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Abstract 

Automatic modulation classification (AMC) is a critical enabler of cognitive radio (CR) 
systems, allowing secondary users to identify primary user modulation schemes and 
adapt transmission parameters in real time. Traditional AMC approaches, based on like-
lihood functions or hand-crafted features, suffer from degraded performance under low 
signal-to-noise ratio (SNR) conditions and realistic channel impairments. In this paper, we 
propose MS-SENet (Multi-Scale Squeeze–Excitation Network), a novel deep-learning ar-
chitecture that integrates multi-scale convolutional feature extraction, squeeze-and-exci-
tation channel attention, residual learning, bidirectional long short-term memory 
(BiLSTM) temporal modelling, and global attention pooling into a unified framework for 
robust AMC. The multi-scale convolution module employs parallel branches with kernel 
sizes of 3, 5, and 7 to capture both fine-grained phase transitions and coarse envelope 
patterns from raw in-phase/quadrature (I/Q) signal samples. Squeeze–excitation residual 
blocks perform channel-wise feature recalibration, enabling the network to emphasize in-
formative feature maps while suppressing less relevant ones. A bidirectional LSTM layer 
models temporal dependencies across the signal sequence, and a global attention pooling 
mechanism performs weighted temporal aggregation prior to classification. We present a 
comprehensive taxonomy of deep-learning architectures for AMC organised along five 
axes—input representation, feature extraction, temporal modelling, regularization strat-
egy, and architectural complexity—and conduct a rigorous comparative evaluation 
against ten baseline architectures on a RadioML-style synthetic dataset (110,000 samples, 
11 modulation classes, and 20 SNR levels from −20 to +18 dB). The experimental results 
demonstrate that MS-SENet achieves a mean classification accuracy of 87.9% at SNR ≥ 0 
dB (the average of the medium and high SNR regime averages: 86.06% for 0 ≤ SNR < 10 
dB and 89.68% for SNR ≥ 10 dB) while maintaining a compact footprint of approximately 
406 K parameters, making it suitable for deployment on resource-constrained edge de-
vices. We further analyze the robustness of the proposed architecture to multipath fading, 
carrier frequency offset, and sample rate offset, confirming its resilience under practical 
operating conditions. MS-SENet is an architecture designed for automatic modulation 
classification of I/Q signals and is not related to the homonymous architecture for speech 
emotion recognition. 
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1. Introduction 
1.1. Context and Motivation 

The explosive growth of wireless communication services over the past two decades 
has placed extraordinary demands on the electromagnetic spectrum, a finite and increas-
ingly congested natural resource. Regulatory bodies, such as the Federal Communications 
Commission (FCC), have historically allocated spectrum through static licensing policies, 
resulting in significant portions of the licensed spectrum being underutilised across time 
and geography. Measurement studies have consistently revealed that spectrum occu-
pancy in many licensed bands falls below 15–20% on average, even in densely populated 
urban environments [1]. This paradox—where perceived spectrum scarcity coexists with 
actual spectrum underutilisation—has motivated the development of dynamic spectrum 
access (DSA) paradigms capable of opportunistically exploiting unused spectral re-
sources. 

Cognitive radio (CR), first conceptualised by Mitola and Maguire in their seminal 
1999 paper [2], provides the foundational framework for intelligent, adaptive wireless 
communication. A cognitive radio is defined as a radio system that can sense its electro-
magnetic environment, learn from experience, and dynamically adjust its operating pa-
rameters—including frequency, bandwidth, modulation scheme, and transmit power—to 
optimise communication performance while avoiding harmful interference to licensed 
(primary) users. Haykin further formalised the CR concept in 2005 [3], casting it within 
the framework of a cognitive cycle comprising four stages: observation, orientation, deci-
sion, and action (OODA). In this cycle, spectrum sensing and signal identification consti-
tute the observation stage, providing the situational awareness necessary for all subse-
quent decision-making. Akyildiz et al. [1] extended this vision by articulating the net-
work-level implications of CR technology, describing next-generation dynamic spectrum 
access networks in which heterogeneous cognitive radios cooperatively manage spectral 
resources. 

