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Abstract

Radio dynamic zones (RDZs) and other dynamic
spectrum-sharing regimes require sensing sys-
tems that can detect and characterize previously
unknown emitters. While automatic modula-
tion recognition (AMR) is an important compo-
nent of RF spectrum sensing capability, nearly
all AMR methods assume the signal of interest
has already been detected, isolated, and handed
to the classifier which is specifically not a valid
assumption for RDZs. In this paper, We present
an integrated RF analysis framework that com-
bines signal detection and modulation recogni-
tion, with over-the-air evaluation using software-
defined radios. A YOLOv11 detector localizes
signals in time-frequency spectrograms and es-
timates their temporal and spectral boundaries.
These regions are mapped to the correspond-
ing complex I/Q data, where individual signals
are extracted and classified using a lightweight
one-dimensional attention-based model. Us-
ing TorchSig-generated data with 57 waveform
classes over 0–30 dB SNR, the detector achieves
99.2% mAP@0.5, while the classifier achieves
62.1% fine-grained accuracy and approximately
92% modulation-family accuracy. Over-the-air
evaluation shows fine-grained accuracy increas-
ing from 23.7% at 2 dB to 65.2% at 25 dB, with
family-level accuracy reaching 98.0%. Over-
all, the proposed framework provides a unified
pathway from RF signal detection to modula-
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tion recognition and supports more complete au-
tomated RF spectrum analysis.

1. Introduction
Effective use of increasingly crowded RF spectrum re-
quires sensing systems that can provide more than a simple
indication of signal presence. In practical wideband en-
vironments, a sensing system should also determine what
type of signal is present and where that activity occurs in
time and frequency. These capabilities are particularly im-
portant in dynamic spectrum-sharing environments and ra-
dio dynamic zones (RDZs) (U.S. National Science Foun-
dation, 2022; Maeng et al., 2022; nra, 2025), where spec-
trum access decisions depend on an accurate understand-
ing of ongoing RF activity. Automatic modulation recog-
nition (AMR) (Nandi & Azzouz, 1998; Zhang et al., 2022;
Peng et al., 2022) provides waveform-level characteriza-
tion by identifying the modulation type or modulation fam-
ily of an over-the-air (OTA) transmission. This informa-
tion can support signal identification, receiver configura-
tion, interference analysis, and downstream demodulation,
making AMR an important intermediate stage between sig-
nal detection and higher-level receiver processing. AMR
has been widely studied using both conventional signal-
processing techniques and, more recently, deep-learning
approaches (Xu et al., 2026; Qu et al., 2025) under differ-
ent signal-to-noise ratios (SNRs), channel conditions, and
receiver impairments (Zhang et al., 2022; Boegner et al.,
2022a; Tang et al., 2026). However, most AMR frame-
works assume that the signal of interest has already been
detected and isolated before being provided to the classi-
fier (Xiao et al., 2022). In a wideband RF environment,
multiple signals may occupy different time-frequency re-
gions, while their duration, bandwidth, and carrier location
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may not be known in advance (Boegner et al., 2022a; Xing
et al., 2024). Therefore, practical modulation recognition
requires signal activity detection and extraction to be inte-
grated with the classification process.

Traditional AMR approaches rely on likelihood methods
(Sills, 1999; Wei & Mendel, 2000a; Panagiotou et al., 2000;
Lay & Polydoros, 1994; 1995; Chugg et al., 1995; Hong
& Ho, 2002) or handcrafted features such as higher-order
statistics, spectral characteristics, and cyclostationary prop-
erties (Wei & Mendel, 2000b; Xu et al., 2011). Deep-
learning methods instead learn modulation-dependent rep-
resentations directly from received I/Q samples (Bhavana
& Sabat, 2025; Wang et al., 2025; Zhou et al., 2020; Biswas
et al., 2024; Hicks et al., 2025; 2024). CNNs (O’Shea et al.,
2016), recurrent models (Rajendran et al., 2018; Ansari
et al., 2025; Dong et al., 2025), efficient CNN architectures
(Huynh-The et al., 2020), and attention/Transformer-based
methods (Cai et al., 2022; Zheng et al., 2022) have all been
explored for AMR. TorchSig has also enabled large-scale
synthetic RF data generation (Boegner et al., 2022a). West
et al. (West et al., 2021) studied joint signal detection, time-
frequency localization, and recognition, while Boegner et
al. (Boegner et al., 2022b) introduced a TorchSig-based
model for multi-signal detection and recognition. Cas-
caded detection and classification, including YOLO-based
RF detection, have also been investigated (Vagollari et al.,
2023; Xing et al., 2024; Hsue & Soliman, 1990). Hauser
et al. (Hauser et al., 2017) further showed that detec-
tion and isolation errors can degrade downstream raw-IQ
classification. Despite these advances, directly connect-
ing time-frequency detection with event-level I/Q extrac-
tion and fine-grained modulation recognition remains lim-
ited in practical spectrum-analysis workflows.

