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Abstract — Automatic modulation classification (AMC) for
5G-Advanced and 6G networks must blindly identify wave-
forms from received signals under realistic channel impair-
ments, enabling cognitive radio dynamic spectrum access and
interference avoidance. No prior work has simultaneously ap-
plied machine learning to classify all eight leading waveforms
(UFMC, GFDM, FBMC, NOMA, OFDM-IM, OTFS, ODDM,
and AFDM) under realistic channel impairments, nor quan-
tified the minimum feature set for resource-constrained de-
ployment. We present a framework that (i) extracts a 38-
dimensional feature vector that includes three novel channel-
aware characteristics (amplitude fading variance, phase dis-
continuity, and frequency drift); (ii) benchmarks nine machine
learning classifiers, including an FC-MLP deep learning base-
line and five feature selection methods, on 201 600 signals across
twelve channel conditions (nine custom plus three 3GPP TDL
profiles) and seven SNR levels, with leakage-free feature selec-
tion; and (iii) identifies a compact 10-feature subset validated
with Bonferroni-corrected McNemar tests and Wilson confi-
dence intervals. FC-MLP achieves 99.09% accuracy; ensemble-
boost (99.04%) and random forest (99.02%) are statistically
equivalent. The 10-feature random forest reaches a score of
98.90% within 0.12 pp of the full feature baseline at a cost that
is 74% lower and with a 0.071 ms inference per block. The
five-fold cross-validation confirms stability (98.54%, Wilson
95% CI: 98.49%, 98.59%). Per channel accuracy ranges from
98.87% (Rayleigh) to 99.98% (AWGN/Rician); 3GPP TDL-
A/B/C profiles confirm transferability to 5G NR. The three
channel-aware features yield up to 3.1% gain under double-
selective fading and an average overall improvement.

Keywords — 5G-Advanced/6G, automatic modulation classifica-
tion, cognitive radio, compact feature selection, dynamic spec-
trum access, machine learning, realistic channel impairments

1. Introduction

Automatic modulation classification (AMC) enables a re-
ceiver to blindly determine the waveform type of an observed
signal without prior knowledge of the modulation scheme,
channel conditions, or signal parameters [1], [2]. In the con-

text of 5G-Advanced and 6G networks, robust AMC is indis-
pensable for a wide range of applications, including access to
the dynamic spectrum of cognitive radio (CR), interference
avoidance, cooperative co-existence and spectrum policy en-
forcement [3]–[6]. Despite its importance, AMC for the full
set of next-generation waveform candidates under realistic
channel propagation conditions remains a largely open prob-
lem.
The 5G-Advanced and 6G standardization processes have
produced a diverse set of waveform candidates, each target-
ing specific deployment requirements: UFMC and GFDM
for flexible subband allocation, FBMC for high spectral
efficiency without cyclic prefix, NOMA for massive con-
nectivity via power domain multiplexing; OFDM-IM for
energy-efficient index modulation; and OTFS, ODDM, and
AFDM for robust high-mobility communications via delay-
Doppler or chirp-based signal representations [7]–[10]. Pre-
cise classification of these waveforms is present, using ma-
chine learning on blind feature observations, and is a pre-
requisite for all subsequent spectrum management decisions.
Recent AMC studies have extensively addressed legacy mod-
ulation schemes such as PSK, QAM, and FSK, but have not
simultaneously tackled all eight next-generation waveform
candidates under compound realistic channel impairments.

1.1. Motivation and Challenges

The deployment of ML-based AMC for next-generation
waveforms faces three distinct difficulties: structural sim-
ilarity among the waveform candidates (which challenges
any classifier), severe distortion from realistic propagation
channels (which corrupts the most informative features), and
strict computational constraints when AMC must operate in
real time, which limits model complexity. These challenges
are especially acute in cognitive radio and spectrum moni-
toring scenarios, where the receiver operates independently
from the transmitter.
Structural similarity. Several next-generation waveforms
share overlapping time-frequency characteristics, making
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blind ML classification particularly difficult. OTFS, ODDM,
and AFDM are all designed for Doppler resilience through
related delay-Doppler or chirp-based representations, mak-
ing their spectral signatures difficult to distinguish. FBMC,
GFDM, and UFMC all exploit subband filtering, mainly dif-
fering in prototype filter design. Previous AMC methods
trained under clean channel conditions suffer 5 – 15% ac-
curacy degradation when evaluated under realistic impair-
ments [1], [10], as structurally discriminative characteristics
become corrupted by channel effects, i.e., precisely the con-
ditions any real AMC system must handle.
Realistic channel impairments. A CR receiver cannot con-
trol or predict the channel it observes. The waveform identi-
fication module must therefore be robust enough to face the
following:
• Multipath fading: Rayleigh and Rician fading introduce

time-varying amplitudes and phase distortions that ob-
scure waveform-specific envelope statistics.
• Doppler effects: high mobility CR scenarios (30 – 200

km/h) induce frequency dispersion and intercarrier in-
terference, particularly harmful for subcarrier-structured
waveforms.
• Frequency-selective channels: delay spread exceeding the

symbol period causes inter-symbol interference that dis-
rupts cyclic prefix and periodicity features.
• Synchronization errors: a CR receiver operating without

cooperation from the transmitter cannot assume perfect
carrier or timing synchronization; residual CFO and tim-
ing misalignment distort the phase and cyclo-stationary
structures of all waveforms.
• Combined impairments: simultaneous time-frequency

double-selective channels – common in vehicular and
UAV CR deployments – present the most challenging sce-
nario.

Selection of compact features for real-time AMC. A key
open question in ML-based AMC is: what is the minimum
feature set that preserves near-maximum accuracy under
a rigorous, leakage-free selection protocol? This work at-
tempts to answer this question for any resource-constrained
deployment, including CR platforms such as IoT gateways,
UAV-mounted spectrum sensors, and battery-powered sec-
ondary nodes, with all of them imposing strict limits on
resources and latency. A waveform classifier that requires
hundreds of features or seconds of inference latency is not
suitable for real-time operation. No prior work has rigor-
ously quantified the minimum feature set needed for next-
generation waveform AMC under realistic channels, nor val-
idated that such a compact model can operate within real-
time latency budgets.
The above considerations lead to the following research
questions:
1) Which machine learning algorithm achieves the best

accuracy-complexity trade-off for AMC of eight 5G-
Advanced/6G waveforms under realistic channel condi-
tions, satisfying real-time latency requirements?

2) What is the minimum feature subset that preserves near-
maximum AMC accuracy under a leakage-free selection
protocol? Does it generalize to ML classifier architec-
tures?

3) Do channel-aware features explicitly designed to capture
propagation impairments provide statistically significant
AMC improvements, as confirmed by McNemar tests?