Within the cognitive cycle, automatic modulation classification (AMC) plays a piv-
otal role. AMC refers to the task of identifying the modulation scheme of a received signal 
without prior knowledge of the transmitter’s parameters, relying solely on the character-
istics of the intercepted waveform. This capability is essential for multiple CR functions: 
it enables secondary users to identify and characterise primary user transmissions, facili-
tates link adaptation in cooperative networks, supports signal intelligence and surveil-
lance applications, and enables efficient spectrum sharing through modulation-aware me-
dium access control protocols [4]. Dobre et al. [4] provided an influential survey of AMC 
techniques, establishing the two principal methodological families—likelihood-based and 
feature-based approaches—that dominated the field for over a decade. 

The importance of AMC extends beyond cognitive radio into military communica-
tions, electronic warfare, regulatory spectrum monitoring, and interference management. 
In each of these domains, the ability to automatically and reliably identify the modulation 
format of intercepted signals—potentially under adverse conditions of low signal-to-noise 
ratio (SNR), multipath propagation, carrier frequency offset (CFO), and timing synchro-
nisation errors—constitutes a fundamental technical challenge. 
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1.2. Challenges in AMC 

Despite decades of research, AMC remains a formidable signal processing problem 
due to several interrelated challenges: 

• Low SNR Performance. At low SNR values (below 0 dB), the noise power approaches 
or exceeds the signal power, making it exceedingly difficult to distinguish between 
modulation schemes that share similar spectral or statistical characteristics. For ex-
ample, differentiating between QPSK and 8PSK at −4 dB SNR requires the classifier 
to resolve subtle differences in constellation geometry that are almost entirely ob-
scured by additive noise [5]. Classical likelihood-based methods suffer rapid perfor-
mance degradation below 0 dB, while feature-based methods exhibit high sensitivity 
to the accuracy of SNR estimation itself. 

• Channel Impairments. Real-world wireless channels introduce multipath fading, 
shadowing, Doppler spread, and frequency-selective distortion that fundamentally 
alter the statistical properties of the received signal. A classifier trained under addi-
tive white Gaussian noise (AWGN) conditions may fail catastrophically when de-
ployed in a Rayleigh or Rician fading environment [6]. The channel transfer function 
acts as a multiplicative distortion on the transmitted constellation, rotating, scaling, 
and dispersing the symbol clusters in ways that can mimic transitions between mod-
ulation orders. 

• Synchronisation Errors. Practical receivers are subject to residual carrier frequency 
offset (CFO), symbol timing offset (STO), and sample rate offset (SRO) after initial 
synchronisation stages. These imperfections introduce time-varying phase rotations 
and inter-symbol interference that degrade classifier performance, particularly for 
higher-order modulation schemes, where the decision boundaries between constel-
lation points are narrow [7]. 

• Computational Complexity and Latency. CR systems require AMC decisions within 
stringent latency constraints to enable timely spectrum access. Maximum-likelihood 
classifiers, while theoretically optimal, involve computing multi-dimensional inte-
grals or exhaustive parameter searches that are computationally prohibitive for real-
time operation. Any practical AMC algorithm must balance classification accuracy 
against inference latency and computational resource consumption. 

• Scalability to Large Modulation Pools. Modern communication standards employ 
dozens of distinct modulation and coding schemes. An AMC system must scale 
gracefully as the number of candidate modulation classes increases, maintaining 
high accuracy without requiring exponential growth in model complexity or training 
data. 

1.3. Evolution from Classical to Deep-Learning Approaches 

The historical evolution of AMC methods can be broadly organised into three gener-
ations. The first generation, spanning roughly from the late 1980s through the early 2000s, 
was dominated by likelihood-based (LB) methods. These approaches formulate AMC as 
a composite hypothesis testing problem, computing the likelihood ratio between candi-
date modulation hypotheses given the received signal [8]. The average likelihood ratio 
test (ALRT), generalised likelihood ratio test (GLRT), and hybrid likelihood ratio test 
(HLRT) represent the principal variants. While LB methods achieve optimal performance 
in the Bayesian sense, when the signal and channel models are precisely known, they suf-
fer from prohibitive computational complexity and extreme sensitivity to model mis-
match [4]. 

