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Abstract
The analog-to-digital converter (ADC) in a radio frequency (RF)
front-end and digital signal processing (DSP) are significant sources
of energy consumption, particularly in low-power systems like
LoRa. To reliably demodulate weak signals, current systems rely
on heavy oversampling - often 8x the signal bandwidth - which
imposes a substantial and persistent oversampling tax on the ana-
log front-end and DSP. This paper investigates if this tax can be
mitigated by adapting techniques from image and video super res-
olution. We propose RF Super Resolution, a lightweight, real-time
neural upscaler for RF signals. Our approach pairs an efficient dig-
ital interpolation algorithm with a shallow four-layer CNN. The
neural network is trained to learn and correct the residual artifacts
introduced by the digital upsampling and noise, effectively mim-
icking the output of a high-rate analog ADC and denoising filter.
We validate our system on a large-scale, over-the-air LoRa study.
Our results show that RF-SR, given a 2× Nyquist input (250 kHz),
restores demodulation performance of a native 8× oversampled
(2 MHz) system at half its sampling rate (1 MHz). This effectively
removes the analog oversampling requirement, and provides an
additional 1.25 dB SNR gain over the oversampled baseline, making
it an efficient and effective signal enhancer suitable for gateway
integration or post training quantized deployment at the end-node.

CCS Concepts
• Hardware→ Digital signal processing;Wireless devices; •
Computer systems organization→ Neural networks; Sensor
networks; • Networks→Wireless access networks.
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Figure 1: High-level overview of RF-SR. A low-speed, low-
cost, low-energy analog frontend (A) is sufficient because the
super-resolution upsampler digitally handles both the in-
crease in sampling rate (B) and de-noising (C). The enhanced
signal (D) then feeds the standard demodulation and decod-
ing pipeline.

1 Introduction
The motivation for this research originates from visual computing,
particularly the domain of image and video super-resolution[14,
27, 32]. Real-time upscaling techniques, such as NVIDIA’s Deep
Learning Super Sampling (DLSS) and RTX Video Super-Resolution
(VSR) [11], have demonstrated two principal benefits for resource-
constrained systems: (1) Quality Enhancement:A low-resolution,
blurry, or artifact-laden image or video stream can be intelligently
upscaled to high perceptual quality; and (2) Compute Reduction:
By rendering demanding tasks (like ray tracing) at low resolution
and neurally upscale the output to high resolution, users get a
high resolution experience at a fraction of the cost. This render
low, upscale high paradigm has transformed real-time graphics by

https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3745756.3809216
https://doi.org/10.1145/3745756.3809216
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Figure 2: ADC power vs sampling rate scaling.

decoupling output quality from prohibitively expensive computa-
tion. Inspired by this success, we ask: Can a similar principle be
applied for radio frequency (RF) signals such as LoRa? In the
RF context, super-resolution can be translated along two axis: (1)
Spatial SR: Increasing the sampling rate, analogous to increasing
the pixel density / resolution; and (2) Spectral SR: Increasing the
ADC bit resolution, analogous to increasing pixel colour depth.

For our investigation, we target LoRa (Long Range), a low-power
wide-area network (LPWAN) technology that leverages Chirp Spread
Spectrum (CSS) modulation to achieve robust communication in
high-noise, low SNR environments. LoRa's design and operating
regime make it an attractive yet challenging platform for neural
signal enhancement, due to its noisy and resource-constrained ap-
plication scenarios.

A key limitation in existing research on neural-enhanced LoRa
particularly in the contexts of collision resolution and physical-layer
signal improvement is a critical dependence on heavy oversampling.
As detailed in Table 1, it is typical to sample signals at 1�2 MHz
for channel bandwidths of only 125�250 kHz, resulting in over-
sampling factors ranging from 4Ö to 8Ö. This �oversampling tax�
imposes substantial and continuous power burdens throughout the
analog frontend, through the ADC to the subsequent data trans-
fer and digital signal processing stages (e.g., FFT has$¹= � ;>6¹=º
and correlation$ ¹=2º runtime complexity). A large-scale survey
of ADCs [35] in Figure 2 shows that power consumption scales
superlinearly with sampling rate (� B), where the minimum power
consumption trendline is given by:%min = 1”4 nW � � 1”06

B making� B

the primary driver of ADC power.
In addition, prior signal processing-based (e.g., LoRaTrimmer [16])

or deep learning�based approaches to LoRa signal enhancement
(e.g., NELoRa [30], GLoRiPHY [41]) are characterized by consider-
able power and resource requirements. These works demonstrate
notable symbol-level SNR improvements (1�3 dB); however, they
require computational platforms such as discrete GPUs, with en-
ergy and memory consumption orders of magnitude beyond that
of commercial LoRa end-nodes (Table 2).

