sensing
across a broad frequency range to identify and utilize temporarily
unoccupied channels. This capability demands high-speed ADCs
capable of sampling at the Nyquist rate, which poses significant
technical and cost barriers.

To better understand this problem, we conducted a large-scale
survey of 9134 ADCs!, analyzing the trade-offs between sampling
rate, power dissipation, price, and power efficiency (Figure 2). By
applying a linear regression model (95% CI, 1000x bootstrapped), we
found that power dissipation and price are strongly correlated with

The data source is the Mouser Electronics online inventory.
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digital post-processing recovers the origin zones of the signal by
detecting the distinct ripple frequencies.

With the above idea, we provided a hardware/software system
co-design that achieves real-time spectrum sensing, covering up to
10 GHz bandwidth. To ensure the system's practicality, our design
provided particular optimization on the following two aspects:

Computational e ciency: The system integrates an e cient

spectrogram reconstruction algorithm, which is further op-
Figure 2: Large-scale survey (9134 ADCs) on sampling rate timized for speci ¢ spectral characteristics, reducing compu-

5, power dissipation, price and power e ciency. tational overhead and ensuring real-time operation.

Scalability: The system accommodates devices with varying

processing capabilities - from the implementation on FPGA

devices with GHz sampling rates to outlining the application
the sampling rate for a given resolution class (Figure 2A). Further- on low-power devices with tens of kHz sampling rates.

more, more energy-e cientchip_s tend to be more expensivg (Figure RippleSense is prototyped with RESoCASa ] supportind 5 GSPS
2B). The results reveal that_hlgher sampling rf':lte_s af‘d increased saFr)r?pIing and 1% GB/);pdata rate. A parali{izez?GPL?—acceIerated
resolution generally lead to increased power dissipation and cost, y : lqorithm delivers 13 GSPS baseband performance
highlighting the di culties in achieving optimal performance for post processing algon . b
DSS applications. for real-t!me processing. Experlmental results show that the system

Researchers have attempted to perform wideband spectrum sens-cafm achieve a time resolution of 10 nanqseconds accross a pand-
ing without adhering to the Nyquist rate?, 5, 10 13 15 17, 20, 27, glcétgrzf#r;;?‘slig GcHaZ;tTil?tii); sub-sampling, demonstrating high
28 31, 36 47 to mitigate this issue. However, the existing methods pln summary Rgi,ppIgSense éntails these contributions:
face limitations that hinder their practical adoption: (1) Inadequate ' . ] o
adaptation to dense spectrums: Many solutions struggle to oper- An approach of injecting voltage ripples as signatures to
ate e ectively in densely occupied spectrum environments. For di erentiate signals from di erent Nyquist zones, allowing
instance, sparse Fourier transform algorithn[ 13 41] and mod- scalable and e cient sub-Nyquist sampling recovering wide-
ulated wideband converter (MWC)-based subsamplidg pssume band and dense spectrum occupancy. o
sparsely occupied frequency bands (occupancy rates capped at 5% A high-performance end-to-end work ow for optimized pro-
to 10%). Even deep learning-based approacksoperate only cessing e ciency and performance scalability, supporting a
up to 0.60 the Landau rate. However, this assumption often does wide range of bandwidth requirements and hardware con-
not hold in real-world scenarios]7, especially for DSS use cases. gurations. .
(2) Lack of real-time sensing capabilities: Sequential spectrum scan- An open-sourced hardware and software co-desigapa-

ble of real-time spectrum sensing across 10 GHz of band-

ning [12 29 and narrowband monitoring approache$[34 fail to _ ’ X . )
achieve continuous real-time sensing across all frequency bands. width, with comprehensive experiments analyzing trade-0 s
in sampling rate and temporal-frequency resolution.

This limitation can result in missed detection of rapidly changing
signals, such as radar waveforms, and introduce signal distortion . L
due to fast scanning processes. (3) High power consumption: Many2 Theory and Working Principle

solutions require custom hardware designs that result in power In this section, we rst provide a primer on the sampling properties
consumption comparable to that of ADCs operating at the Nyquist of sub-Nyquist sampling, including aliasing and baseband folding.
sampling rate P, 17, 31]. This high power demand makes such  Then, we present the key observation that underpins the system's
methods unsuitable for low-power or large-scale deployments. (4) core signal processing methodology.

High production cost: MEMS lter-based spectrum sensing methods primer on Aliasing and Nyquist Folding.