The second generation, emerging in the 1990s and maturing through the 2010s, in-
troduced feature-based (FB) methods that extract discriminative statistics from the 
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received signal and apply conventional pattern recognition classifiers. Key features in-
clude higher-order cumulants [9,10], cyclic spectral features, wavelet-based features, and 
instantaneous signal characteristics, such as the standard deviation of the instantaneous 
amplitude, frequency, and phase. Swami and Sadler [9] demonstrated that fourth- and 
sixth-order cumulants provide effective discrimination between common modulation for-
mats. Nandi and Azzouz [10] developed a comprehensive set of key features combined 
with decision-theoretic classifiers. While FB methods are significantly less computation-
ally intensive than LB methods, their performance depends critically on the quality of the 
hand-crafted feature set, which must be redesigned whenever the signal environment or 
modulation pool changes. 

The third generation, beginning with the pioneering work of O’Shea, Corgan, and 
Clancy in 2016 [11], brought deep learning (DL) to AMC. By training convolutional neural 
networks (CNNs) directly on raw I/Q samples, O’Shea et al. demonstrated that deep net-
works could automatically learn discriminative representations without requiring expert-
designed features. This work, conducted on the publicly available RadioML 2016.10A da-
taset, catalysed an explosion of research at the intersection of deep learning and AMC. 
Subsequent contributions introduced deeper CNN architectures [12], recurrent neural 
networks for temporal modelling [13], residual learning for training stability [14], atten-
tion mechanisms for feature selection, and hybrid architectures combining convolutional 
and recurrent stages [15,16]. More recently, research has focused on increasingly sophis-
ticated architectures that integrate multi-scale feature extraction and attention mecha-
nisms. Tian et al. [17] provided a comprehensive survey of deep-learning-enabled AMC 
methods, analysing recent advances in data representations, model architectures, and reg-
ularisation techniques. Xu et al. [18] proposed MCCSAN, a deep-learning architecture that 
combines multiscale complex convolutions with spatiotemporal attention mechanisms to 
improve classification performance under challenging channel conditions. These recent 
developments highlight the continuing evolution of AMC architectures towards more ex-
pressive and robust deep-learning frameworks. The RadioML benchmark datasets have 
become standard evaluation platforms, enabling reproducible comparison across meth-
ods. 

Despite the significant progress achieved by deep learning, several open problems 
remain. Most existing architectures are evaluated under idealised conditions and exhibit 
limited robustness to channel impairments not represented in the training data. Few 
works provide systematic comparisons across architectural families under identical ex-
perimental conditions. The trade-off between classification accuracy and computational 
efficiency—critical for deployment on resource-constrained edge devices—is often inade-
quately addressed. Addressing these challenges is particularly important in the context of 
emerging 6G paradigms, where intelligent, AI-driven spectrum sensing and autonomous 
decision-making are key enablers of next-generation wireless systems, supporting the 
transition towards AI-native communication infrastructures. 

1.4. Contributions 

In this paper, we address the aforementioned gaps through the following contribu-
tions: 

1. MS-SENet Architecture. We propose a novel deep-learning architecture, the Multi-
Scale Squeeze–Excitation Network (MS-SENet), that synergistically combines multi-
scale convolutional feature extraction, squeeze-and-excitation channel attention, re-
sidual connections, bidirectional LSTM temporal modelling, and global attention 
pooling. The multi-scale convolution module employs three parallel branches with 
kernel sizes of 3, 5, and 7 to jointly capture fine-grained phase transitions and coarse-
grained envelope dynamics. Squeeze–excitation residual blocks recalibrate channel-
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wise feature responses, and a bidirectional LSTM with attention pooling models 
long-range temporal dependencies. The resulting architecture achieves state-of-the-
art accuracy, with a compact parameter footprint of approximately 406 K parameters. 
Note: Our MS-SENet is a distinct architecture designed for automatic modulation 
classification of I/Q signals, and is not related to the homonymous architecture for 
speech emotion recognition [19]. 

2. Comprehensive Taxonomy. We present a structured taxonomy of deep-learning ar-
chitectures for AMC, organised along five axes: input representation, feature extrac-
tion backbone, temporal modelling strategy, regularisation approach, and architec-
tural complexity. This taxonomy provides a systematic framework for understanding 
the design space and identifying promising architectural combinations. 