While some works, such as LoRaSeek [36], reduce the memory
footprint to accommodate lower-power platforms (e.g., 21.8 MB on
a Raspberry Pi), this remains three orders of magnitude higher than
our work. Furthermore, LoRaSeek still requires an NVIDIA RTX
3090 for real-time processing; a Raspberry Pi remains 16.5� too
slow (12.6� in compressed mode) to achieve real-time performance.
Lastly, given the high reliability required by deployment in non-
easily serviceable scenarios, the inherent susceptibility of high-
performance GPUs to various software and hardware faults (e.g.,

Paper
Fs

[MHz]
OSF Dataset + SNR

LoRaPHY [57] 1 8x OTA2, no info3

SDR-LoRa [7] -1 - Emulation
LoRa Collision Resolving
CIC [46] 2 8x OTA2, no info3

TnB [40] 1 8x OTA2, no info3

Pyramid [58] 1 8x OTA2, w/ AWGN
CoLoRa [50] -1 - OTA2, w/ AWGN
Choir [17] -1 - OTA2, no info3

PCube [54] -1 - OTA2, tx pwr + loc
NScale [49] 1 8x OTA2, w/ AWGN
CurvingLoRa [31] 1 8x OTA2, w/ AWGN
FlipLoRa [56] 1 8x OTA2, tx pwr + loc
FTrack [55] 1 4x OTA2, tx power
AlignTrack [10] 1 8x OTA2, w/ AWGN
OpenLoRa [34] -1 - OTA2, tx pwr + loc
mLoRa [52] 2 - No SNR experiment
LoRa Signal Enhancing
XCopy [53] 1 4x OTA2, location
NELoRa [30] 1 8x OTA2, w/ AWGN
LoRaTrimmer [16] 1 8x OTA2, w/ AWGN
GLoRiPHY [41] 1 8x OTA2, w/ AWGN
DeepSense [9] 1 8,4,2x OTA2, w/ AWGN
LoRaSeek [36] 1 8,4,2x OTA2, w/ AWGN
LoRa Upsampler
RF-SR (our work) 0.250 2x OTA2, tx pwr + loc

Table 1: Survey of sampling parameters in LoRa research.
1Not reported. 2Over-the-air sample collection. 3SNR varia-
tion method not reported

bit errors, bus instability) [13, 29, 38] compromises their viability
for this use case.

To �ll the gap, we propose RF Super Resolution (RF-SR), a deep
learning�based upsampler and �lter for real-time spatial super-
resolution RF signal, illustrated in Figure 1. The core idea is to
allow the analog front-end and ADC to operate at substantially
reduced sampling rates; the resulting low-rate digital signal is then
upsampled and processed through a lightweight neural network
designed to correct interpolation artifacts and suppress noise. This
enables delivery of a high-quality, denoised digital signal to stan-
dard demodulation and decoding pipelines without incurring the
traditional cost of oversampling.

To achieve this goal, a key di�culty lies in denoising and recon-
structing LoRa waveforms from undersampled and noisy signals
without introducing artifacts or losing crucial signal features. To
overcome this, we design a compact four layer convolutional neural
network (CNN) that is both computationally e�cient and e�ective.
Speci�cally, our architecture incorporates complex-valued convo-
lutions to handle the in-phase and quadrature (IQ) components
of RF signals to capturing their intrinsic characteristics. Addition-
ally, we introduce a hybrid denoiser loss function, which jointly
considers time-domain reconstruction accuracy and frequency-
domain denoising objectives. This combined loss ensures robust
performance across varying channel and noise conditions, enabling
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Device Type Power / Memory Consumption

End-Node
Semtech SX1276 [45] Rx: 39”6 mW (12 mA@3”3 V)

Tx: 396 mW (120 mA@3”3 V)
Seeed Studio Wio-E5 [43] Rx: 22”1 mW (6”7 mA@3”3 V)

Tx: 366”3 mW (111 mA@3”3 V)

Gateway
The Things Indoor [48] �4”5 W, 160 KB SRAM
Kerlink iZeptoCell [23] �3”5 W, 256MB DRAM
SenseCAP M1 [47] 5 W, 1/2/4/8GB DRAM
SenseCAP LoRaWAN [44] 3”6 W, 512MB DRAM
MikroTik wAP LR2 [33] �8 W, 64MB DRAM

Signal Enhancer

NELoRa [30]
CPU + GTX1080Ti (250W TDP)
10684MiB GPU memory

LoRaTrimmer [16]
CPU + RTX2080Ti (250W TDP)
8460MiB GPU memory

GLoRiPHY [41]
CPU + A6000 (300W TDP)
3656MiB GPU memory

DeepSense [9]
CPU + GTX1060 (120W TDP),
source not available

LoRaSeek [36]
CPU + RTX3090 (350W TDP, real-
time), Raspbbery Pi (5W, sub-real-
time), 21.8MiB, source not available

RF-SR (our work)
Single CPU Core (15W TDP)1

25.7kB memory + input size

RF-SR INT8 PTQ4 NPU (14.2mW)2, ASIC (<1mW)3

6.4kB memory + input size

Table 2: Power consumption of LoRa equipment. 1Intel Core
i7-1355U (TDP of the 10-core package),2Alif E3 ARM Cortex-
M55/Ethos-U55 HE [1, 2], 3Compute-In-Memory CNN Accel-
erator [28], 4Post Training Quantization [39]

the lightweight network to achieve gains in both denoising and
super-resolution. Through this work, we demonstrate that spatial
super-resolution for RF signals is both feasible and practical, open-
ing new paths for power-e�cient, deployable neural enhancement
in next-generation IoT communication systems.