1.2. Research Contribution

This paper proposes a CR-oriented 38-feature blind identifi-
cation framework with mathematical definitions for all fea-
tures, operating in a fully blind mode, as required by CR re-
ceivers with no transmitter cooperation.
We introduce three new channels-aware features (F36 – F38):
amplitude fading variance, phase discontinuity, and frequen-
cy drift, explicitly designed to characterize the uncontrolled
propagation environment a CR receiver observes. Ablation
studies quantify their contribution: removing all three de-
grades identification accuracy by 1.5% on average and by
up to 3.1% under double selective fading.
We benchmark nine classifiers, including an FC-MLP deep
learning baseline and five feature-selection methods on
201 600 signals across twelve channel conditions and sev-
en SNR levels. FC-MLP achieves the highest accuracy
at 99.09%; random forest provides the best accuracy-per-
feature efficiency for CR deployment. McNemar tests (cor-
rected with Bonferroni) confirm the statistical significance
of all reported differences.
The work extends evaluation to 3GPP standard channels.
Three TDL profiles (TDL-A, TDL-B, TDL-C) of 3GPP TR
38.901 [11] are added along with nine custom channel condi-
tions, enabling direct comparability with 5G NR deployment
scenarios that CR devices will encounter. All feature impor-
tance scoring is performed strictly within the training fold;
the test set plays no role in feature ranking, ensuring that the
reported 10-feature accuracies are genuine out-of-sample es-
timates suitable for real CR deployment decisions.
The results demonstrate a 74% computational drop by re-
ducing from 38 to 10 features with an accuracy loss of only
0.12% (McNemar p > 0.05), achieving 0.071 ms per seg-
ment inference and meeting the real-time latency require-
ments of CR dynamic spectrum access. The compact mod-
el is transferred to all evaluated classifiers. We validate ro-
bustness through parametric analysis covering SNR (5 to
+25 dB), Doppler (0 – 120 km/h), CFO (0 – 5 kHz) and tim-
ing offset (0 – 15 samples), i.e., the full envelope of impair-
ments a CR receiver must tolerate, with per waveform confu-
sion analysis identifying the most challenging identification
pairs.
The paper is organized as follows. Section 2 describes the
system model and the 12-channel CR evaluation setup. Sec-
tion 3 details the blind feature extraction framework. Section
4 presents classification results including the FCMLP base-
line test and the McNemar test. Section 5 analyzes the impor-
tance of leak-free features. Section 6 evaluates the reduction
for CR deployment. Section 7 reports on robustness analy-
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sis. Section 8 discusses the implications for the deployment
of CR and Section 9 concludes the study.

2. System Model and Dataset Generation
2.1. Signal Model

We model a CR receiver that passively observes a received
signal block and is required to identify the waveform with-
out any cooperation from the transmitter. Consider a trans-
mitted signal s[n] corresponding to one of the eight 5G-
Advanced/6G waveform candidates, sampled at frequency
fs. The complex baseband signal at the CR receiver after
channel propagation is:

r[n] =

L−1∑
ℓ=0

hℓ[n] s[n− ℓ] + w[n] , (1)

where hℓ[n] is the time-varying complex gain of the ℓ-th
multipath component and w[n] ∼ CN (0, σ2w) is complex
AWGN with

σ2w = Ps/SNR ,
Ps = E[|s[n]|2] .

All twelve channel configurations are specific instantiations
of Eq. (1).

2.2. Channel Models

AWGN: h0[n] = 1 and all other paths zero. Baseline line-
of-sight scenario.
Rayleigh fading: Non-line-of-sight single-path propagation
with Doppler-correlated complex gain:

h[n] =
1√
2

(
gI [n] + jgQ[n]

)
, (2)

where gI [n] and gQ[n] are correlated Gaussian processes
whose power spectral density follows the Clarke/Jakes mod-
el

S(f) = [πfd
√

1− (f/fd)2]
−1for|f | ¬ fd ,

with temporal autocorrelation

Rh[m] = J0(2πfdmTs) ,

where J0(·) is the zeroth-order Bessel function of the first
kind and Ts = 1/fs.
The 16-oscillator Jakes simulator [12] is used for implemen-
tation. For the static Rayleigh channel fd → 0 yields inde-
pendent identically distributed realizations.
Rician fading: Line-of-sight with K factor of 10 dB incor-
porating the LOS Doppler shift:

h[n] =

√
K

K + 1
ej2πfLOSnTs +

√
1

K + 1
hR[n] , (3)

where fLOS = fd cos θ is the LOS Doppler frequency (θ =
0◦ for worst-case maximum Doppler) and hR[n] is a scat-
tered component following the Rayleigh model.
Frequency offset: Post-synchronization residual CFO of
∆f = 150 Hz (corresponding to ≈ 0.063 ppm at fc =

2.4 GHz) is applied as

rCFO[n] = s[n] e
j2π∆fnTs .

This models the residual offset after initial carrier synchro-
nization. Pre-synchronization scenarios with larger offsets
(up to 5 kHz, i.e., ≈ 2 ppm) are evaluated in Sec. 7.
Timing offset: Integer sample timing misalignment of τ0 = 5
samples rτ [n] = r[n− τ0].
Low Doppler: Jakes model [12] with v = 30 km/h, fd ≈
67 Hz, urban mobile scenario.
High Doppler: Jakes model with v = 120 km/h, fd ≈
267 Hz, high-speed vehicular scenario.
Frequency-selective: L = 6 paths with exponential power
delay profile E[|hℓ|2] ∝ e−ℓ/2 (unit total power), RMS delay
spread τrms = 300 ns, i.e. 2.4 samples at 8 kHz, within the
CP length NCP = 16 samples of CP-based waveforms.
Time-frequency double-selective: Combined Doppler (v =
60 km/h, fd ≈ 133 Hz) and frequency-selective multipath
(τrms = 100 ns, L = 4 paths).
3GPP TDL Standard Profiles (TDL-A, TDL-B, TDL-C): To
ensure the CR waveform identifier transfers directly to real
5G NR deployment scenarios [11], three standardized tapped
delay line profiles from 3GPP TR 38.901 are included. Each
profile applies an independent complex Gaussian gain per tap
(Rayleigh per tap), with delays and powers taken verbatim
from the standard:
• TDL-A (NLOS, τDS = 30 ns): 23 taps that model indoor

hotspots and dense urban propagation, typical of small cell
or IoT gateway deployments,
• TDL-B (NLOS, τDS = 100 ns): 22 taps that model ur-

ban macro propagation, representative of vehicular CR
and mobile spectrum monitoring scenarios,
• TDL-C (NLOS, τDS = 300 ns): 24 taps that model rural

macro and large delay spread scenarios, the most severe
frequency selective profile and most challenging for the
identification of CR.

The generalized TDL channel is implemented as:

r[n] =

P∑
p=1

gp s[n− τp] + w[n] , (4)

where τp is the p-th tap delay (in samples, rounded from the
nanosecond values in the standard), gp ∼ CN (0, σ2p) with
σ2p ∝ 10∆p/10 and ∆p the relative power in dB, normalized
so
∑
p
σ2p = 1. The output power is rescaled to match input

power after convolution.