Another consideration in the development of RF machine-
learning models is the dependence on synthetically gener-
ated data (Boegner et al., 2022a;b). Synthetic RF data pro-
vide accurate signal labels and allow parameters such as
modulation type, SNR, bandwidth, carrier frequency, chan-
nel conditions, and receiver impairments to be systemat-
ically controlled during training (O’Shea & West, 2016).
This makes synthetic data particularly useful for training
large modulation-recognition models across a broad range
of operating conditions. However, physically transmitted
and received signals can contain additional effects intro-
duced by RF hardware and the propagation environment
(Woo et al., 2024; Xu et al., 2010). Therefore, evaluation
using signals transmitted and received through software-
defined radios (SDRs) provides an important assessment of
whether a model trained using synthetic data can maintain
its recognition capability under practical RF conditions.

In this work we present an integrated wideband sensing
pipeline for RF activity detection, signal extraction, and

modulation recognition, and evaluate it on both synthetic
and over-the-air (OTA) data. The contributions of this pa-
per are as follows:

• An integrated wideband sensing pipeline that connects
spectrogram-domain signal localization to event-level
complex I/Q extraction and fine-grained modulation
recognition generating per emitter descriptors such as
center frerquency, occupied bandwidth and time and
waveform class.

• We present a class agnostic detection model. For this
a YOLOv11-based object-detection model is applied
to time-frequency spectrograms to identify multiple
RF activities and estimate their temporal and spectral
boundaries. We show that a binary RF-activity detec-
tor yields more complete and higher-confidence detec-
tions at low SNR than a modulation-aware models.

• The detected signals are filtered allowing the associ-
ated complex I/Q samples to be extracted for down-
stream modulation recognition. For classification,
we employ a lightweight one-dimensional attention-
based architecture that uses cross-covariance atten-
tion and local patch interaction to learn modulation-
dependent characteristics directly from I/Q sam-
ples. The classifier is trained using TorchSig-
generated synthetic data (Nguyen et al., 2025; Boeg-
ner et al., 2022a;b)covering 57 modulation and wave-
form classes over an SNR range of 0–30 dB, with ad-
ditional channel and hardware impairments including
fading, I/Q imbalance, carrier phase variations, pass-
band distortion, clock drift, and quantization.

• An over-the-air evaluation of a synthetically trained
recognition model on signals physically transmitted
and received through SDR hardware, without retrain-
ing or fine-tuning on measured data.

2. DATASET
Two task-specific RF data configurations were constructed
using the TorchSig framework (Boegner et al., 2022a) for
wideband RF activity detection and modulation recogni-
tion. For both tasks, the generated signals covered an SNR
range of 0–30 dB and included channel- and hardware-
related impairments such as fading, carrier phase offset,
carrier phase noise, and I/Q imbalance. For RF activ-
ity detection, multiple RF signals were placed at differ-
ent temporal and spectral locations within each observa-
tion. The corresponding complex I/Q data were con-
verted to time-frequency representations using the short-
time Fourier transform (STFT), and the resulting magni-
tude spectrograms were used as detector inputs. The known
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Figure 1. Overall framework for RF signal detection and modulation recognition: (a) model development with spectrogram-based de-
tection, I/Q extraction, and classification, and (b) SDR-based over-the-air evaluation.

temporal and spectral support of each signal was mapped to
bounding-box annotations, with all modulation and wave-
form types assigned to a single RF-activity class. The de-
tection dataset contained 250,000 training samples, with
10,000 samples each for validation and testing.