Our key contributions are:

� To the best of our knowledge, we are the �rst to apply the
super-resolution render-low, upscale high paradigm from vi-
sual computing to RF signals, demonstrating that the analog
oversampling tax can be mitigated.

� We demonstrate that with a 4� /8� lower analog ADC sam-
pling rate, our system achieves similar performance to native
oversampling on real-world OTA data and a 1.25dB gain on
synthetic data.

� We introduce a lightweight, shallow CNN architecture opti-
mized for e�cient edge and end-node inference, paired with
a novel training tweak that enables robust signal enhance-
ment in complex, low SNR environments.

� We present a comprehensive ablation study of DSP alter-
natives and quantization (spectral SR), showing that low-
precision (4-6 bit) ADCs are su�cient for LoRa, o�ering a
complementary power-saving vector.

� We released the source code for RF-SR to enable reproducibil-
ity and future development1.

The remainder of this paper is structured as follows. Section 2
details the System Design. We present our main Evaluation on a
large-scale over-the-air dataset in Section 3 followed by a compari-
son with related LoRa signal enhancers. The Ablation Study follows
in Section 4, analysing DSP alternatives and investigating the e�ects
of quantization. Finally, we cover Related Work in Section 5, discuss
generalizability in Section 6, and conclude the paper in Section 7.

2 System Design and Implementation
Our system design is inspired by real-time video upscalers like
RTX Video Super Resolution [11]. A key insight is that a neural
network does not need to learn the di�cult task of upsampling
from scratch. Instead, we can leverage decades of signal processing
research by using an e�cient, traditional interpolation algorithm
(e.g., polyphase or FFT-based [12]) and then task a small neural
network with a much simpler problem: correcting the artifacts
induced by interpolation and noise.

2.1 Why Oversampling Works
First, we investigate why oversampling is used by many prior works,
and analyse the underlying working principle. Oversampling is ef-
fectively a trade-o� between bandwidth and resolution, providing a
signal-to-noise ratio (SNR) improvement known as process gain [24].
To quantify this, the ADC's quantization error4»=¼is modelled
in this derivation as an uncorrelated, additive white-noise source
%& [5, 42]. Under this assumption, the total quantization noise
power%& = � 2•12 is distributed uniformly across the full sampling
bandwidth (�� B•2 to ¸� B•2), resulting in a constant Power Spectral
Density (PSD) of �& = %& •� B.

A digital low-pass �lter is applied to attenuate noise outside the
signal bandwidth�, . The remaining in-band quantization noise
power is calculated by integrating the PSD over the signal band:

%&•in-band =
¹ �,

��,
� & 35 =

¹ �,

��,

%&

� B
35 = %& �

2 � �,
� B

(1)

The Oversampling Ratio (OSR) is de�ned as the ratio of the sampling
frequency to the Nyquist rate of the signal,OSR = �B•¹ 2 � �, º [5,
42]. Substituting the OSR into Equation 1 yields the fundamental
relationship for oversampling converters:

%&•in-band =
%&

OSR
(2)

This demonstrates that the in-band noise power is inversely pro-
portional to the OSR [42]. Converting to decibels, the process
gain is 10log10¹OSRº[24]. For a LoRa signal (�, = 125kHz)
sampled at� B = 1MHz, the OSR is 8, yielding a process gain
of 10log10¹8º � 9dB. Since the theoretical dynamic range of a
quantizer increases by approximately 6”02dBper bit [24], this 9dB
improvement corresponds to an increase in resolution of 1.5 bits.

2.2 Network Architecture
The network is designed to be simple and e�cient for real-time in-
ference on gateway and end-node hardware. We employ a shallow

1https://github.com/andreaskuster/RFSuperResolution
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Figure 3: The RF-SR residual-learning architecture. A low- � B signal is upsampled via standard interpolation. The CNN computes
a residual (the artifacts + noise) which is added back to the interpolated signal.

1D Convolutional Neural Network (CNN) that learns an additive
residual correction to a traditionally upsampled signal. The model's
operation follows a "resample-and-re�ne" structure. We �rst up-
sample the low-rate signalG »=¼to G8=C4A?»<¼using a standard
polyphase �lter bank [51]. This interpolated signalG8=C4A?»<¼is
spectrally correct but contains interpolation artifacts and noise
(analyzed in Section 4). We feed this signal into our lightweight
CNN, which learns to compute a residual signal,Â »<¼. This residual
represents the (complex-valued) error - the artifacts and noise. The
�nal, clean output~̂»<¼is the sum of the interpolated signal and
the network's predicted residual, as shown in Figure 3.