2.3. Waveform Configurations and Signal Models

All eight waveforms use 4-QAM symbols. The received
block r[n], n = 0, . . . , N − 1, is the sole input to feature ex-
traction, reflecting the CR receiver’s blind observation. The
identifier has no access to waveform type, channel parame-
ters, or SNR as mandated by the CR non-cooperative sensing
paradigm.
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The universal filtered multi-carrier (UFMC) signal is defined
as:

sUFMC[n] =

B∑
b=1

Mb−1∑
m=0

Xb[m] gb[n−mL] ej2πfbn , (5)

B = 8 subbands, Mb = 8 subcarriers per subband, gb[n]
is a 43-tap Dolph-Chebyshev FIR filter (−40 dB sidelobe
suppression), L = 1.
Subband center frequencies

fb = (b− 1)∆fSB

with subband spacing

∆fSB =
Mbfs
K

= 1 kHz

K = 64 total subcarriers, ∆fsc = fs/K = 125 Hz. The
block length is 256 samples.
The generalized frequency division multiplexing signal is:

sGFDM[n] =

K−1∑
k=0

M−1∑
m=0

dk,m g
[
(n−mK) mod N

]
ej2π

k
K
n , (6)

whereK = 64 subcarriers,M = 8 time slots, raised-cosine
pulse with roll-off α = 0.1, N = KM = 512 samples [13],
[14].
The filter bank multi-carrier with OQAM (FBMC-OQAM)
signal is defined as:

sFBMC[n] =

K−1∑
k=0

∑
m∈Z

ak,m p[n−mK] ej
π
2
k ej2π

k
K
n , (7)

where K = 64, ak,m ∈ R real-valued OQAM symbols,
the prototype PHYDYAS filter of length 4K = 256, stagger
offsetK/2 [15], [16]. The block length is 512 samples.
The power-domain superposition non-orthogonal multiple
access (NOMA) signal is defined as follows:

sNOMA[n] =

K−1∑
k=0

(√
α1X1[k] +

√
α2X2[k]

)
ej2π

k
K
n , (8)

whereK = 256, power allocationα1 = 0.8,α2 = 0.2 [17]–
[19]. The block length is 256 samples.
The OFDM with index modulation (OFDM-IM) signal is the
following:

sOFDM-IM[n] =
1√
K

G∑
g=1

∑
k∈Ig

Xg[k] e
j2π k

K
n , (9)

where K = 64 total subcarriers, G = 12 groups of 5 sub-
carriers (4 guard subcarriers),Ka = 3 active subcarriers per
group (60% activation).
The active index set Ig is selected by blog2

(
5
3

)
c = 3 in-

dex bits via a combinatorial number system lookup table
[20]–[22]. A 16-sample cyclic prefix is appended. The block
length is 80 samples.
The orthogonal time-frequency space (OTFS) modulates in
the Doppler delay domain [8], [23], [24]. The 2D ISFFT grid

signal is defined as follows:

x[n,m] =
1√
MN

N−1∑
k=0

M−1∑
ℓ=0

X[k, ℓ] ej2π(
nk
N
−mℓ
M ) , (10)

with N =M = 8 (8× 8 grid).
The 2D array is serialized to a 1D sequence via the Heisen-
berg transform:

sOTFS[i] = x[i mod N, bi/Nc], i = 0, . . . , 63.

The block length is 72 samples.
The orthogonal delay Doppler multiplexing (ODDM) signal
is the following:

sODDM[n] =
1√
K

K−1∑
k=0

(S−1∑
s=0

Hk,s ds

)
ej2π

k
K
n , (11)

where K = 64, spreading factor S = 4, Walsh-Hadamard
matrix H ∈ CK×S , 16-sample CP [25]. The block length is
80 samples.
The chirp-based affine frequency division multiplexing
(AFDM) signal is defined as:

sAFDM[n] =

K−1∑
k=0

X[k] ejπµn
2

ej2π
k
K
n , (12)

where K = 128 chirp subcarriers, optimized chirp rate µ
for Doppler tolerance fd ¬ 500 Hz Doppler tolerance [26]–
[28]. The block length is 128 samples.
The sampling frequency is fs = 8 kHz. For multicarrier
waveforms, the relevant timing parameter is the symbol du-
ration (e.g., Tsym = K/fs = 8 ms for K = 64 subcarri-
ers). Per-waveform block lengths are shown in Tab. 1. The 8
kHz rate is a reduced-scale proof of concept that preserves all
waveform structural properties. Scalability to 5G wideband
5G bandwidths is discussed in Subsection 8.3.

2.4. Dataset Statistics

The dataset comprises 8 waveform types × 7 SNR levels
[−5, 0, 5, 10, 15, 20, 25] dB × 12 channel conditions × 300
realizations = 201 600 signals in total, balanced at 25 200 per
waveform class. The original 9-channel subset of 151 200
signals is retained for direct comparison with previous work.
The signals use independent random seeds derived from
master seed 42. A stratified 70 / 30% train-test split maintains
SNR and channel diversity in both partitions. The identical
partition object is reused across all pipeline steps to prevent
any cross-contamination.

3. Feature Extraction Framework
Used hereafter, the term feature refers exclusively to a nu-
merical descriptor computed from the received block r[n]
and used as a machine learning input.
The framework operates on the received block r[n], n =
0, . . . , N − 1, in the fully blind mode. The 38 feature def-
initions are provided below for reproducibility.
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Tab. 1. Simulation parameters used to analyze the proposed system.

Waveform Eq. Subcarriers CP/guard Block Characteristic†

UFMC (5) 64 (8 bands) 43-tap filter 256 Per-subband FIR filtering
GFDM (6) 64 8 slots 512 Circular pulse shaping
FBMC (7) 64 4× ovlp 512 OQAM, prototype filter
NOMA (8) 256 — 256 Power domain superposition

OFDM-IM (9) 64 16 samples 80 Index modulation (60%)
OTFS (10) 8× 8 8 samples 72 Delay-Doppler domain

ODDM (11) 64 16 samples 80 Hadamard spreading
AFDM (12) 128 — 128 Chirp-based, Doppler-robust

† Waveform characteristic describes the signal-processing property of each waveform design. It is not a machine learning input feature (see Sec. 3).

3.1. Classical Signal Features (F1 – F35)

Amplitude statistics (F1 – F4): power, variance, skewness,
and kurtosis of the signal envelope distinguish constant enve-
lope waveforms (FBMC-OQAM) from their variable enve-
lope counterparts (NOMA with power superposition, AFDM
with chirp modulation).
Spectral features (F5 – F6, F16, F25 – F27, F29 – F31): spec-
tral centroid, spread, correlation, geometric mean, flatness,
occupancy, and entropy differentiate narrowband (UFMC
subbands) from wideband (FBMC, NOMA) signatures and
characterize spectral regularity based on the subcarrier struc-
ture.
Instantaneous frequency features (F7 – F11, F14): statistics
of ϕ′[n] = ∆(unwrap(arg(r[n]))) capture frequency mod-
ulation characteristics. Chirp consistency F14 specifically
detects the linearly time-varying instantaneous frequency of
AFDM.

Algorithm 1 Robust AMC framework (leakage-free)
Require: Received blocks {ri[n]}Nsi=1, labels {yi}
Ensure: Trained classifier f̂(·), optimal feature indices S∗

1: Dataset generation: Simulate per Tab. 1 and Sec. 2
2: Feature extraction: For each block ri[n]
3: Compute DFT: R[k] = DFT(r[n]); instantaneous

phase ϕ[n] = unwrap(arg(r[n]))
4: Compute instantaneous frequency ϕ′[n] = ∆ϕ[n]
5: Compute time-frequency representations

(STFT, WVD, FrFT)
6: Extract f1–f35 (Tab. 2) and f36–f38, Eqs. (13) – (15)
7: Train/test split: Stratified 70 / 30% partition P; save P

for reuse
8: Normalization: f̃i = (fi − µtrain)/σtrain
9: Feature selection (leakage-free): Apply Alg. 2 to train-

ing fold only; select top-K features S∗
10: Training: Train all classifiers on f̃i,S∗ using same P;

hyperparameters via inner 5-fold CV on training fold
11: Evaluation: Accuracy, precision, recall, F1, McNemar

tests, Wilson CI on 30% test set
12: Return f̂(·), S∗

Time-frequency analysis (F12 – F15): FrFT peak ratio F12
detects chirp signals, WVD linearity F13 measures time-
frequency concentration, spectrogram TF entropy F15 quan-
tifies joint time-frequency complexity. Note: WVD calcu-
lation O(N2 logN) is the costliest feature to compute. It
ranks 15th in terms of importance and is eliminated in the
10-feature deployment subset.
Waveform-specific features (F17 – F24, F28, F32 – F35): PA-
PR F18 distinguishes single-carrier from multicarrier wave-
forms. CP correlation F24 identifies CP-OFDM structures.
Periodicity F32 and cyclic peak F33 detect block structural
repetition.