3. Rigorous Comparative Evaluation. We conduct an extensive experimental compari-
son of MS-SENet against ten baseline architectures spanning CNNs, RNNs, hybrid 
models, and transformer-based approaches, all evaluated under identical pre-pro-
cessing, training, and evaluation protocols on our RadioML-style synthetic dataset. 

4. Robustness Analysis. We systematically evaluate the robustness of MS-SENet and 
baseline architectures to practical channel impairments, including multipath Ray-
leigh fading, carrier frequency offset, and sample rate offset, providing insights into 
the real-world deployment viability of each approach. 

1.5. Article Organisation 

The remainder of this article is organised as follows. Section 2 presents the system 
model and formally defines the AMC problem as a supervised classification task. Section 
3 introduces our proposed taxonomy of deep-learning architectures for AMC and surveys 
the ten baseline architectures used in our comparative evaluation. Section 4 details the 
proposed MS-SENet architecture, including the multi-scale convolution module, 
squeeze–excitation residual blocks, bidirectional LSTM with attention pooling, training 
strategy, and computational complexity analysis. Section 5 describes the experimental 
setup, datasets, and evaluation methodology. Section 6 presents and discusses the exper-
imental results, including overall accuracy, per-SNR performance, confusion matrix anal-
ysis, ablation studies, and robustness evaluation. Section 7 presents remaining challenges 
and future research directions. Section 8 concludes this paper. 

2. System Model and Problem Formulation 
2.1. Signal Model 

We consider a cognitive radio system in which a secondary user (SU) receiver inter-
cepts a signal transmitted by either a primary user (PU) or another SU. The transmitter 
employs one of 𝑀 candidate modulation schemes from a predefined modulation pool ℳ = {𝑚ଵ,𝑚ଶ, … ,𝑚ெ}. In this work, we consider 𝑀 =  11 modulation schemes following 
the RadioML 2016.10A dataset: ℳ = {BPSK, QPSK, 8PSK, 16QAM, 64QAM, CPFSK, GFSK, PAM4, WBFM, AM-SSB, AM-DSB}. 

The complex baseband representation of the transmitted signal for modulation class 𝑚௞ is given by: 𝑥ሾ𝑛ሿ = ෍𝑠௜௜  𝑔൫𝑛𝑇௦ − 𝑖𝑇sym − τ൯ 𝑒௝ሺଶ஠௙೎௡ ೞ்ାமబሻ (1)

where 𝑠௜ ∈ 𝒮𝓂𝓀   denotes the 𝑖 -th transmitted symbol drawn from the constellation set 𝒮𝓂𝓀  of the modulation class 𝑚௞, 𝑔ሺ⋅ሻ is the pulse shaping filter, 𝑇௦ is the sampling pe-
riod, 𝑇sym is the symbol period, τ is the timing offset, 𝑓௖ is the carrier frequency, and ϕ଴ 
is the initial carrier phase. 
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For phase-shift keying (PSK) modulations of order 𝑄 , the constellation points are 
uniformly distributed on the unit circle: 𝒮PK𝒬 = ൛ 𝑒௝ଶ஠௤/ொ ∣∣ 𝑞 = 0, 1, … , 𝑄 − 1 ൟ (2)

For quadrature amplitude modulation (QAM) of order 𝑄 = 𝐿ଶ , the constellation 
points form a regular square grid: 𝒮QM𝒬 = ൛ ሺ2𝑙ூ − 𝐿 − 1ሻ + 𝑗൫2𝑙ொ − 𝐿 − 1൯ ∣∣ 𝑙ூ , 𝑙ொ ∈ {1, 2, … , 𝐿} ൟ (3)

where the constellation is normalised to unit average energy ଵொ ∑ |𝑠|ଶ௦∈𝒮 = 1. 

The received signal at the SU receiver, after down conversion to baseband and ana-
logue-to-digital conversion, is modelled as: 𝑦ሾ𝑛ሿ = ℎሾ𝑛ሿ ∗ 𝑥ሾ𝑛ሿ+ 𝑤ሾ𝑛ሿ   (4)

where ℎሾ𝑛ሿ represents the discrete-time channel impulse response, ∗ denotes linear con-
volution, and 𝑤ሾ𝑛ሿ ∼ 𝒞𝒩ሺ0,σ௪ଶ ሻ is circularly symmetric complex additive white Gauss-
ian noise with variance σ௪ଶ . 