~̂»<¼ = G8=C4A?»<¼ ¸Â »<¼ = G8=C4A?»<¼ ¸ CNN¹G8=C4A?»<¼º (3)

This structure allows the use of e�cient DSP operations to han-
dle the bulk e�ort of the upsampling, while the lightweight CNN
focuses only on learning to correct the errors.
Complex-Valued Convolutions. A key requirement of our CNN
is to handle complex-valued input, as RF I/Q data is inherently com-
plex (e.g.,G = � ¸ 9&). Rather than implementing true complex arith-
metic, we use a standard, computationally e�cient approach. The
real (� ) and imaginary (&) components of a� 8=-channel complex
signal are concatenated to form a 2� � 8= channel real-valued tensor.
A standard 1D convolutional layer then maps this to a 2� � >DCchan-
nel tensor, which is subsequently re-interpreted as a� >DC-channel
complex signal. This allows the model to be e�cient and compatible
with standard deep learning hardware and libraries.
Residual Network Structure. The residual network, CNN¹�º, is a
shallow four layer sequential model. It consists of four complex 1D
convolutional layers with channel sizes progressing as 1! 16!
32! 16! 1. All convolutions use a kernel size of 3 with padding
of 1 to preserve the signal length at each step. A ReLU activation
function is applied after the �rst three layers.
Model Simpli�cation. The �nal architecture is the result of a
systematic analysis of the design space, where we optimized depth,
width, and kernel sizes to align the model's receptive �eld with
the localized nature of LoRa interpolation artifacts. We conducted
extensive trials with varied con�gurations, including gated mecha-
nisms, di�erent activation functions (e.g., ReLU vs. Sigmoid), and
dropout regularization to mitigate noise sensitivity. While complex
architectures like LSTMs [21] or deep stacks of dilated convolutions
(Residual TCNs [3]) can maximize sequential memory, they proved

inferior in this high-e�ciency/low-SNR context for two reasons.
First, increased complexity rendered the models several orders of
magnitude more computationally expensive, making them imprac-
tical for low-power gateway and end-node deployment. Second,
and more critically, excessive capacity led to severe over�tting;
instead of correcting deterministic artifacts, these deep networks
attempted to hallucinate chirps often collapsing demodulation per-
formance. By opting for a shallow CNN with optimized padding and
kernel dimensions, we constrained the model to focus its limited
parameters on correcting localized discontinuities. This targeted
design rationale prevents the destruction of the underlying LoRa
signal in high-noise �oors, resulting in a more robust and e�cient
architecture than its higher-parameter counterparts.

2.3 HybridDenoiserLoss Function
Training with a standard Mean Squared Error (MSE, or�2) loss
worked for synthetic data with Additive White Gaussian Noise
(AWGN). However, it failed to converge when trained on our large-
scale over-the-air dataset. The over-the-air (OTA) data contains
complex, non-Gaussian noise pro�les from multipath, re�ection,
and impulsive interference, as well as hardware impairments like
clock skew (time-domain shift) and carrier frequency o�set (phase/fre-
quency shift).

This failure has two root causes: 1) MSE loss is sensitive to out-
liers, and a single impulsive noise spike can dominate the gradient.
2) A small, uncorrected time-domain clock skew or phase-domain
CFO between the prediction and the target signal results in a mas-
sive MSE loss, even if the predicted shape is perfect and could be
demodulated by LoRa. This destabilizes training, especially at low
SNR. To solve this, we introduce the HybridDenoiserLoss, shown in
Algorithm 1. It combines two components:

(1) Time-Domain �1 Loss (MAE): We replace�2 with �1 (Mean
Absolute Error) in the time domain.�1 loss is robust to out-
liers, mitigating the impulsive noise problem.

(2) Frequency-Domain Magnitude �1 Loss: To handle skew
and CFO, we compute the�1 loss on the magnitude of the
FFT. The FFT magnitude is invariant to time shifts and phase
o�sets, providing a stable, time-invariant signal represen-
tation that guides the network to learn the correct spectral
shape, even if its time/phase alignment is imperfect.
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The total loss is a weighted sum:

L Total = _TimeL �1_Time ¸ _ FreqL MAE_Mag (4)

We found_Time = 1”0 and_Freq = 0”5 to be e�ective, prioritizing
time-domain coherence while using the frequency domain as a
robust regularizer.