3.2. New Channel-aware Features (F36 – F38)

Three features explicitly designed to capture propagation ef-
fects, invariant to waveform structure:
Amplitude fading variance (F36):

F36 =
Var(Plocal)(
E[Plocal]

)2 , (13)

where:

Plocal[k] =
1

W

(k+1)W−1∑
n=kW

∣∣r[n]∣∣2 ,
W = min

(
32, bN/4c

)
.

It is near zero under AWGN (F36 < 0.1) and elevated under
Rayleigh/Rician fading (F36 > 0.3).
Phase discontinuity (F37):

F37 = std
(
ϕ′′[n]
)
, (14)

where
ϕ′′[n] = ∆2

(
unwrap(arg(r[n]))

)
is the second order phase difference. Pearson correlation with
CFO magnitude: ρ = 0.82.
Frequency drift (F38):

F38 = std(flocal) , (15)
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where

flocal[k] =
1

W

(k+1)W−1∑
n=kW

ϕ′[n]

increases 3 – 5× from 30 km/h to 120 km/h Doppler scenar-
ios.
Ablation studies (Tab. 6 in Subsection 5.2) confirm that the
removal of F36 – F38 degrades accuracy by up to 3.1% under
double selective fading, validating their channel-specific val-
ue. F36 ranks 7th out of 38 features (ensemble score 0.360);
F37 ranks 21st (score 0.190). F38 ranks 36th out of 38 (score
0.103) and does not enter the 10-feature deployment subset.
Its contribution is most pronounced under extreme CFO con-
ditions (> 2 kHz) encountered only in pre-synchronization
scenarios.

4. Multi-algorithm Classification Study
4.1. Evaluated Classifiers

Nine classifiers that span classical, ensemble, and deep
learning families are evaluated. For each classifier, we list
the key hyperparameters that govern its decision boundary
or capacity. The full grid-search details are given in Sec. 4.2:
1) k-NN: k = 5, Euclidean distance; majority vote on five

nearest neighbors. Simple non-parametric baseline.
2) SVM-linear: ECOC one-versus-all, linear kernel, regu-

larization C = 1. Decision boundaries are hyperplanes
in the 38-D feature space.

3) SVM-RBF: Gaussian kernel (RBF), C = 10, automatic
kernel scale estimation (γ = auto). Maps the features to
a high-dimensional reproducing kernel Hilbert space.

4) Decision tree: CART algorithm, Gini impurity criterion,
maximum 100 splits. Single-tree baseline; the shallowest
interpretable model evaluated.

5) Random forest: 150 decision trees, minimum 3 sam-
ples/leaf, bootstrap aggregating (bagging). Provides fea-
ture importance scores used in Sec. 5.

6) Naive Bayes: Kernel density estimation (KDE) for
continuous features; assumes conditional independence
across the 38 features.

7) Ensemble-boost (AdaBoostM2): 100 boosting iterations,
weak decision tree learner (maximum 20 splits per tree;
weights misclassified samples more heavily each round.

8) Ensemble bag: 100 decision trees, bootstrap sampling,
maximum 50 splits/tree; similar to random forest but
without feature subsampling at each split.

9) FC-MLP (deep-learning baseline): Fully-connected net-
work 256 → 128 → 64 → 8 [29]; batch normalization,
ReLU, dropout p = 0.3 per hidden layer; Adam opti-
mizer, ℓ2 regularization λ = 10−4, 100 epochs. Serves
as a deep learning reference point under identical feature
conditions.

All classifiers use z-score normalized features

f̃ =
f − µtrain

σtrain
,

training-set statistics only. Random seed 42 for reproducibil-
ity.

4.2. Hyperparameter Optimization

All hyperparameters were optimized through a 5-fold cross-
validation on the 70% training set using grid search. Key re-
sults: optimal k-NN k = 5 from {1, 3, 5, 7, 10, 15}; SVM-
linear C = 1 from {0.01, 0.1, 1, 10, 100}; SVM-RBF C =
10, γ = auto; decision tree maximum 100 splits; random
forest 150 trees, min leaf 3; ensemble-boost 100 iterations,
max 20 splits; ensemble-bag 100 trees, max 50 splits.
FC-MLP: initial learning rate from {10−4, 10−3, 10−2} (op-
timal 10−3); dropout from {0.2, 0.3, 0.5} (optimal 0.3); ℓ2
weight decay from {10−5, 10−4, 10−3} (optimal 10−4); ar-
chitecture depth 2 vs. 3 hidden layers and mini-batch size
{128, 256} also evaluated. This systematic procedure en-
sures a fair comparison between classifiers.

4.3. Performance Metrics

We report accuracy, i.e., overall correct rate, macro-averaged
precision, recall, F1 score, training time (wall-clock seconds)
and per segment inference time – milliseconds per complete
received block, including feature extraction and prediction.

4.4. Experimental Results

Key observations are as follows:
FC-MLP achieves the highest accuracy of 99.09%, marginal-
ly outperforming ensemble boost (99.04%) and random for-
est (99.02%). McNemar tests show that the FC-MLP vs. ran-
dom forest gap (p = 0.039) and FC-MLP vs. ensemble-boost
gap (p = 0.082) are both not statistically significant after
Bonferroni correction αB = 0.05/36 ≈ 0.00139, meaning
all three top classifiers are statistically equivalent at this op-
erating point.
Ensemble boost and random forest are near-equivalent (both
> 99%), with ensemble boost vs. random forest gap (p =
0.649, not significant), confirming that they are interchange-
able for this problem.
SVM-RBF requires the longest training time (2 545.7 s) due
to the 38-D high-dimensional feature space, where automat-
ic kernel scale estimation is suboptimal despite z-score nor-
malization. Naive Bayes has the highest inference latency of
51.68 ms/segment, making it unsuitable for real-time cogni-
tive radio applications.
FC-MLP, ensemble boost, and random forest all achieve real-
time inference (< 1 ms/segment), enabling throughput of >
10 000 segments/s. Note that the 0.071 ms figure for random
forest applies to the 10-feature deployment model (see Tab.
3 footnote); the 38-feature RF baseline achieves 0.021 ms
inference.
Decision tree is the best lightweight option (98.70%, 3.5 s
training, near-zero inferences) for resource-constrained de-
ployments accepting only a small accuracy trade-off over en-
semble methods.
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Tab. 2. Feature definitions F1 – F35 plus structural-auxiliary FA – FC.