We consider two canonical channel models: 

• AWGN Channel. In the simplest case, the channel introduces no distortion, and the 
channel impulse response reduces to a single tap: ℎሾ𝑛ሿ = α 𝑒௝஘ δሾ𝑛ሿ (5)

where α is the channel gain and θ is the channel phase. The received signal simplifies to 𝑦ሾ𝑛ሿ = α 𝑒௝஘ 𝑥ሾ𝑛ሿ+ 𝑤ሾ𝑛ሿ. 
• Rayleigh Fading Channel. For non-line-of-sight propagation environments, the chan-

nel is modelled as a multipath Rayleigh fading channel with 𝐿௣ discrete paths: 

ℎሾ𝑛ሿ = ෍ ℎ௟௅೛ିଵ
௟ୀ଴  δሾ𝑛 − 𝑛௟ሿ (6)

where ℎ௟ ∼ 𝒞𝒩ሺ0,σ௟ଶሻ is the complex gain of the 𝑙-th path with ∑ σ௟ଶ௅೛ିଵ௟ୀ଴ = 1, and 𝑛௟ is 
the discrete delay of the 𝑙-th path. The fading coefficients are assumed to be independent 
across paths and quasi-static over the observation interval. 

The signal-to-noise ratio (SNR) is defined as: 

SNR = 𝐸ሾ|ℎሾ𝑛ሿ ∗ 𝑥ሾ𝑛ሿ|ଶሿσ௪ଶ = 𝑃௦𝑃௡ (7)

where 𝑃௦ and 𝑃௡ denote the received signal power and noise power, respectively. 
The input to the AMC classifier is formed by collecting 𝑁 consecutive complex base-

band samples and organising them as a two-channel real-valued tensor (elements indexed 
from y [0] to y[N − 1]): Y = ൤Re{𝑦ሾ0ሿ} Re{𝑦ሾ2ሿ} ⋯ 𝑅𝑒{𝑦[𝑁 − 1]}

Im{𝑦[0]} Im{𝑦[2]} ⋯ 𝐼𝑚{𝑦[𝑁 − 1]}൨ ∈ 𝑅𝟚×ே (8)

In this work, we use 𝑁 =  128 samples per observation window, consistent with the 
RadioML dataset format. 

The diagram illustrates the four stages of the cognitive cycle originally described by 
Mitola [2] and formalised by Haykin [3]. In the Observe stage, the cognitive radio senses 
the electromagnetic environment through wideband spectrum sensing and signal inter-
ception, collecting raw I/Q samples from the radio front-end. In the Orient stage, the re-
ceived samples are processed to extract situational awareness: automatic modulation clas-
sification (AMC) identifies the modulation scheme of detected signals, while spectrum 
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sensing determines the occupancy state of frequency bands. The Decide stage applies de-
cision-making algorithms—potentially incorporating reinforcement learning or game-
theoretic optimisation—to select transmission parameters (frequency, bandwidth, modu-
lation, and power) that maximise the secondary user’s throughput while satisfying inter-
ference constraints. Finally, the Act stage reconfigures the software-defined radio trans-
ceiver to implement the chosen parameters. The cycle repeats continuously, enabling the 
cognitive radio to adapt to a dynamic spectral environment. The diagram illustrating this 
cognitive cycle is presented in Figure 1, where AMC is highlighted as a critical component 
of the Orient stage, providing the modulation-level awareness that informs intelligent 
spectrum access decisions. 

 

Figure 1. The Observe–Orient–Decide–Act (OODA) cognitive cycle for cognitive radio systems. 

2.2. AMC as a Classification Problem 

Automatic modulation classification can be formally cast as a supervised multi-class 
classification problem. Let 𝒟 = {ሺ𝑌௜, 𝑐௜ሻ}௜ୀଵேtrain denote the training dataset, where 𝑌௜ ∈ 𝑅𝟚×ே 
is the 𝑖-th received signal observation, and 𝑐௜ ∈ {1, 2, … ,𝑀} is the corresponding ground-
truth modulation class label. The objective is to learn a mapping 𝑓஘:𝑅𝟚×ே → {1, 2, … ,𝑀}, 
parameterised by θ, that minimises the classification error probability. 