[11 15 are not 0r_1|y challenging to mapufacture bu? aIsp costly due When sinusoidal functions are sampled at a frequerigythe
to process variations andthe complexny of customization, therefore resulting samples can t multiple sinusoids of di erent frequencies.
less viable for widespread adoption. Sinusoids given bgin12c15 | #5x°Cowhere# is an integer, yield

~ Inthis paper, we present RippleSense, a novel approz?ch leveragigentical sets of samples, leading to a frequency spectrum with
ing Nyquist sub-sampling theory and frequency spectrum’s natural  gqajly strong responses at all these frequencies. This ambiguity
folding property to achieve real-time wideband spectrum sensing i akes these frequencies aliases of each other (Figure 4A). Alias
with a single conventional low-speed ADC. At its core, RippleSense frequencies can be expressed as positive valGess © = j5 | # ;.
invents a novel approach named Signature Ripple Injection, which pq 5 increases, the alias; 15 °decreases, meeting &t = 5.’2’ the
annotates the input signals of di erent frequency bands at the  nyquist frequency (Figure 4B). The concept of folding is illustrated
radio front—lend so that the fglded freqqency spectrum can be recon- py the symmetry in the frequency spectrum around the Nyquist
structed with post-processing as depicted in Figure 1. Speci cally, frequency (Figure 4C/D). Adjusting the frequency and amplitude of
the input signal is band-pass Itered to isolate each Nyquist zone, ¢ sinysoid within a certain range shows this symmetry between 0

which is then labelled using a distinct sinusoidal voltage ripple (i.e., and %, known as folding. Based on the understanding of aliasing and
the signature ripple) produced by a modi ed gain stage control

circuit. The signal is then combined and folded to baseband, where 2https://github.com/andreaskuster/RippleSense
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Figure 3: Forward transmission (S21) characterization of xed-voltage RF ampli ers and their voltage-dependent gain and

phase from 0.25-6 GHz.

Figure 4: Nyquist sampling, aliasing and folding.

Nyquist folding theories, this paper proposes an innovative system
design that can recover the original frequencies of all signals from
the folded spectrum, thereby enabling full-band spectrum sensing.

Key Observation. The working principle of RippleSense is based

Figure 6: Supply voltage Rippler - physical setup with the
custom PCB (tunable o set and amplitude) and oscilloscope
analysis.

Figure 5 depicts the overall processing ow of the system, which
is explained in this section.

Injection. After receiving the input signal (Figure 5A, one or
multiple separate antennas) and Itering it via bandpass Iters to
separate each Nyquist zone's signals (Figure 5B), distinct signatures
are inserted for distinguishability during reconstruction. Speci -

on a key observation: When a controllable time-varying change is Cally; the signature is provided by a "Rippler” device, which supplies

applied to the input voltage of the RF front-end ampli er, this time-

each gain ampli er with a xed but con gurable sinusoidal ripple

varying characteristic is preserved and re ected in the received signagenerated by a programmable waveform generator (AD9833). Due

Speci cally, by adding a voltage ripple of a prede ned frequency
to the power supply of each xed-gain ampli er, it modulates an
amplitude modulation-like signal of that frequency on the incoming
signal. Figure 3 demonstrates the variation of signal voltage and
phase after passing through an ampli er supplied with variable

to its limited voltage range and output power, we designed a cus-
tom PCB (Figure 6) that adds a con gurable DC o set and ripple
signal amplitude, followed by a BJT driver (2N2222A) to match
the power demand of the gain ampli er. To reduce false positives
during reconstruction, we spaced the signature ripple frequencies

voltage. Our characterization shows that all devices under test have €Venly over the temporal FFT spectrum (Alg.4:L4) keeping a gap

a clear positive voltage/gain correlation and minimal phase shift.
Note that while simple single transistor or opamp designs show
a direct relation between supply voltage and gain, modern xed-
voltage gain ampli ers (as we used in the experiment), although
more complex, still preserve the same positive correlation, even
under signal saturation and temperature drif#,[26. This obser-
vation motivates the idea of injecting distinct signatures (i.e., the
ripples) into the signals of each Nyquist zone before sampling at
the lower baseband rate, so that we can preserve the information to
identify the signal's origin after digitization without the necessity
of complex additional hardware.