ID Name Definition
F1 Signal power 1

N

∑
n

|r[n]|2

F2 Amplitude variance Var(A[n])
F3 Skewness E[(A− µA)3]/σ3A
F4 Kurtosis E[(A− µA)4]/σ4A
F5 Spectral centroid

∑
k

k|R[k]|2/
∑
k

|R[k]|2

F6 Spectral spread
√∑
k

(k − F5)2|R[k]|2/
∑
k

|R[k]|2

F7 IF Std Dev std(ϕ′[n])
F8 IF linear R2 Linear regression R2 of ϕ′[n] vs. n
F9 IF quadratic R2 Quadratic regression R2 of ϕ′[n] vs. n
F10 IF curvature mean(∆2ϕ′[n])

F11 IF rate variance Var(∆ϕ′[n])
F12 FrFT peak ratio maxα |Xα(u)|2/Etotal

F13 WVD linearity R2 of Wigner-Ville ridge fit in TF plane
F14 Chirp consistency 1− std(ϕ′[n])/mean(|ϕ′[n]|)
F15 TF entropy −

∑
t,f

P (t, f) logP (t, f) (STFT spectrogram)

F16 Spectral correlation
∑
k

R[k]R∗[k + 1]/
∑
k

|R[k]|2

F17 Zero-crossing rate (N − 1)−1
∑
n

1[r[n]r[n− 1] < 0]

F18 PAPR maxn |r[n]|2/E[|r[n]|2]
F19 Envelope mean E[A[n]]
F20 Crest factor maxnA[n]/

√
E[A[n]2]

F21 IF mean E[ϕ′[n]]
F22 Phase variance Var(ϕ[n])
F23 Phase entropy −

∑
b

pb log pb (histogram of ϕ[n], 32 bins)

F24 CP correlation |
∑
n

r[n+NCP]r
∗[n]|/E[|r|2]

F25 Spectral geom. mean exp
(

1
N

∑
k

log |R[k]|
)

F26 Spectral flatness F25/E[|R[k]|]
F27 Spectral occupancy Fraction of bins: |R[k]|2 > 0.1max |R[k]|2

F28 Autocorrelation peak maxτ>0 |Rrr[τ ]|/Rrr[0]
F29 Spectral entropy −

∑
k

pk log pk, pk = |R[k]|2/
∑
|R[k]|2

F30 Subband variance Var(P̄b), b = 1, . . . , 8 equal-width subbands
F31 Subcarrier regularity Periodicity score of |R[k]|2 at subcarrier spacing
F32 Periodicity Peak of normalized autocorrelation of A[n]
F33 Cyclic peak Max of cyclic autocorrelation spectrum
F34 Spectral coherence Coh(R[k], R[k +∆]) averaged over lag ∆

F35 Symbol rate estimation Dominant period of |r[n]|2 autocorrelation
FA† Filter sharpness Ratio of stopband to passband power in subband spectral profile
FB† Delay correlation |

∑
n

r[n]r∗[n−D]|/Rrr[0] at lagD = NCP

FC† Constellation shape Normalized variance of |r[n]|2 over symbol grid

Notation: R[k] = DFT of r[n], A[n] = |r[n]|, ϕ[n] = unwrap(arg(r[n])), ϕ′[n] = ∆ϕ[n].
†Structural-auxiliary features FA – FC (internal codes Filter Sharp, Delay Corr, Const Shape) rank 10th, 11th, and 13th respectively in Tab. 5. They
are extracted from the received block r[n] in fully blind mode and complement F1 – F35. Note: the labels F36, F37, F38 are reserved exclusively for the
three novel channel-aware features: amplitude fading variance, phase discontinuity, and frequency drift, defined in Sec. 3, Eqs. (13) – (15).

14
JOURNAL OF TELECOMMUNICATIONS
AND INFORMATION TECHNOLOGY 3/2026



Machine Learning-based Automatic Modulation Classification for 5G-Advanced and 6G Waveforms: Robust Identification Under Realistic Channel Impairments

Tab. 3. Multi-algorithm classification performance on the held-out test set (38 features, 70/30 train/test split). Best values are bold.

Classifier Acc [%] Prec [%] Rec [%] F1 [%] Train [s] Inf [ms] RT?

FC-MLP 99.09 99.10 99.09 99.09 970.8 0.021 ✓
Ensemble-boost 99.04 99.05 99.04 99.04 157.0 0.023 ✓
Random forest† 99.02 99.03 99.02 99.03 287.2 0.071‡ ✓
Decision tree 98.70 98.71 98.70 98.70 3.5 0.001 ✓
SVM-linear 97.57 97.62 97.57 97.59 388.0 0.009 ✓
SVM-RBF 97.19 97.39 97.19 97.29 2545.7 3.544 ×

Ensemble-bag 97.04 97.29 97.04 97.16 47.4 0.024 ✓
k-NN 96.94 97.04 96.94 96.99 2.5 1.249 ×

Naive Bayes 95.85 96.07 95.85 95.96 3.1 51.681 ×
RT? = inference < 1ms/sample.
†RF deployed with 10 features.
‡inference time measured on the 10-feature deployment model (0.021 ms at 38 features).

4.5. McNemar Tests

The accuracy differences between all classifier pairs are as-
sessed using the McNemar test with continuity correction
[30], which is applied to correct / incorrect vectors per sam-
ple. Bonferroni correction for

(
9
2

)
= 36 comparisons gives

αB = 0.05/36 ≈ 0.00139. The full pairwise p-value matrix
is shown in Tab. 4. Key findings are as follows:
• FC-MLP, ensemble boost, and random forest are mutual-

ly statistically equivalent (p > αB for all three pairwise
comparisons), confirming that these three top classifiers
are interchangeable at this operating point,
• All other classifiers are significantly different from the

random forest (p < 0.001), confirming meaningful accu-
racy gaps,
• The 10-feature random forest vs. 38-feature random forest

gap is not significant (p > 0.1), statistically confirming
that the compact subset does not lose significant precision.

5. Feature Importance and Selection
Five complementary methods are applied to obtain a robust
importance ranking:
1) Random forest permutation importance – OOB accuracy

degradation when each feature is permuted,
2) ReliefF – weight-based inter-class vs. intra-class separa-

tion (10 nearest neighbors),
3) Chi-square – statistical independence test (10 bins vs.

class labels),
4) Mutual information – I(F ;Y ) = H(Y )−H(Y |F ),
5) Fisher score – the ratio of between-class to within-class

variance.
The ensemble score shown as Algorithm 2 uses weights w =
[0.30, 0.175, 0.175, 0.175, 0.175], with a higher weight for
the importance of random forests due to its direct connection
to classifier performance:

sensemble[i] =

5∑
m=1

wm · sm[i] . (16)

Algorithm 2 Ensemble feature scoring (leakage-free train-
ing fold only)
Require: Feature matrix Ftrain ∈ RNtr×38 (training fold on-

ly), labels ytrain, weights w
Ensure: Ensemble scores sens[i], i = 1, . . . , 38

1: form = 1 to 5 do
2: Compute raw scores s̃m[i] with

methodm on (Ftrain, ytrain)

3: Normalize:
sm[i] = (s̃m[i]−mini s̃m)

maxi s̃m −mini s̃m
4: end for
5: sens[i] =

5∑
m=1
wm · sm[i]

6: Return sens

All scores normalized to [0, 1] before averaging.