Algorithm 1 Hybrid Denoiser Loss

1: Input: prediction . , target )
2: Parameters: _Time, _Freq

3: De�ne: L 1¹�• �º  MAE¹�• �º
4: De�ne: F f�g  Fast Fourier Transform¹�º

5: 1. Calculate Time-Domain L1 Loss
6: LTime  L 1¹. •) º

7: 2. Calculate Frequency-Domain Magnitude L1 Loss
8: . mag  jF f. gj
9: )mag  jF f) gj

10: LFreq  L 1¹. mag•)magº

11: 3. Combine Losses
12: LTotal  ¹_ Time � L Timeº ¸ ¹_ Freq � L Freqº

13: return L Total

2.4 Training and Regularization
The OTA dataset still caused over�tting even with the hybrid loss.
To combat this, we added a�1 regularization (Lasso) penalty to the
model's weights. This encourages sparsity, forcing the network to
learn only the most critical features of the interpolation artifacts
rather than memorizing the high-entropy channel noise. The �nal
loss function is:

L Final = L Total ¸ _ !1

Õ

\ 2CNN\

j\ j (5)

Our training process is two-stage: �rst, we train the model on
synthetic LoRa signals to learn the fundamental signal structure
and interpolation artifacts. Second, we �ne-tune the model using
the OTA training set to adapt it to real-world channel complexities.

2.5 Computational Feasibility
To quantify the computational feasibility of RF-SR, we explicitly
derive the operational load required to sustain a real-time through-
put of ' B = 1 MSPS (250kSPS 4x upsampling). Our architecture
processes the I and Q signal components as independent channels,
utilizing two parallel, real-valued convolutional streams. We de�ne
the operational load (� ops) in terms of �oating-point operations
(FLOPs), where each Multiply-Accumulate (MAC) constitutes two
operations (one multiplication and one addition).

For the speci�ed four layer network, the total MACs per stream
is the sum of products of kernel size ( ), input channels (� 8=), and
output channels (� >DC). The total system load accounts for both I/Q
streams and the operations per MAC:

� ops = ' B � 2
|{z}

I/Q streams

� 2
|{z}

Ops/MAC

�
!Õ

;=1

 ; � � 8=•; � � >DC•; (6)

Substituting the layer dimensions (1! 16! 32! 16! 1, with  = 3),
the summation yields 3168 MACs per stream. The resulting load is:

� ops = 1 MHz � 2 � 2 � 3168 � 12”7 GOPS (7)

We demonstrate that this performance is attainable across a
hierarchy of processing units, starting with a standard commod-
ity laptop equipped with an Intel Core i7-1355U processor (15W
total package TDP,� 48GOPS/core). While this general-purpose
CPU handles the throughput load, e�cient deployment on con-
strained edge hardware can be achieved through Post Training
Quantization (PTQ) [39]. By reducing the model's precision from
�oating-point to 8-bit integers (INT8), we minimize memory band-
width and computational requirements, allowing the model to �t
within the strict power envelopes of modern high-e�ciency edge
AI hardware like the AlifE3 microcontroller with its ARM Cortex-
M55 and Ethos-U55 High-E�cency (HE) Neural Processing Unit
(NPU) [2]. In this con�guration, the INT8 optimization allows the
NPU to sustain the required throughput with approximately 12%
utilization, consuming at most 14”2mW [1]. Furthermore, for dedi-
cated ASIC implementations, we project the power consumption
(%dynamic) using the reported 40 TOPS/W [28], illustrating the po-
tential for sub-milliwatt operation:

%dynamic �
12”7 GOPS
40 TOPS/W

= 0”3175 mW (8)

Our performance evaluation of the PTQ model in Figure 18 shows
no degradation of up to -20dB and minimal degradation thereafter,
making this a suitable choice.

3 Evaluation
3.1 Experimental Setup
We conducted a large-scale data collection of 10,000 LoRa packet
samples on our university campus. We placed a transmitter2 in
a �xed indoor lab location. We then moved receivers3 to various
indoor and outdoor locations to capture diverse channel conditions,
including indoor Line-of-Sight (LoS), short/mid-range Non-Line-of-
Sight (NLoS), and 800m over-the-hill scenarios, as shown in Fig. 5(a).
These locations speci�cally encompass both freestanding outdoor
environments and dense urban building blocks to ensure robust-
ness against complex multipath and shadowing. To cover a large
dynamic range, we varied the transmit power and used RF attenu-
ators on the receiver. All packets used LoRa parameters:SF =12,
BW = 125kHz, 16-byte random payload, 8 preamble symbols, and
CR = 4•5; the 125kHz bandwidth was used as it is the de-facto
standard (Table 1), and SF12 was chosen to demonstrate/deal with
the worst-case SNR required for long-range communication. We
employ the open-source SDR-LoRa platform [8], which achieves
commercial-grade SNR performance for packet demodulation and
decoding, allowing us to report internal demodulation metrics and
implement modi�cations like windowing, zero-padding, and testing
symbol-only enhancement techniques such as LoRaTrimmer [16],
NeLoRa [30] and GLoRiPHY [41] in an end-to-end, real-world fash-
ion. Furthermore, we use 250kSPS sampling rate as baseline despite
the 125kHz bandwidth, in order to avoid aliasing for non-perfecly
centered signal (CFO). To account for hardware impairments across

2Ettus Research B205mini [18]
3Ettus Research N210 [19]
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Figure 4: Over-the-air CFO distribution. Shaded area shows
the � 1f interval ( f � 101”8Hz), capturing hardware variance
and environmental instability.