Using a deep neural network as the classifier, the network produces a vector of class-
conditional posterior probabilities through a SoftMax output layer: 𝑃ሺ 𝑐 = 𝑘 ∣ 𝑌;θ ሻ = expሺ𝑧௞ሻ∑ exp൫𝑧௝൯ெ௝ୀଵ ,  𝑘 = 1, 2, … ,𝑀 (9)

where 𝑧 = [𝑧ଵ, 𝑧ଶ, … , 𝑧ெ]் is the logit vector produced by the final fully connected layer of 
the network. The predicted modulation class is obtained by a maximum a posteriori 
(MAP) decision: 𝑐̂ = arg max௞∈{ଵ,…,ெ}𝑃 ሺ 𝑐 = 𝑘 ∣ 𝑌; θ ሻ (10)

The network parameters θ  are optimised by minimizing the categorical cross-en-
tropy loss over the training set: 

ℒሺθሻ = − 1𝑁train
෍ ෍𝑦௜,௞ெ

௞ୀଵ log𝑃 ሺ 𝑐 = 𝑘 ∣∣ 𝑌௜;θ ሻேtrain

௜ୀଵ  (11)
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where 𝑦௜,௞ is the one-hot encoding of the true label 𝑦௜,௞ = 1 if 𝑐௜ = 𝑘, and 𝑦௜,௞ = 0 other-
wise. To improve generalisation and prevent overconfident predictions, we employ label 
smoothing [20], replacing the hard one-hot targets with smoothed targets: 𝑦ప,௞෦ = ሺ1 − εሻ 𝑦௜,௞ + ε𝑀 (12)

where ε =  0.1 is the smoothing parameter. The optimisation problem is thus defined as: θ∗ = arg min஘ ℒsotሺθሻ+ λ|θ|ଶଶ (13)

where λ is the weight decay coefficient providing 𝐿ଶ regularisation. 

2.3. Evaluation Metrics 

We employ a comprehensive suite of evaluation metrics to assess AMC performance 
across multiple dimensions, as follows: 

• Overall Classification Accuracy. The primary metric is the overall classification accu-
racy computed across all SNR values: 

Accoverall = 1|𝒟ts| ෍ 𝟙[𝑐̂ = 𝑐]ሺ௒,௖ሻ∈𝒟ts

 (14)

• Per-SNR Classification Accuracy. To characterise performance across operating con-
ditions, we compute accuracy as a function of SNR: Accሺγሻ = 1ቚ𝒟tsሺஓሻቚ ෍ 𝟙[𝑐̂ = 𝑐]ሺ௒,௖ሻ∈𝒟tsሺಋሻ

 (15)

where 𝒟ts
ሺஓሻ denotes the subset of test samples at SNR =  γ dB. 

• Confusion Matrix. The 𝑀 × 𝑀 confusion matrix 𝐶 provides per-class performance 
details, where entry 𝐶௜௝  represents the fraction of samples of true class 𝑖  that are 
classified as class 𝑗. Diagonal entries correspond to correct classifications, while off-
diagonal entries reveal systematic misclassification patterns. 

• Macro-Averaged F1 Score. To account for potential class imbalance, we compute the 
macro-averaged F1 score as follows: 

𝐹ଵ = 1𝑀෍ 2 𝑃௞ 𝑅௞𝑃௞ + 𝑅௞ெ
௞ୀଵ  (16)

where 𝑃௞ and 𝑅௞ denote the precision and recall for class 𝑘, respectively. Note: F1c = 0 
by convention when both precision and recall are zero for class c. 

• Inference Latency and Memory Footprint. For practical deployment considerations, 
we measure single-sample inference latency (in milliseconds) on a CPU (Intel i7-
12700K) platform. GPU measurements are provided for reference only since Section 
5.1 reports CPU-based training and evaluation, as well as the total number of traina-
ble parameters and model size in megabytes. 