3 System Overview

from DC and from-£ to prevent degradation due to DC o set re-

moval respectively aliasing (Figure 15e). A sine wave as signature

waveform was chosen for its e cient detection using FFT.
Mathematically we have

BiC®=, <g!C° c0s!266° (1)

whereB1Ci5 the modulated signak g'Cds our i-th distinct sinu-
soidal ripple signature induced via a voltage ripple on the gain
ampli er supply voltage.5 is the carrier signal frequency and,

is the carrier amplitude.

Detection and Reconstruction. The ripple detection and recon-
struction algorithm is software-based and occurs after digitizing
the analog signal. At this stage, signals from all higher Nyquist

Based on the key observation, we conduct a system design to re- zones are combined (Figure 5D) in the baseband zone (Figure 5E),

cover the original frequencies of full band signals from the folded
spectrum.

each with a distinct varying-gain-over-time signature, which ap-
pears over the time axis in each column. Computing the FFT of
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Figure 5: End-to-end hardware and software co-design from signal reception, splitting into the Nyquist zones, signature

injection, and combination of the signal and sampling, followed by t

Figure 7: lllustration of the trade-o between temporal and
spectral resolution in spectrum analysis.

the column extracts the frequency components present over time
(Figure 5F). If there is a signal in the i-th Nyquist zone, it folds down
to the baseband with the i-th ripple signatureg!C°present in the
temporal FFT. Mathematically:
0
11:Ce =
8

g <g'C° cos'2gfC° (2

wherel111C¥%s the folded baseband signal afd is the baseband
alias of the higher Nyquist zones' carrier frequencies. If the i-th
Nyquist zone has no active signalgis zero, andk g!C9s absent

in 111C{Figure 5F). Using this information, we copy the column
into all Nyquist zones with their signature present in the temporal
FFT overl11Cfreconstructing the entire spectrum (Figure 5G). The
detailed reconstruction algorithm is presented in Section 4.

4 Spectrogram Reconstruction Algorithm

Post-processing is crucial for reconstructing the compressed, basebal
folded spectrum to its original form. This section examines each
step and evaluates the overall performance.

Waterfall. The rst step in the post-processing routine is to create

a frequency spectrogram, or waterfall plot, of the incoming samples
(Figure 5E). In practice, the data size must be limited to a nite

duration to compute the discrete FFT. Choosing an optimal FFT
window size is crucial as it in uences the quality of the result.

he reconstruction algorithm.

Algorithm 1: Spectrogram Reconstruction

1 Input: Input samples- , num Nyquist zones:, spectral FFT
size tsize, ripple freq to Nyquist zone mapping <0?
{(5A4@>=4)};

2 Output: Reconstructed spectrogram/;

3 Y waterfall(X, tsize);

4 Z zeros(Y.shape[O] * n, Y.shape[1]);

5 for col_id, col 2 enumerate(Y.cols) do

6 temporal_t FFT(col);

for zone, freq 2 map do
if temporal_ t contains freq then

if I>=4 mod 2 == 0 then /* even case */
\ Z[(zone+1)*Y.shape[0] - col_id] col;
else /* odd case */
\ Z[zone*Y.shape[0] + col_id] col;

7

8

9
10
11
12

As illustrated in Figure 7, a longer FFT processing window (i.e.,
a larger slice) in Scenario #1 enables derivation of a more ne-
grained frequency spectrum, resulting in higher spectral resolution.
However, the extended processing window may obscure rapid time
variations, thereby reducing temporal resolution. In contrast, a
shorter FFT processing window in Scenario #2 allows for more
slices to be stacked, enhancing time resolution at the cost of lower
frequency resolution.

This tradeo could be overcome by using a sliding-window FFT;
however, it would increase compute cost (e.g., an FFT window of
2048, single-element sliding-window utilizes 20480 more compute
and memory) making it less energy-e cient and less scalable for
high-speed ADCs and real-time use.