5.1. Top Essential Features

Periodicity (rank 1) and subcarrier entropy (rank 2) are the
dominant discriminators. OFDM-based waveforms (UFMC,
OFDM-IM, GFDM) exhibit a highly regular and periodic
subcarrier structure, whereas NOMA (power superposition)
and AFDM (chirp modulation) do not. The ensemble score
is undefined (NaN), because the chi-square method is not ap-
plicable to near-binary indicator features. It is ranked first by
all four remaining methods and is assigned rank 1 by con-
sensus.
Channel-aware F36 (Amp Fade Var) ranks seventh out of 38
(ensemble score 0.360), confirming that explicit fading char-
acterization is highly discriminative. Different waveforms
exhibit distinct fading robustness profiles, making channel-
induced amplitude variance a powerful and early entering
classification cue.
Higher-order statistics (Skewness rank 5, Kurtosis rank
14) distinguish the constant-envelope FBMC-OQAM from
the variable-envelope NOMA. Time-frequency entropy
(TF Entropy, rank 6) provides robustness to Doppler and
multipath through joint time-frequency analysis – a charac-
teristic unavailable to purely spectral or temporal features.
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Tab. 4. McNemar test p-values (Bonferroni αB = 0.05/36 ≈ 0.00139).
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k-NN – 0.000 0.001† 0.000 0.000 0.000 0.000 0.218 0.000
SVM-linear – 0.000 0.000 0.000 0.000 0.000 0.000 0.000
SVM-RBF – 0.000 0.000 0.000 0.000 0.043 0.000

Decision tree – 0.000 0.000 0.000 0.000 0.000
Random forest – 0.000 0.649 0.000 0.039
Naive Bayes – 0.000 0.000 0.000

Ensemble-boost – 0.000 0.082
Ensemble-bag – 0.000

FC-MLP –
Bold entries are statistically significant (p < αB). FC-MLP, ensemble-boost, and random forest are mutually non-significant (blue).
†Exact p = 0.00148 > αB ≈ 0.00139: not significant after Bonferroni correction.
All values verified against mcnemar_tests.mat.

Tab. 5. Top 15 features ranked by weighted ensemble score (RF
30% + ReliefF 17.5% + χ2 17.5% + MI 17.5% + Fisher 17.5%).

Rank Feature Score Type

1 Period –† Spectral
2 Subcar. Entropy 0.825 Temporal
3 Var. Amp 0.515 Spectral
4 Spec. Occup 0.502 Spectral
5 Skewness 0.428 Statistical
6 TF Entropy 0.405 Statistical

7 Amp. Fade Var
(F36) 0.360 Channel-aware

8 Spec. Coher 0.353 Spectral
9 CP Corr 0.326 Waveform-specific
10 Filter Sharp 0.321 Spectral
11 Delay Corr 0.315 Statistical
12 Subcar. Reg 0.306 Spectral
13 Const. Shape 0.275 Statistical
14 Kurtosis 0.275 Statistical
15 IF Std 0.272 Inst.-freq.

† Score undefined: χ2 returns NaN for period (near-binary indi-
cator incompatible with frequency-bin discretization). The period is
ranked first by all the other four methods; it is assigned rank 1 by
consensus. Yellow rows: optimal 10-feature deployment subset. F36
(Amp Fade Var) is the novel channel-sensitive feature. Scores verified
against feature importance.mat.

5.2. Channel-aware Feature Ablation Study

Table 6 shows the impact of removing channel-aware fea-
tures. F36 is most critical for fading (–1.4% when removed
alone), F37 for Doppler and CFO conditions (–1.1% alone
under high Doppler). F38 (rank 36/38, score 0.103) con-
tributes primarily under extreme pre-synchronization CFO
scenarios and does not enter the 10-feature subset.

Tab. 6. Ablation study: accuracy in percent of the 10-feature ran-
dom forest with/without channel-aware features. Verified against
per channel confusion.mat.

Channel All F36 F37 F38 None

AWGN 99.8 99.8 99.8 99.8 99.8
Rayleigh/Rician 98.5 97.1 98.3 98.4 96.4
Frequency offset 97.9 97.8 96.8 97.7 96.6

Low Doppler 98.2 98.0 97.7 97.9 96.9
High Doppler 96.8 96.6 95.7 96.3 94.2
Freq.-selective 97.4 97.1 97.3 97.3 96.8
Timing offset 98.1 98.0 97.4 98.0 97.2

Double-selective 96.1 95.5 95.3 95.6 93.0
Mean 97.9 97.5 97.3 97.6 96.4

6. Feature Reduction Analysis

The random forest achieves a performance rate of 98.90%
with 10 features and 99.05% with 15, a gap of 0.15 pp.
The 10-feature configuration is within 0.12 percentage points
(pp) of the full-feature baseline at 74% dimensionality reduc-
tion. Strong performance is achieved even with five features
(95.38 – 97.76%), well above the 12.5% chance level for 8
classes, and all classifiers already exceed 95%.
There is a plateau beyond 10 features for the random forest,
where the accuracy fluctuates by no more than 0.13 pp from
10 to 38 features. Ensemble-boost shows a 0.22 pp gap at 10
features (98.82% vs. 99.04% at 38 features). The plateau of
< 0.15 pp is reached from 15 features onward for all ensemble
methods.
All four classifiers converge to near-optimal at 10 features,
validating classifier-independent feature selection. FC-MLP
tracks random forest and ensemble boost closely across all
feature counts.
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Tab. 7. Classification accuracy (in percent) vs. feature count for
four classifiers.

Feature
count

Ens.-
boost

Rand.
forest Dec. tree FC-MLP

5 97.58 97.76 95.38 97.13
10 98.82 98.90 97.52 98.82
15 98.97 99.05 98.10 99.02
20 99.02 99.06 98.43 99.05
25 99.03 99.05 98.78 99.08
30 99.03 99.06 98.70 99.04
38 99.04 99.02 98.70 99.09

RF: <0.17 pp gain beyond 10 features (38F baseline 99.02%). Ens.-
Boost: 0.22 pp gap at 10F; plateau <0.15 pp from 15F onward. All
classifiers use the same subset of ranked features and identical 70/30
train/test partition. Optimal row (10 features) shaded. Decision tree ac-
curacy recovers more slowly due to overpruning. Values verified against
feature reduction.mat.

The 10-feature (10F) configuration yields: (i) 74% reduction
in feature extraction operations; the costliest feature, WVD
(F13, O(N2 logN), rank 15), is eliminated, reducing total
extraction time from 18.7 ms to 2.1 ms per block at the 8 kHz
simulation rate – see Sec. 8.3 for wideband projections; (ii)
73.7% memory reduction from 152 to 40 bytes per feature
vector; (iii) 0.071 ms inference time per segment on a stan-
dard Intel Core i7-8550U, 2.4 GHz processor, enabling >
14 000 segments/s.

7. Cross-validation and Robustness
Analysis

7.1. K-Fold Cross-validation

The 10-feature random forest model undergoes 5-fold strat-
ified cross-validation: mean accuracy 98.54%, σ = 0.05%,
Wilson 95% CI [98.49%, 98.59%] [31] and coefficient of
variation 0.05%. The Wilson interval is used in preference to
the normal approximation, which is inaccurate near p = 1.
The narrow interval confirms the exceptional generalization
stability. Feature selection is performed independently with-
in each fold’s training partition, preserving strict leakage-
free evaluation throughout.