(a) Data collection node placement. (b) Histogram of packet SNRs.

Figure 5: Overview of the over-the-air dataset.

diverse environments, our dataset captures signi�cant Carrier Fre-
quency O�set (CFO) instability, with a measured mean of 31.7 kHz
and a standard deviation of 101.8 Hz (see Figure 4). These variations,
ranging from 30.9 kHz to 32.1 kHz, re�ect the impact of hetero-
geneous placement and �uctuating environmental conditions on
oscillator stability. Our observations align with real-world COTS
hardware behaviour [59], which demonstrates that SX1276 modules
experience signi�cant temperature-dependent frequency drift and
can vary by hundreds of Hertz across di�erent days. The Signal-to-
Noise Ratio (SNR) is calculated using the measured power during
packet reception (%signal+noise) and the noise power (%noise) captured
when no signal is transmitted:

SNRdB = 10 log10

�
%signal

%noise

�
� 10 log 10

�
%signal+noise� %noise

%noise

�
(9)

The resulting SNR distribution of the collected packets is shown in
Figure 5(b). The full dataset was randomly split into an 80% training
set and a 20% test set.

3.2 Oversampling Performance Comparison
We �rst evaluate our system on the captured OTA test set. Figure 6
plots the Packet Error Rate (PER) vs.SNR. We compare �ve key
con�gurations: Std LoRa (250kHz), which is the 2� Nyquist signal;
the oversampled signal, including 4� (500kHz), 8� (1MHz), and the
"gold standard" 16� (2MHz) signal; and �nally, RF-SR, which uses
the 250kHz signal as input and digitally upscales it to 1MHz. The
results show that higher sampling rates improve performance. The
2� (250kHz) signal performs poorly, 4� (500kHz) is better, and 8�

Figure 6: End-to-end demodulation/decoding PER vs. SNR
performance on the OTA test set.

•16� plateaus. This con�rms why the papers in Table 1 default to 8�
oversampling. The key result is that our RF-SR system, using only
the low-rate 250kHz input, achieves a PER curve that is comparable
to the native 1MHz•2MHz baseline. This demonstrates that we can
mitigate the expensive analog oversampling with a computationally
e�cient digital upscaler without loss in demodulation performance.

3.3 LoRa Enhancer Comparison
To provide a comprehensive comparison to LoRa enhancer works,
we evaluated both neural network based [30, 41] and DSP en-
hancers [16] using AWGN, on which they where trained and re-
ported (Table 1) in Figure 8. We co-pro�led execution time and
power consumption4 using a uni�ed framework based on NVML
(GPU) [37] and Intel RAPL (CPU) [22]. Certain related works, such
as DeepSense [9] and LoRaSeek [36], could not be included in this
benchmark as their source code is not publicly available. The SNR
performance is reported at the point were the packet error rate
exceeds 20%. The INT8 energy is based on YOLO-Fastest object
detection benchmark on the Alif E3 MCU [1] for the model, and
the SX1276 end-node [45] for demodulation.

In this scenario with the simpler, more predictable noise model,
RF-SR achieves a gain of 1.25dB compared to the 16x oversampled
signal, showcasing that it is not only able to correct interpolation
artifacts but also partially denoise the signal. The memory consump-
tion for RF-SR is dominated by feeding the 1MSPS (upsampled)
signal into the standard LoRa software-based packet decoder [8]
(full packet). In comparison to standard LoRa, RF-SR lies right be-
tween 1 and 2MSPS Std LoRa for both energy and memory, adding
minimal memory, and a slight amount of energy overhead, while
achieving a 1.25dB, 1.3dB, 2.9dB SNR gain relative to 2/1/0.5MSPS.
While the post training INT8 quantized model maintains similar
performance to the full-�edged RF-SR model, it uses substantially
less energy and memory, increasing RX power consumption of
a standard LoRa SX1276 module by 30% running on the NPU or
less than 2% running an a dedicated ASIC. LoRaTrimmer showed
the strongest performance with 7.9dB gain over the gold standard,
however with 386Ws, it has the highest energy consumption. Both
NeLoRa and GLoRiPHY show a marginal gain of 0.3dB above the
16x oversampled signal, which is 0.95dB lower compared to RF-SR.
This comes at a slightly lower energy budget than LoRaTrimmer for

4Intel Core i9-10980XE, Nvidia GeForce RTX 3090
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Figure 7: End-to-end Packet Error Rate (PER) vs. SNR across LoRa spreading factors (� 7� (� 12. RF-SR (0.25 MSPS input)
consistently maintains a lower error rate and achieves superior SNR margins compared to the native 2 MSPS oversampled
baseline across all spreading factors.