Reconstruction. The gain ampli er's source voltage ripple signa-
rfﬂfes are sine waves, detected using FFT in the time axis (temporal
FFT). The waterfall plot from the previous step is used, and FFT
is applied to each column, revealing the frequency components in
that speci ¢ frequency bin over time. If an RF signal input is present
in the i-th Nyquist zone, it leaves a trace of the ripple frequency
and can be detected. Unlike the previous step, we do not apply a
window function. The time resolution trace is potentially short, and
losing information is detrimental. As our main interest is detecting
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Figure 8: Algorithm performance on CPU and GPU.

pre-speci ed signature frequencies, spurious signals have limited
implications. Even if signals from multiple zones perfectly fold

SenSys '26, May 11 14, 2026, Saint Malo, France

Figure 9: Performance optimization approaches.

scalable, and depends linearly on the batch processing size, which
is important for parallel processors (multi-core and GPU). The lim-
iting factor on GPU is not computation, given a large enough batch,
but the PCle 4.0 x16 bus with its theoretical 31.5GB/s bandwidth,

onto each other in the sub-sampled spectrogram, we can recover \here our 10GB/s data stream comes close. For that reason our

all of them as long as the signatures do not alias each other, as
shown in Section 6. Similarly, although perfect signal cancellation
in baseband is theoretically possible, it is highly unlikely due to
non-ideal responses from the antenna, ADC, and gain ampli er,
plus our injected ripple. The maximum number of these overlaps
determines the maximum Nyquist sub-sampling. With the ripple
presence or absence information, we can reconstruct the entire
spectrum by copying the columns into their original Nyquist zones
(Figure 5G). Algorithm 1 provides an overview of these steps.

Computational E ciency. Applications such as spectrum shar-

ing require real-time signal processing, which is a core design goal.
We evaluate the runtime complexity, and computational e ciency
of our algorithm and its scaling from single-core to multi-core
and GPU acceleration. The primary compute workload arises from
the FFT operations of the spectrogram ripple detection and data
copy/transfer. While highly optimized FFT libraries exist, we de-
sign and optimize each algorithm step to exploit parallelism and
vectorization for maximum performance. Given N samples and
an FFT window size W, the waterfall plot (Alg.1:L1) requirés
FFTs of length W, resulting in a complexity & *$2, log, °
$1#° . The FFTs in the time dimension (Alg.1:L4) involve W rows
of length £, resulting in $2# log #°, giving a total complexity of
$1# log #° . While theoretical runtime is important, practical im-
plementation and optimization for real-time processing are required
for an in-depth evaluation. Figure 8 shows the sample throughput
of our implementation on our hardware platforfnfor di erent
window sizes. The dashed lines indicate the minimum processing
requirement for real-time sensing of 160 MHz (WiFi bandwidth)
and 10 GHz spectrum bandwidth (our prototype system). With a

18.7x speedup on a 16-core/24-thread system, we achieve near-idealC

parallelism on the CPU, further improved by a 270x speedup from

GPU implementation makes use of large batches, to reduce data
transfer overhead.

Single Line vs Bins vs Divide-and-Conquer. The presented
algorithm is e cient and highly parallelizable, achieving 13 GSPS
and delivering real-time performance on a single commodity GPU.
However, speci ¢ optimizations can further increase throughput

or reduce energy consumption and hardware demand (Figure 9).
For many use cases, identifying the presence or absence of sig-
nals in ranges (e.g., 20, 40, 80, or 160 MHz wide Wi-Fi channels)
is su cient. After creating the initial spectrogram, we can sum
the column values over the desired frequency bins and then apply
the ripple detection and reconstruction algorithm to save computa-
tional resources (Table 1). Alternatively, we sample a few columns
to derive the origin zone or sub-sample the input. For sparse spec-

Task Single Binning Divide & Conquer
Waterfall | & FFTZ,© Z FFTL 0 Z FFTL 0

Col Comb. | (W-B)SUM®-© | |og?(°SUM? #0
Temp. FFT| , FFT: #.0 FFT1£0 ( log*(°FFT1 40

Table 1: Operation counts. #: samples,, : window size,
binning factor, (: number of signals in baseband.

tra, a divide-and-conquer algorithm reduces computations. The
spectrogram is split into two partitions, and the ripple detection
algorithm is applied over the summed partitions. If at most one
signature is present, the signal block's origin is determined, and
the process terminates. If multiple signatures are present, the zone
is further divided. Table 1 shows the operations comparison where
sum is O(n) and FFT O(n*log(n)). The remainder of this paper fo-
uses on the single-column variant, as it makes no assumptions
about channel structure or signal sparsity.

single-core to GPU. With over 13 GSPS of GPU processing capacity,

our implementation supports real-time processing even at peak
sampling rates of the current ADC technology. Our single-core
CPU implementation can process up to 48 MSPS, while the multi-

core version achieves up to 904 MSPS. Memory requirements is

5 Scalability

This section focuses on the scalability optimizations of RippleSense,
showcasing its ability to adapt to diverse performance and e ciency
requirements. The section contains two parts. First, we discuss

3Intel Core i9-12900KF processor, 64 GB DDR5-6000 memory (4x16 GB), Zotac GeForcd€ System’s capability to handle large volumes of data at GHz
RTX 3090 Ti, Python 3.10.12, Numpy 1.24.2, Pytorch 2.0.0+cul117, Cuda Toolkit 11.7 bandwidths, enabling high-performance scaling. Second, we outline
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analog bandwidth and the components used. The evaluation sec-
tion will go a step further and discuss the theoretical scaling limits
(Table 2).