7.2. Per-Channel Performance

Using the 10-feature ensemble-boost model on the
nine custom channels (all values verified against
per channel confusion.mat):
• AWGN: 99.96%,
• Rayleigh fading: 98.87% (F36 maintains discrimination

under amplitude fluctuations),
• Rician fading: 99.98%,
• Frequency offset: 99.42% (cyclostationary features ro-

bust to constant CFO; residual confusion in AFDM/OTFS
pair),
• Timing offset: 99.92%,

Tab. 8. Confusion matrix under the Rayleigh fading channel.

Tr
ue

/P
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D

D
M

A
FD

M

UFMC 2100 0 0 0 0 0 0 0

GFDM 0 2100 0 0 0 0 0 0

FBMC 0 0 2007 93 0 0 0 0

NOMA 0 0 56 2044 0 0 0 0

OFDM-
IM 0 0 0 0 2082 0 18 0

OTFS 0 0 0 0 0 2100 0 0

ODDM 0 0 0 0 23 0 2077 0

AFDM 0 0 0 0 0 0 0 2100
10-feature ensemble-boost model; 2100 test samples per class. The
bold diagonal entries are per class recall.

• Low Doppler (30 km/h): 98.93%,
• High Doppler (120 km/h): 99.04%,
• Frequency-selective: 99.98% (multipath creates distinc-

tive temporal correlation aiding UFMC identification),
• Double selective time-frequency: 99.02% without F36 –

F38, this drops to 93.0%, as reported in the ablation study
in Tab. 6.

3GPP TDL standard channels (verified against
per channel confusion.mat):
• TDL-A (30 ns delay spread, indoor/dense urban): 99.96%

confirming transferability of selected features to standard
profiles,
• TDL-B (100 ns, urban macro): 99.95%,
• TDL-C (300 ns, rural macro): 99.97% – the largest stan-

dard profile delay spread, yet performance remains consis-
tently high, confirming robustness of the selected feature
set.

Table 8 shows the 8 × 8 confusion matrix generated by
the 10-feature model under the Rayleigh fading channel.
UFMC, GFDM, OTFS and AFDM achieve perfect classifi-
cation (2100 / 2100). The primary confusion occurs between
FBMC and NOMA (93 FBMC samples misclassified as NO-
MA, 56 NOMA samples misclassified as FBMC), which
is attributable to their overlapping envelope statistics under
amplitude-varying fading. A secondary confusion cluster ap-
pears between OFDM-IM and ODDM (18 and 23 samples,
respectively), reflecting their shared index-modulation and
spreading characteristics.

7.3. Parametric Robustness Analysis

SNR sensitivity (10-feature random forest model): at 5 dB
is 84.5%; at 0 dB is 93.2%; at +5 dB is 97.6%. In ­ 10 dB
range it equals ­ 98.4%. Below –5 dB, signal averaging or
diversity combining is recommended.
Doppler sensitivity: 0 km/h: 99.4%; 30 km/h: 98.2%; 60
km/h: 97.5%; 120 km/h: 96.8%. Performance degrades
gracefully across the full range from urban to highway. CFO
sensitivity: 150 Hz (post-synchronization, ≈ 0.063 ppm):
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Tab. 9. Comparison with state-of-the-art AMC methods. This work
adds a FC-MLP deep learning baseline and 3GPP TDL standard
channels.

Reference Waveforms Channels Acc
[%] Method

[32] 11 conv. AWGN
only 94.20 HO

cumulants

[10] 5 NG Simple 95.00 Deep
ResNet+PCA

[33] Conv. AWGN+
Rician

96.80 CNN-
LSTM

[34] Conv. AWGN 95.60 Deep CNN
This work
(FC-MLP,

38F)
8 NG 12

channels 99.09 MLP
256-128-64

This work
(RF, 10F) 8 NG 12

channels 98.90 RF, 10
features

74% reduction in features, 0.071ms / segment, capable of real-time.
NG = next-generation waveform.

97.9%; 1 kHz: 96.9%; 2.4 kHz (≈ 1 ppm at 2.4 GHz,
pre-synchronization): 96.3%; 5 kHz: 93.1%. The 2.4 kHz
case remains at 96.3%, confirming practical robustness for
consumer-grade oscillator mismatch. Timing offset sensitivi-
ty: 0 samples: 99.8%; 5 samples: 98.1%; 10 samples: 97.9%;
15 samples: 96.6% (faster degradation as CP is partially cor-
rupted).

8. Discussion

8.1. Comparison with Other Work

The proposed framework achieves a 2.09 – 4.89 percent-
age point improvement over the state-of-the-art solution on
comparable or simpler waveform sets – Tab. 9. The au-
thors of [32] used higher-order cumulants for convention-
al PSK/QAM and their approach does not extend to next-
generation multicarrier waveforms. In [10], a deep residu-
al network achieving approximately 95% accuracy is pro-
posed in five 5G waveforms, but the evaluation excluded de-
lay Doppler waveforms (OTFS, ODDM, AFDM) and com-
pound channel conditions. Frameworks described in [33],
[34] operate on conventional modulation schemes under sim-
pler channel models.
Critically, the deep learning baseline trained on the same 38
characteristics achieves 99.09%, which is the highest single
model precision score and is statistically equivalent to that of
ensemble boost and random forest (McNemar p > αB for all
three pairwise comparisons). This result demonstrates two
complementary points: (i) the hand-crafted features are rich
enough to support top-tier deep learning classification, and
(ii) structured ensemble classifiers that explicitly exploit fea-
ture interactions via tree splits achieve performance equiv-
alent to that of generic MLP architectures on this problem,
while offering physical interpretability.
The dominant discriminators, i.e., periodicity, subcarrier en-
tropy, F36, are explicitly identified – a feat that end-to-end
black-box approaches cannot offer.

8.2. Practical CR Deployment Considerations

The 10-feature compact model is specifically designed for
the resource envelope of real CR hardware. It requires <
40 KB total memory (40-byte feature vectors plus 35 KB
for random forest model), placing it within the capabili-
ties of ARM Cortex-M7 microcontrollers, FPGAs, software-
defined radio platforms (USRP, HackRF, LimeSDR), UAV-
mounted spectrum sensors and battery-powered secondary
IoT nodes. With 0.071 ms inference time per segment, the
identifier imposes negligible latency overhead on the CR
sensing decision cycle and may comfortably run in parallel
with other CR functions such as channel estimation and pow-
er control.
For access to the dynamic CR spectrum, the identification
latency directly determines how quickly a secondary user
can react to the transmission of a primary user. At 0.071 ms
per block, the system supports > 14 000 spectrum sensing
decisions per second within the millisecond reaction times
required by 5G NR and anticipated by 6G MAC protocols.
The 40-byte feature vector also lends itself to cooperative CR
sensing – secondary nodes can broadcast their feature vectors
to a fusion center for ensemble decision-making without sig-
nificant control channel overhead.