Figure 8: LoRa enhancer energy, memory and performance
comparison.

both NeLoRa and GLoRiPHY, but a higher memory consumption
for NeLoRa. The memory and energy consumption for all three
works is signi�cantly above the available memory on COTS LoRa
gatways [23, 33] for real-time processing, and orders of magnitude
higher than RF-SR.

3.4 Impact of Spreading Factor
To evaluate the robustness of RF-SR across diverse LoRa opera-
tional modes, we expand our evaluation to include the full range
of spreading factors ((� 7-(� 12). Di�erent SFs vary signi�cantly in
symbol duration and noise sensitivity; lower SFs result in shorter
airtime and fewer samples per symbol for the neural network to pro-
cess. Despite being optimized for the most signal-rich(� 12 cases,
our results in Fig. 7 demonstrate that the render-low, upscale-high
paradigm generalizes e�ectively across all con�gurations. RF-SR
consistently outperforms the native 2 MSPS oversampled baseline

Figure 9: The LoRa receive pipeline, showing our RF-SR mod-
ule inserting a digital super-resolution step after the ADC.

while operating on a signi�cantly reduced 0.25 MSPS input. Specif-
ically, we observe gains of 0.8 dB for(� 7 and(� 11, 1.0 dB for(� 8
and(� 10, and 1.25 dB for(� 12, with a peak improvement of 2.2 dB
for (� 9. This indicates that the lightweight CNN successfully cor-
rects interpolation artifacts regardless of the speci�c chirp slope or
time-domain duration.

3.5 LoRa-Internal Performance Analysis
While the PER results in Section 3.2/3.3 validate our system at the
packet level, a deeper analysis using the Symbol SNR metric is
required to con�rm that our digital upscaler truly replicates the
internal con�dence of a native high-sampling-rate system.

The LoRa receive pipeline, based on open-source implemen-
tations [7, 57] and with RF-SR integration, is shown in Figure 9.
After the analog front-end and digitization, the signal undergoes de-
chirping, window alignment, and FFT-based symbol extraction. The
output of the FFT is fed to a peak-�nding algorithm to determine
the symbol value. This is the core demodulation step. This pipeline
allows us to see not just if a packet fails, but how close it was to
succeeding or failure. After de-chirping and the FFT, the 2SF(e.g.,
4096) output bins correspond to the possible symbol values. We
introduce the Symbol SNR (SymSNR) metric. As shown in Figure 10,
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Figure 10: De�nition of the Symbol SNR metric: the ratio of
the energy in the true FFT peak to the energy in the highest
false peak.

Figure 11: Symbol SNR and packet failure comparison be-
tween the baseline (BL) and RF-SR (SR).

we de�ne SymSNR as the ratio of the energy in the true symbol's
bin (%true) to the energy in the highest false bin (%max_false).

Symbol SNR =
% ¹bintrueº

% ¹binmax_falseº
(10)

A high SymSNR indicates high demodulation con�dence. A Sym-
SNRŸ 1”0 results in bit errors, as the wrong peak/symbol is chosen.
Comparing the baseline to the RF-SR upsampled performance in
Figure 11, we can observe that even at -10dB, while the SymSNRs
are similar, a substantial amount of packet decoding failed for the
baseline, gradually reaching 100% at -23dB. On the other hand, RF-
SR manages to distribute the noise more evenly, visible at the much
more steady reduction of SymSNR from -10dB to -25dB compared
to the baseline, and by managing to stay packet error free until
-20dB, with a faster jump of packet loss reaching 90% at -25dB.

4 Ablation Study
We now analyse why our system works by ablating its core DSP
and machine learning components, comparing them against other
common DSP techniques. Following this, we investigate quantiza-
tion to explore the "spectral" dimension of super-resolution and
determine if high bit resolution is necessary.

4.1 AI Tax
While RF-SR o�ers performance gains, it is essential to quantify
the speci�c value added by the neural network versus classical
digital signal processing. Since our model �rst utilizes a standard
polyphase interpolator, we evaluate whether the computational
tax of the subsequent four-layer CNN is justi�ed by the resulting
improvement in demodulation. Figure 12 compares the Packet Error

Figure 12: PER comparison between native sampling, digital
interpolation, and RF-SR at SF12.

Rate (PER) of native sampling rates against both a purely interpo-
lated signal (Interp 4x) and the full RF-SR pipeline. At the 20% PER
threshold, upsampling a 0.25 MSPS signal to 1 MSPS via interpo-
lation alone achieves -21.5 dB, which performs better than native
0.5 MSPS (-21.1 dB) but worse than native 1 MSPS (-22.2 dB). In
contrast, the full RF-SR model reaches -23.3 dB, providing a 1.8 dB
gain over interpolation alone and a 1.1 dB improvement over the
native 1 MSPS oversampled baseline. The justi�cation for this AI
tax depends on the speci�c use case: high-performance gateways
bene�t from this critical link margin, while extremely resource-
constrained end-nodes may prefer pure interpolation to minimize
memory and energy overhead.