For modulation recognition, each example consisted of
4096 complex I/Q samples generated at a sampling rate of
10 MHz. A total of 57 modulation and waveform classes
were considered and grouped into eight broader families:
ASK, Analog, Chirp, FSK, OFDM, PAM, PSK, and QAM.
Training examples were generated online during optimiza-
tion, resulting in approximately 50 million independently
generated signal realizations over the complete training
procedure. Separate fixed validation and test sets were used
for repeatable evaluation, with 2,000 samples per class, re-
sulting in 114,000 samples in each split.

For testing OTA using the GRC setup with SDRs, we gen-
erate test signals of length 262144 that are different from
the training data, at a sampling rate of 1 MS/s and trans-
mit different modulations repeatedly for a given duration
of time. The continuous stream of data is captured using
the SDR and a fixed window of the samples is taken for
classification.

3. Proposed Method
Our proposed approach consists of two stages: model
development followed by over-the-air (OTA) evaluation,
as illustrated in Fig. 1. Synthetic RF signals are used
to train a YOLOv11-based RF signal detector and a
lightweight one-dimensional attention-based modulation-
recognition model. The OTA stage evaluates modulation
recognition using signals transmitted and received through
SDR hardware.

3.1. Model Development

3.1.1. ACTIVITY DETECTION

Wideband RF activity detection is performed in the time-
frequency domain, as illustrated in Fig. 1. The complex
I/Q observations described in Section II are converted to
time-frequency spectrograms using the short-time Fourier
transform (STFT), and a YOLOv11-based object detec-
tor is used to estimate the temporal and spectral span of
individual RF signals. Although YOLOv11 can jointly
perform localization and multiclass prediction, modulation
recognition is intentionally excluded from this stage. The
time-frequency spectrogram preserves the energy distribu-
tion of a signal but does not explicitly retain the complex
phase information available in the original I/Q represen-
tation. Consequently, modulation classes within a single
family can be difficult to distinguish. In multiclass exper-
iments, modulation-specific prediction reduced class con-
fidence due to poor classification performance resulting in
increased missed detections. Therefore, all waveform types
are assigned to a single RF-activity class, and YOLOv11 is
used only for signal presence and detection. The predicted
bounding boxes provide estimates of signal duration, center
frequency, and occupied bandwidth.

3.1.2. I/Q SIGNAL EXTRACTION

The time-frequency regions predicted by YOLOv11 are
mapped back to the original complex I/Q observation to
extract individual RF events. The temporal extent of each
bounding box is used to crop the corresponding signal in-
terval, while its spectral location and width provide esti-
mates of the center frequency and occupied bandwidth. A
small temporal margin is included around each detected
interval to reduce signal truncation. The cropped signal
is subsequently translated to baseband using the estimated
center frequency and low-pass filtered according to the de-
tected bandwidth. A Butterworth filter with a small spectral
margin and zero-phase filtering is used to suppress out-of-
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band components while avoiding additional phase distor-
tion. As shown in Fig. 1, this stage converts each time-
frequency detection into an individually isolated complex
I/Q event for subsequent signal-level analysis.

3.1.3. MODULATION RECOGNITION

Fine-grained modulation recognition is performed using
a lightweight one-dimensional attention-based architecture
following the RF adaptation of XCiT in (Boegner et al.,
2022a). The classifier is trained independently from the
YOLOv11 based RF activity detector and operates directly
on complex I/Q data, preserving both amplitude and phase
information. Each input consists of 4096 complex samples
represented as separate in-phase and quadrature channels.
The inputs are normalized using their root-mean-square
power before being provided to the network.