Antenna. As indicated in light grey in Figure 5A, the antenna
choice is exible. To save physical space and cost, a single antenna
can be used, but in our case, with the goal of sensing from DC to
10 GHz, to the best of our knowledge, no economically a ordable
antenna with a reasonable gain over the whole bandwidth exists.
As the architecture allows the use of multiple antennas, we omit
the signal divider and use a dedicated wide-band antenna for each
Nyquist zoné. While this setup is not optimized for HF and VHF
frequencies, multiple HF/VHF narrow-bandwidth antennas could
be added to pick up the lower RF signals.

Filter, Gain Ampli er, RF Combiner. The high-performance
front end is tuned to 5 GSPS, covering Nyquist zones with bound-
(a) End-to-end RFSoC4x2 RippleSense prototype. aries multiple of 2.5 GHz, which we Iter using a combination of
low-pass and high-pass ltefs For signal ampli cation and signa-
ture injection stagé, the criterion is to cover the required frequency
range, in addition to low noise and high gain. Depending on the
choice of the operational ampli er, it is advisable to remove any
energy bu ering elements, such as external capacitors or inductors,
from the voltage source, to allow the ripple signal to propagate e -
ciently to the gain response. We chose a resistive power combiner
due to its wide bandwidth down to DC. Figure 10a presents the
end-to-end physical setup.

Signal Acquisition. The Xilinx RFSoC4x2 board39 serves as the
core component for GHz RF spectrum sampling, featuring two 9.85
GSPS transmitters, four 5 GSPS receivers, a recon gurable FPGA,
and four ARM Cortex-A53 processors. Two main challenges are
addressed. First, RippleSense must meet hard real-time constraints
for capturing, forwarding, processing, and storing samples to avoid
Figure 10: High-performance RF design enabling data pro- data loss. Second, the RFSoC+ architect@@ ¢ ers exibility
cessing and storage at a sampling rate of 5 GSPS. but poses challenges due to the complex direct sampling frontend,
lengthy re-synthesis, missing IP features and limited FPGA debug
capabilities. The data converter block is increased to the maximum
strategies for energy and cost e ciency, facilitating e cient down- ~ Sampling rate of 5 GSPS, requiring clock tree and PLL recon gura-

scaling. Together, these approaches provide a versatile design spacetion and aligning data clock and bus widths to support the required
in terms of front-end design, computational power, and sampling bandwidth. A dedicated AXI Stream path with 10 GB/s bandwidth

rate, allowing the system to be tailored to speci ¢ application needs. IS created from the ADC to the DRAM controller. A separate DMA

Additionally, we explain how RippleSense can be integrated with controller transfers data from Programmable Logic (PL) memory

compatible software-de ned radios (SDRs) for rapid development. {0 Processing System (PS) memory or SSD for post-processing. See
Figure 10b for a system overview. Despite RFSoC's 5 GSPS ADC
. capability, the default Xilinx AXI DMA IP block3§ supports only

5.1 Scaling Up up to 2% bytes (64 MB) transfers, corresponding to a capture time
Applications that employ high-speed sampling FPGA devices for of only 6.4 milliseconds at line rate, severely limiting real-time op-
wideband spectrum analysis require the system to be capable of eration. Therefore, we implemented a custom AXI-Stream-to-AX|
scaling up. In this case, the main challenge is managing the large pMA block including a software driver from scratch for line-rate
data volume generated by data converter frontends, which may pro- capture and storage (in DRAM), which is available on Gitdub