4.2 How Interpolation Can Help
The 2� Nyquist Problem. Figure 13(a) shows a spectrogram of a
LoRa signal sampled at� B=250kHz. The signal is severely distorted.
The "vertical lines" are spectral leakage artifacts that occur when
the chirp "wraps" from¸BW• 2 to �BW• 2. This instantaneous fre-
quency/phase discontinuity in the time domain scatters energy
across all frequency bins. This is not a signal, but a FFT artifact.
Furthermore, the low� B provides poor time resolution, "blurring"
the chirp over time.
Short FFT Window. This artifact can be mitigated by using a
shorter FFT window (Figure 13(f)), which improves time resolu-
tion. However, this creates an even worse problem: the frequency
resolution is heavily degraded, making the FFT bins too coarse to
distinguish symbols. Thus, we either have to trade time or frequency
resolution, which are both essential, especially at low SNR.
Interpolation. The fundamental problem is a lack of time-domain
samples in general, but particularly at the sharp frequency jump.
Digital interpolation (Figure 13(k)) mitigates this dilemma. By math-
ematically creating intermediate time-domain samples, it allows
us to simultaneously achieve the high time resolution (to prevent
artifacts) and long FFT windows (high frequency resolution) to �nd
peaks that only a higher sampling rate normally provides.

This digital upsampling is a foundational technique in multi
rate signal processing [12]. It is a well-established method used in
hardware-level applications, such as relaxing analog �lter speci-
�cations in high-speed Digital-to-Analog Converters (DACs) [25]
and as a core component of�� (Sigma-Delta) ADCs [5, 42]. The
goal is to mathematically create intermediate samples, often to
avoid issues like aliasing or interpolation artifacts [20]. However,
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(a) FFT10241 (b) Zero-Padding 8x1 (c) No Window 1 (d) Overlapping FFT1 (e) Polyphase Interp. 3

(f) FFT321 (g) FFT641 (h) Hann Window 1 (i) No Filter 2 (j) PChip Interp. 3

(k) Interpolation 8x 1 (l) Zero-Pad 8x + FFT641 (m) Blackman-Harris 1 (n) FIR Filter 2 (o) Linear Interp. 3

Figure 13: Ablation Study. Column 1 (a, f, k): Demonstrates the challenge of low sampling frequency and the mitigation using
digital interpolation. Column 2 (b, g, l): Illustrates the e�ect of zero-padding on signal representation in both time and frequency
domains. Column 3 (c, h, m): Compares the e�ects of di�erent FFT windowing technique on reducing spectral artifacts. Column
4 (d, i, n): Shows the bene�t of overlapping FFT windows and the limited e�ectiveness of Low-Pass Filters (LPF) in removing
in-band artifacts. Column 5 (e, j, o): Compares the performance of di�erent digital interpolation algorithms. X-Axis: 0.22s,
Y-axis:1125kHz, 2500kHz, 32MHz

the choice of algorithm is critical; Figure 13(e) shows that while
polyphase based resampling performs well, simpler methods like
Linear (Figure 13(o)) or non-RF optimized methods like PCHIP
(Figure 13(j)) introduce artifacts.

4.3 Alternative DSP Techniques
We evaluated other common DSP techniques usind with LoRa to
mitigate artifacts from low-� B sampling, and how they relate to
RF-SR.
Zero-Padding. Zero-padding in the time domain increases fre-
quency resolution in the FFT, as demonstrated in Figure 14, and has
been used in LoRa demodulation [57] to improve packet reception.
However, it does not create new time-domain samples, so it does
not increase the time resolution. As seen in Figure 13(b), it fails
to remove the chirp-wrap artifacts. Pairing zero-padding with a
shorter FFT window eliminates the warp and improves spectral
resolution (Figure 13(l), but not to the same level as we achieve
with interpolation (Figure 13(k))
FFT Windowing. The given artifacts are a form of spectral leakage
(Figure 13(c), no windowing). Applying a windowing function (e.g.,
Hann in Figure 13(h)) tapers the signal at both boundaries, which
successfully reduces these artifacts. However, windowing achieves
this by discarding signal energy towards both start and end of the
signal to make it cyclic, which lowers the �nal FFT peak energy.
This e�ect is even stronger in Blackman-Harris (Figure 13(m)). This
signal energy loss is a problem in a low-SNR system and must be
carefully traded o�, as we will discuss in the symbol SNR study in
Figure 18.

Figure 14: Zero-padding principle and e�ect on the FFT.

Figure 15: FFT window overlapping principle.

Overlapping FFT. The conventional approach to spectral analy-
sis involves slicing the continuous sample stream into sequential,
non-overlapping window blocks. While it is simple and low com-
pute, this method inherently ties the time resolution to the length
of the window, meaning better frequency resolution comes at the
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