The model uses a one-dimensional convolutional patch em-
bedding with kernel size 8 and stride 4 to obtain a 192-
dimensional feature representation. The resulting sequence
is processed by 12 XCiT-style blocks with four attention
heads. Each block combines cross-covariance attention
with local patch interaction implemented using depthwise
one-dimensional convolutions. The final feature sequence
is globally averaged and passed to a linear layer for classifi-
cation across the 57 modulation and waveform classes. The
classifier is optimized using AdamW with label smooth-
ing, gradient clipping, learning-rate warm-up, and cosine
learning-rate decay. Distributed multi-GPU and mixed-
precision training are used to support the large-scale online
training, and the final model is selected based on perfor-
mance on the fixed validation set.

3.2. Over-the-Air

The OTA evaluation was conducted using two independent
radio front-ends of a single Ettus USRP X310 SDR shown
in Fig. 2. The signal was transmitted through channel A
(TX/RX) and received through channel B (TX/RX). Both
channels operated at a carrier frequency of 3.2 GHz and
a sampling rate of 1 MS/s. An external Rubidium fre-
quency standard provided a 10 MHz reference and pulse-
per-second (PPS) signal to maintain frequency and tim-
ing coherence. The operating signal to noise ratio (SNR)
was controlled by varying the transmit and receive gains.
For each setting, the noise power was first measured with
the transmitter (TX) off, followed by measurement of the
signal-plus-noise power using a known reference signal.
The effective SNR was then obtained from these measure-
ments. This procedure was repeated over different gain set-
tings to evaluate the classifier across a range of SNR con-
ditions. Double ridge horn antennas were used placed on a
horizontal platform at a distance of 0.5 m apart.

X310 SDR

Rubidium clock

TX and RX antennas

Figure 2. Hardware setup for modulation classification (at the
edge) OTA using SDR.
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Figure 3. Flowgraph in the GRC for modulation classification us-
ing the trained classifier.
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3.2.1. OTA MODULATION RECOGNITION

The transmit and receive processing was implemented in
a single GNU Radio Companion (GRC) flowgraph. At
the TX, a file source repeatedly streams a stored complex-
baseband test signal, which is scaled to the desired trans-
mit level and sent to the USRP sink on channel A. At the
receiver (RX), the USRP source on channel B feeds the re-
ceived signal to a custom embedded-Python classification
block. The flowgraph in GRC is shown in Fig. 3. The block
divides the signal into non-overlapping 4096-sample win-
dows, applies the normalization, and passes each window
to the trained classifier. For each window, the classifier out-
puts probabilities for the modulation classes, from which
the most likely modulation and corresponding signal fam-
ily are identified along with their confidence values. The
results, including timestamps, modulation and family in-
dices, confidence scores, and window power, are recorded.
The test signals are generated independently from the train-
ing data, ensuring that the observed performance reflects
the physical RF channel rather than synthetic impairments.
The classifications are obtained at different SNR levels by
changing the SDR gain at the TX and RX.

4. Results and Discussion
This section presents the performance of the proposed
framework for wideband RF activity detection, I/Q signal
extraction, and modulation recognition, together with over-
the-air validation using physically transmitted and received
RF signals.

4.0.1. RF DETECTION AND CLASSIFICATION

The RF signal detection stage achieved high detection ac-
curacy over the evaluated SNR range. The single-class
YOLOv11 detector achieved a 99.2% mAP@0.5 on the
held-out test set spanning 0–30 dB SNR. Representative
detection outputs for the 57-class and single-class formula-
tions at 5 and 15 dB are shown in Fig. 4. At 5 dB, the 57-
class detector produces several low-confidence predictions
and fails to detect multiple signal instances, whereas the
single-class detector identifies a larger number of the same
signals with higher confidence. At 15 dB, the performance
gap is reduced, although the single-class formulation still
provides more complete and consistent time-frequency de-
tection. These results demonstrate that separating RF sig-
nal detection from modulation identification improves de-
tection robustness,

The predicted time-frequency regions are subsequently
mapped back to the original wideband complex I/Q obser-
vation to recover the corresponding signal instances. A rep-
resentative example is shown in Fig. 5, where three simul-
taneously occurring RF signals are localized and individu-

Figure 4. Representative RF signal detection results for the multi-
class and single-class YOLOv11 detectors at 5 and 15 dB SNR.

ally isolated using the estimated temporal boundaries, cen-
ter frequencies, and occupied bandwidths. Each extracted
segment is translated to baseband and filtered according to
its predicted bandwidth to suppress adjacent spectral com-
ponents. The filter responses and resulting baseband spec-
trograms in Fig. 5 show that the detected signals are suc-
cessfully separated from the wideband observation and re-
centered near zero frequency while preserving their char-
acteristic time-frequency structure.