duce a continuous data streams of several gigabytes per second. For

example, the RFSoC4x2 board uses a 14-bit/ 5 GSPS data converteiNyquist Zone 2-4: DEEPACE UWB-1P 2.4 GHz - 7 G#jizZone 1: Non-Branded
frontend which produces a continuous 10 GB/s data stream. This JWB antenna tuned for 800 MHz - 6 GHz .
rate exceeds the write capabilities of most SSDs and approachesvtzgjé%gi ZV',XE_FS'SESE,*;_iéﬁ?ﬁ'iﬁ'é?;ﬁbﬁ'soom and VHF-2275+, SGHz-7.5GHz
the 100 Gbit/s network interface limit. The actual scaling limitation,  8DC-2.5GHz: Generic 0.1-4000 MHz 20 dB Ampli er, 2.5GHz-5GHz: Generic 5-6000
limiting our prototype to 4x sub-sampling and 10Ghz spectrum, "C"i'r"czuif(z’?(%oA_i“giLﬁlr_vsiGHZ'7-5GHZ: Mini-Circuit ZX60-83LN-5+, 7.5GHz+: Mini-
however, is not data transport or signal processing but the con- 7yini_circuits ZFRSC-4-842-S+

straints of the FPGA device. Speci cally the PCB substrate, ADC 8https://github.com/andreaskuster/RippleSense

(b) Functional overview of the FPGA design.
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Figure 11: An alternative low-power, low-cost, and lower-
performance RF frontend of RippleSense.

This high-performance design has a peak power consumption of

SenSys '26, May 11 14, 2026, Saint Malo, France

Figure 12: SDR-internal rx chain for RippleSense adoption.
RX ANT input can be connected to the frontend in Figure 5
A-D.

250W: 5W front end, 40W RFS0C4x2, 80W CPU/System, and 120wdelay and count, while the RC oscillator frequency is determined by

GPU (average, under load). However, this represents the maximum
power pro le for our most demanding DC-10GHz sensing applica-
tion; the system is designed to scale down to milliwatt levels for
narrower bandwidth applications, as detailed in the next section.

5.2 Scaling Down

While we previously demonstrated that RippleSense can capture
and process two-digit GHz of spectrum in real-time, an advantage
is its parameter tradeo capability and adaptability to di erent
scenarios and applications. In this section, we outline what scaling
down to the low-power wide area network (LPWAN) setting could
look like. This paper, however, sets the primary focus on the large-
scale prototype in order to be comparable to related works in Table
2.

Antenna. The antenna is a passive component and can be built or
acquired without optimization required.

RF Divider and Combiner. The design considerations for signal
divider and combiner stages focus on simplicity, two-way func-
tionality, and passive component usage while ensuring RF input
channel isolation. The device must be small, cheap, and easy to
assemble. Dual use as both a divider and combiner simpli es design
and reduces costs. The N-Way Wilkinson power divider (Fig11B/F)
is ideal due to its simplicity, low cost, good isolation, and low sig-
nal loss. Its narrow frequency response and larger size at lower
frequencies do not a ect our LPWAN use case. If channel isolation
is compromised, removing the resistors in the transmission path
reduces signal loss and cost even further.

Filter. The bandpass lIter design requires balancing simplicity, cost,

and optimal signal response. A passive rst-order Butterworth Iter

with a capacitor and inductor in serie$( =Zp|1=) meets these
11

needs, reducing energy consumption (Figlle. If needed, additional
stages can be added to create a higher-order Butterworth Iter.

Ripple Frequency Generator. The high-performance implemen-
tation used a signal generator with an MCU, consuming 193 mW
(38.6 mA at 5 Volts) and costing a few dollars. However, Ripple-
Sense can tolerate less precise timings. A ring oscillag# pr an
inverter-based RC oscillatodf§ can be used instead, costing only
cents and microwatts. The ring oscillator frequency depends on gate

resistor and capacitor value§(:Wl,ll, for' =10 ' ;). This
approach, shown in Fig. 11C, uses only three active components.

RF Gain Ampli er. To our knowledge, no passive, simple, and
low-cost gain ampli er design exists. This critical stage injects the
ripple signature, so an active, power-supplied component is needed
for our already introduced injection method. An inverting opera-
tional ampli er (Fig. 11E) o ers a simple design with con gurable

gain (@ain = é) and functions as a gain ampli er. Alternatively,
a single-stage class A ampli er using one transistor can reduce
component count and power consumption.