8.3. Scalability to Wideband CR Systems

All frequency domain features are normalized by the Nyquist
frequency, and all temporal features use symbol-period units
rather than absolute sample counts. Therefore, the features
are scale-invariant by design. A CR receiver observing a 5G
NR signal at 100 MHz bandwidth would extract identical
normalized subcarrier regularity and spectral occupancy ra-
tios as in the 8 kHz experiments reported here.
It is important to be explicit about the current scope. The
experiments use fs = 8 kHz as a reduced-scale proof-of-
concept that preserves all waveform structural properties
(subcarrier relationships, CP ratios, Doppler-to-bandwidth
ratios) while remaining computationally tractable for a com-
prehensive 201 600 signal, 12 channel, 9 classifier study.
The extrapolation to wideband CR bandwidths is analytical-
ly motivated, but is not yet hardware validated.
Feature extraction time scales as follows: at 8 kHz, the dom-
inant cost is WVD (O(N2 logN)), giving 18.7 ms per block
for the full 38-feature set and 2.1 ms for the 10-feature subset
(WVD eliminated). At 100 MHz, representative of a wide-
band CR receiver, symbol-period windows are proportion-
ally shorter (∼150× fewer samples for the same number of
symbols), so extraction time is expected to reduce to≈ 30 µs
per block. Hardware validation at 5G NR bandwidths (e.g.,
on a USRP B210 or ZCU111 RFSoC operated as a CR front
end) remains a priority for future work and is listed as a lim-
itation below.

8.4. Limitations and Future Directions

All experiments use fs = 8 kHz. Scale invariance is analyt-
ically guaranteed by feature normalization but not yet con-
firmed by hardware measurement at 5G NR bandwidths on
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a real CR platform. USRP or RFSoC validation is the most
urgent open item.

Waveform block lengths range from 72 (OTFS) to 512 sam-
ples (GFDM, FBMC). In a CR receiver with no a priori
knowledge of the waveform, block segmentation must be
fixed, and longer blocks yield more stable feature estimates.
Per-waveform confusion analysis (Tab. 8) reveals that FBMC
and NOMA sharing overlapping envelope statistics under
fading are the primary confusion pair. Future work should
investigate adaptive block-length strategies or multiblock av-
eraging.

The current framework assumes that one of the eight known
waveforms is always present. Confidence-based rejection
(maximum posterior class probability < 0.7) can flag un-
known or novel waveforms; preliminary experiments cor-
rectly rejected 78% of artificially injected out-of-distribution
signals. Open-set CR sensing remains an open problem.

A CR receiver’s own front-end introduces phase noise of –
80 dBc/Hz and I/Q imbalance (0.1 – 0.5 dB amplitude mis-
match), causing an additional accuracy loss of up to 1.4%
and 0.8%, respectively, in supplementary Saleh PA model
experiments. The 16-QAM substitution causes only a degra-
dation of 0.3 to 0.8%, confirming that waveform-structural
features are largely modulation order independent, an impor-
tant property for blind CR sensing.

Sinc-interpolation-based offsets of 0.1 – 0.5 samples cause
an additional degradation of 0.4 – 1.2%, mainly affecting CP
correlation F24. A CR receiver with multiple antennas could
exploit MIMO spatial signatures as additional discriminative
features.

Future directions are as follows:

• Hardware CR validation: Deploy the 10-feature identifier
on a USRP B210 or ZCU111 RFSoC operating as a CR
secondary node, and confirm real-time throughput and
scale invariance at 5G NR bandwidths.
• Raw I/Q deep learning for CR: 1D-ResNet or transformer

trained on raw I/Q, with the 38-feature model as an inter-
pretable reference for attention visualization and CR ex-
plainability requirements.
• Transfer and meta-learning: A few-shot adaptation of the

CR identifier to novel 6G waveform candidates, using the
10-feature space as a compact domain-shift-robust repre-
sentation.
• Hierarchical CR identification: Two-stage approach

(waveform family, then specific waveform) to resolve
FBMC/NOMA and OFDM-IM/ODDM confusion,
reducing misclassification-driven interference in CR
systems.
• Joint identification and parameter estimation: Simultane-

ous waveform identification and symbol rate/modulation
order estimation to fully characterize the primary user sig-
nal for CR resource allocation.
• Cooperative CR sensing: Distributed identification where

multiple CR secondary nodes share compact feature vec-

tors for fusion center ensemble decisions, exploiting spa-
tial diversity.
• Open-set CR sensing: The detection of novelty of a single

class SVM or isolation forest in the 10-feature space to
flag unknown or emerging waveforms not in the training
set.

9. Conclusions

This paper presented a framework for the identification of
cognitive radio waveforms for eight 5G-Advanced/6G wave-
form candidates under realistic compound channel impair-
ments, addressing the fundamental CR requirement of blind,
non-cooperative waveform sensing. The study was extended
with three 3GPP TDL standard profiles, an FC-MLP deep
learning baseline, leakage-free feature selection, and McNe-
mar statistical validation. The following findings have been
verified based on 201 600 signals under twelve channel con-
ditions and with seven SNR levels:
1) FC-MLP achieves 99.09% waveform identification accu-

racy with 38 features 2.09 – 4.89 pp above prior state-
of-the-art solution in comparable or simpler waveform
sets. FC-MLP, ensemble boost (99.04%) and random for-
est (99.02%) are mutually statistically equivalent (McNe-
mar p > αB for all pairwise comparisons), giving CR
system designers flexibility in choosing between inter-
pretable ensemble methods and deep learning.

2) The hand-crafted 38-feature set fully supports deep-
learning-based CR identification. FC-MLP reaches
99.09% on the same features, while ensemble tree
methods achieve statistically equivalent performance
with greater interpretability, a key property for CR
regulatory and cognitive transparency requirements.

3) Compact CR deployment enabled by 10-feature random
forest at 98.90% within 0.12% of the full-feature base-
line (McNemar p > 0.1), with a 74% reduction in fea-
ture extraction cost and 0.071 ms per segment inference,
satisfying the real-time latency budget for dynamic CR
spectrum access.

4) Novel channel-aware features are critical for the robust-
ness of CR. Ablation studies confirm an accuracy im-
provement of up to 3.1% under double-selective fading
(93.0%→ 96.1%), i.e. the most adversarial CR propaga-
tion scenario, with F36 (amplitude fading variance) rank-
ing 7th among 38 features and entering the optimal 10-
feature CR deployment subset. F38 (frequency drift, rank
36/38) contributes primarily under extreme CFO condi-
tions and does not enter the 10-feature subset.

5) Robustness throughout the entire CR channel envelope.
Identification accuracy boosted from 98.87% (Rayleigh
fading) to 99.98% (AWGN and Rician fading) on cus-
tom channels and from 99.95% (TDL-B) to 99.97%
(TDL-C) on 3GPP standard profiles, confirming di-
rect transferability to 5G NR CR deployments. Per-
waveform confusion analysis identifies FBMC/NOMA
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and OFDM-IM/ODDM as the primary confusion pairs
under Rayleigh fading, providing actionable guidance for
CR system design.

6) Cross-validation confirms generalization stability:
98.54% mean, Wilson 95% CI [98.49%, 98.59%],
σ = 0.05% in 5 folds. All feature selection is performed
within training folds, ensuring genuine out-of-sample
performance estimates suitable for CR deployment
decisions.

7) Algorithm independent compact sensing. The top 10
leakage-free feature subsets are transferred across ran-
dom forest, ensemble-boost, decision tree, and FC-MLP,
enabling CR platform designers to select their preferred
classifier without redesigning the sensing front-end.

The proposed framework enables practical cognitive radio
waveform identification (40-byte feature vectors, 0.071 ms
latency, > 14 000 sensing decisions per second) while pro-
viding a physical insight into discriminative mechanisms:
periodicity, subcarrier entropy, and channel-aware F36 that
CR systems can leverage for adaptive spectrum management.
Hardware validation of the compact 10-feature identifier on
a USRP or RFSoC CR platform at 5G NR bandwidths is the
most critical open item for the transition from simulation to
real CR deployment.
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