Figure 5. Representative I/Q signal extraction from a wideband
observation using the detected time-frequency regions.

The modulation-recognition stage was evaluated indepen-
dently using the fixed test set of 114,000 unseen signals
spanning the 57 waveform classes. The overall top-1 ac-
curacy across the 0–30 dB SNR range was 62.1%. Figure
6 shows the variation in classification accuracy with SNR
under both nominal and impaired signal conditions. In
the presence of the modeled channel and hardware impair-
ments, accuracy increases from 30.6% at 0 dB to 81.3% at
30 dB, while the corresponding performance without these
additional impairments increases from 33.9% to 87.1%.
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Figure 6. Modulation classification accuracy across SNR levels
with and without additional channel and impairments.

To further examine the structure of the remaining errors,
the 57 waveform classes were grouped into eight modu-
lation families, and the resulting normalized confusion ma-
trix is presented in Fig. 7. The classifier achieved an overall
family-level accuracy of approximately 92.0%, consider-
ably higher than the fine-grained 57-class accuracy. Strong
discrimination is observed for families such as FSK and
chirp-based waveforms, while relatively greater confusion
remains for some analog and PAM signals. The difference
between class-level and family-level performance suggests
that a substantial portion of the residual errors occurs be-
tween closely related waveform variants within the same
modulation family.

Figure 7. Confusion matrix showing modulation classification
performance across the eight modulation families

4.0.2. OVER-THE-AIR EVALUATION

The modulation-recognition model was further evaluated
using RF signals physically transmitted and received
through the SDR-based OTA setup. The evaluation in-
cluded 48 digital modulation classes at measured SNR lev-
els of 2, 10, 15, 25, and 30 dB. A 2 dB operating point
was used for the lowest-SNR condition because an exact
0 dB level could not be reliably established in the hard-
ware setup. As shown in Fig. 8, recognition performance
improves substantially with increasing SNR. Fine-grained
classification accuracy increases from 23.7% at 2 dB to
65.2% at 25 dB, while the corresponding family-level accu-
racy increases from 75.0% to 98.0%. At 30 dB, comparable
performance is maintained, with 64.5% fine-grained accu-
racy and 97.4% family-level accuracy. The observed OTA
performance despite the change from a 10 MHz synthetic
sampling rate to a 1 MHz SDR sampling rate is consistent
with the classifier relying on frequency characteristics nor-
malized with respect to the sampling rate rather than on an
absolute bandwidth. The consistently higher family-level
performance indicates that the synthetically trained classi-
fier generalizes well to physically acquired RF signals at
the broader modulation-family level, while distinguishing
closely related modulation types remains more challenging
under OTA conditions.

Figure 8. Confusion matrix showing modulation classification
performance across the eight modulation families

5. CONCLUSION
This work presents a multi-stage framework that combines
spectrogram-based RF signal detection with complex I/Q-
based modulation recognition for automated RF spectrum
analysis. The proposed approach enables detection of in-
dividual RF signals from complex observations while re-
taining the phase and amplitude information required for
fine-grained waveform recognition. The experimental re-
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sults indicate that the detection stage can reliably iden-
tify signal regions over a broad SNR range, while the
modulation-recognition model provides strong discrimina-
tion at the broader modulation-family level. The high
family-level performance further suggests that a hierarchi-
cal recognition strategy may be beneficial, where an ini-
tial classifier first identifies the modulation family and a
subsequent specialized classifier performs fine-grained dis-
crimination among waveform variants within that family.
The OTA evaluation also demonstrates the applicability of
the learned recognition model to physically transmitted and
received RF signals. Future work will focus on testing
developed models on more realistic outdoor environments
with independent radios, longer links, and evaluation un-
der more diverse channel, interference, and hardware con-
ditions.
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