8-Channel LoRa Scenario. We modeled the circuit (Fig. 11) in
Multisim for an application scenario involving observation of eight
125 kHz LoRa channels, focusing on energy and cost e ciency.
For the ring oscillator, we use six 6-channel inverting bu &sand
two 4-channel operational ampli er¥ chosen for its suitable gain-
bandwidth product. All other components are passive resistors,
capacitors, and inductors. The total energy consumption of the
active components is 108 pW for the bu ers and 864 uW for the
ampli ers, summing to 972 pyW and a price point in the low single-
digit dollars, which is within most LPWAN budgets.

Hardware Accelerated FFT. For low-power devices, FFT can be
e ciently implemented as a hardware acceleratot 4], providing
high performance and low energy consumption.

Summary. This section showcases how the front-end design can be
carefully designed to use cheap and simple commodity and mostly
passive components, creating a low-power and low-cost front-end
implementation. Alternatively, and for e ective scaling to high
subsampling factors, it can also be implemented in analog VLSI.
Pairing this with a low-performance ADC and an e cient signal
processing chain, it is viable to be included in commodity LPWAN
applications to enhance its communication capabilities.

5.3 Compatibility with SDRs

Besides direct sampling RF devices such as the RFSoGgx2 [
RippleSense can be implemented on compatible SDR platforms. The
newest version of the RTL-SDR dongle supports direct sampling

9TI SN74LVCO4ADR, 6*10 pA @ 1.8 V = 108 uW, USD 0.17
10T| TLV9001TIDCKR, 2*240 uA @ 1.8 V = 864 uW, USD 0.11
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Figure 13: Spectrogram of the DC - 10 GHz real-world, large-scale eld tests using the setup in Figure 10a. Four consecutive
traces were recorded, with two traces containing reference signal injected at ISM frequencies

Figure 14: Over-the-air evaluation of our prototype 10a at ISM
frequencies, bandwidths and modulations, at 95% con dence.

out-of-the-box B], and popular devices such as the BladeRf [
(LMS6002DZ3) and the LimeSDRZ5(LMS7002D 24]) can be
con gured to add support, which we will elaborate next.

The input signal, consisting of bandwidths higher than the Nyquist

sampling rate is received using an appropriate antenna (Figure 12A), S

and then downmixed to baseband (Figure 12B), followed by a signal
ampli cation stage. The key lies in the low pass lter, originally
con gured to prevent aliasing which can be bypassed for BladeRF
and LimeSDR devices as illustrated in Figure 12C. Together with
the frontend (Fig.5A-C) connected to RX ANT, this is all that Rip-
pleSense needs, allowing integration with compatible SDRs.

6 Experiments
In this section, we evaluate the over-the-air performance of our

6.1 RFS04x2 Over-the-Air Experiments

6.1.1 Test Bed. The test bed for our experiments consists of the
RFSo0C4x2 high-performance setup (Figure 10a) as receiver and a
USRP B205minBY] software-de ned radio as transmitter injecting
signals at 915 MHz, 2.4 GHz, and 5.8 GHz ISM bands.

6.1.2 Full Spectrum Reconstruction and Signal Injection. The rst
experiment nalizes the end-to-end approach by reconstructing
the DC 10 GHz RF spectrum over the air. To capture longer time
durations than the DRAM bu er can hold, we stitched together
four traces. We qualitatively veri ed the signal reconstruction by
injecting a 10 MHz bandwidth RF test signal of Gaussian noise at
915 MHz and 5.8 GHz ISM bands, as shown in Figure 13. The signal
has a 10 ms duration and a 20 ms period.

6.1.3 F1 Score and Signal-to-Noise Ratio. For quantitative perfor-
mance analysis of di erent carrier frequencies, bandwidths, modu-
lation techniques, signal durations, and signal-to-noise ratios, we
transmitted and captured several thousand traces using the Ripple-
Sense prototype in four scenarios: 915 MHz GFSK for narrow-band
technologies like ZigBee and LoRa, 2.4 GHz 2 MHz GFSK for Blue-
tooth, and OFDM PSK for 802.11 WiFi at 2.4 GHz and 5.8 GHz. To
vary the SNR, we adjusted the transmit signal power and computed

% .0 . 0.
NR = Jongoe¥inose — 26 yhere Yggnaiancisels measured
during transmission andfeise during silent period. We report all
values within our SDRs power limits, background noise, antenna
performance, and ampli er gains.

To re ect the dependency of false/true positives and negatives,
we report the F1 score (L = 2)%% (;f’ ——) as a point scatter plot,
along with a regression model and 95% con dence interval. With
higher SNR and longer signal traces, we expect the ripple signature
to be captured more accurately due to processing gain, while car-
rier frequency and modulation e ects should be minimal. Figure 14

shows that 10 ms signals are long enough for near-perfect perfor-

DC 10 GHz setup (Figure 10a) and demonstrate how design pa- mance in all scenarios. However, reducing the signal duration to 2

rameters such as sampling rate, temporal and spectral resolution
can be traded o to achieve the desired performance. The focus is
on validating the RippleSense prototype and exploring parameter
scalability, with a comprehensive evaluation of power aspects for
scaling down left to future work.

ms or 500 ps a ects detection accuracy, especially at negative SNRs
due to less processing gain. Some performance variation between
cases can be attributed to non- at antenna and ampli er gain re-
sponses, ADC non-linearity, cable loss and environmental factors
(noise, temperature, ..). Despite this, performance remains stable
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(a) Temporal vs. spectral resolution over-the-  (b) Minimum signal duration vs. sampling rate (c) Time resolution vs. SNR vs. ripple magni-
air (Fs=5GiSPS, duration=10ms). (Fs=4GIiSPS). tude (Fs=4GiSPS).

(d) Minimum signal duration vs. spectral reso- (e) In uence of overlapping ripple signatures (f) Maximum Nyquist sub-sampling vs mini-
lution (Ripple=-16dB). (Fs=1GiSPS, SNR=17dB, ripple=-16dB). mum duration (Fs=4GiSPS).

Figure 15: Parameter scalability and performance boundaries: (a) FFT resolution trade-o s, (b-d) minimum detectable signal
duration vs. sampling rate, SNR, and spectral resolution, (e) signal overlap analysis, and (f) maximum supported Nyquist
sub-sampling factors.

in all scenarios, achieving 70-90% accuracy down to -20 dB, which  This highlights the importance of selecting an appropriate trade-

is well within the requirements for most RF protocol's operating o between temporal and frequency resolution, depending on the

range. application's requirements. This e ect can be fully mitigated by
either increasing the sampling rate, extending the capture duration
or by using a sliding-window FFT, at the cost of a compute penalty.

6.1.4 Temporal and Spectral FFT Resolution Tradeo . In Section

4 we show the tradeo between spectral and temporal resolution . i

on a descriptive level, while we focus now on the e ects in Figure  6-2  Scalability Experiments

15a using real-world over-the-air samples. We build an intuition In the rst part of our work, we focused on the evaluation of the

by decreasing the spectral resolution from 298 Hz (A) to 500 MHz RippleSense RFSoc4x2 prototype. However, to further evaluate the
(C) while keeping the number of samples (50 M) and the sampling performance in terms of SNR, sampling rate and dense spectrum
rate (5 GSPS) constant, resulting in a capture time of 10 ms. As occupancy, some practical challenges arise. To our knowledge, no
the spectral resolution decreases from A (298 Hz) to B (2.44 MHz) commercial device can sense or generate 10 GHz of bandwidth,
and C (500 MHz), the temporal resolution at A (5 ms) degrades preventing a complete ground-truth comparison for dense spec-
signi cantly compared to B (409.6 ns) and C (1.6 ns). We analyzed trum. In addition, much of the RF spectrum in this range is licensed,
a signal in B to interpret the limitations imposed on A and C. The making it challenging to conduct over-the-air experiments (TX,
signal in B occupies primarily the rst half of the capture time.  in a noisy, non-Faraday cage setup) and to precisely control SNR,
Due to the low temporal resolution in A, we can only distinguish  which requires transmit privileges. Therefore, for the second part
between two time zones of 5 ms duration each. This prevents us of the experiment section, we address these challenges and show-
from pinpointing the exact timing of the transmission. However, A case scalability and achievable limits by emulating the RF frontend
provides a very high-frequency resolution, allowing us to observe from Figure 5A-D using Formula 1. Despite these constraints, our
the signal's spectral position clearly. In contrast, in C, we can pre- ndings demonstrate consistency. A direct comparison between
cisely determine the signal's temporal position, but the frequency Figure 14 and Figure 15c (SNR vs. signal duration) reveals alignment
resolution is insu cient to reveal the slight frequency shifts over in performance, reinforcing the validity of this combined approach.
time observed in B. With a frequency resolution of 500 MHz in C, Unless stated otherwise, we use a 4 GiSPS sampling rate and -16
it becomes impossible to capture this variation. dB ripple magnitude.
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