3. Taxonomy of DL Architectures for AMC 
The rapid proliferation of deep-learning approaches for AMC necessitates a system-

atic organisational framework to navigate the design space and understand the relation-
ships between different architectural choices. In this section, we propose a taxonomy that 
classifies DL-AMC architectures along five orthogonal design axes input representation, 
a feature extraction backbone, a temporal modelling strategy, a regularization approach, 
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and architectural complexity. We then survey ten representative baseline architectures 
that span this taxonomy. 

3.1. Input Representation 

The choice of input representation fundamentally determines what information is 
available to the neural network and significantly influences architectural design decisions. 

• Raw I/Q Samples. The most widely adopted representation feeds raw in-phase (I) 
and quadrature (Q) components directly to the network as a two-channel, one-di-
mensional signal, i.e., 𝑌 ∈ 𝑅𝟚×ே, as defined in Equation (8). This representation pre-
serves all information contained in the complex baseband signal and has been used 
in the majority of DL-AMC works since O’Shea et al. [11]. The primary advantage is 
that the network can learn optimal feature representations end-to-end without infor-
mation loss. The disadvantage is that the network must implicitly learn to handle 
phase ambiguity, amplitude variations, and other nuisance parameters. 

• Amplitude/Phase (A/P) Representation. An alternative representation converts the 
complex signal into the instantaneous amplitude 𝐴[𝑛] = |𝑦[𝑛]| and the instantane-
ous phase ϕ[𝑛] = ∠𝑦[𝑛] , forming 𝑌஺௉ ∈ 𝑅𝟚×ே . This representation decouples enve-
lope and phase information, which can simplify the classification of modulation 
schemes that are primarily distinguished by their phase constellations (e.g., BPSK vs. 
QPSK vs. 8PSK) or their amplitude distributions (e.g., 16QAM vs. 64QAM). How-
ever, the phase unwrapping and normalisation required for this representation can 
introduce artefacts. 

• Spectrogram/Time–Frequency Representation. Some approaches compute the short-
time Fourier transform (STFT) of the received signal and feed the resulting spectro-
gram as a 2D image to a CNN [21]. This representation explicitly reveals the time–
frequency structure, which is particularly useful for wideband signals and fre-
quency-hopping modulations. Yücek and Arslan [21] provided a comprehensive sur-
vey of spectrum sensing techniques that motivates this representation. The drawback 
is the loss of phase information in the magnitude spectrogram and the computational 
overhead of the STFT. 

• Constellation Image. Peng et al. [14] proposed representing the received signal as a 
2D grayscale image of the signal constellation diagram, where the horizontal and 
vertical axes correspond to the I and Q components, respectively. The constellation 
image naturally captures the geometric structure of QAM and PSK constellations, 
enabling the use of powerful image classification architectures. However, this repre-
sentation requires symbol-level synchronisation and discards temporal ordering in-
formation. 

3.2. Feature Extraction Backbone 

The feature extraction backbone determines how low-level input representations are 
transformed into high-level discriminative features. 

• CNN-Based. Convolutional neural networks form the most popular backbone for 
DL-AMC, owing to their ability to learn local patterns through shared-weight filters. 
One-dimensional CNNs operating on raw I/Q samples can extract features such as 
phase transitions, envelope variations, and spectral characteristics at multiple scales 
through hierarchical convolutional layers. O’Shea et al. [11] first demonstrated a sim-
ple two-layer CNN for AMC, while West and O’Shea [12] explored deeper four-layer 
architectures. Residual connections [22] have been incorporated to enable training of 
deeper networks without degradation [14]. 
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• RNN-Based. Recurrent neural networks, particularly Long Short-Term Memory 
(LSTM) [23] and Gated Recurrent Unit (GRU) networks, are naturally suited to the 
sequential nature of communication signals. Rajendran et al. [13] demonstrated that 
LSTM networks can effectively model temporal dependencies in I/Q sample se-
quences, achieving competitive performance with fewer parameters than CNN coun-
terparts. The gating mechanisms in LSTMs enable selective retention and forgetting 
of information across time steps, which is valuable for capturing long-range modu-
lation-dependent patterns. 

• Attention-Based. Attention mechanisms, originally developed for neural machine 
translation [24], allow the network to focus computational resources on the most in-
formative parts of the input. In AMC, attention can operate at the channel level (se-
lecting the most informative feature maps), the temporal level (weighting time steps 
based on relevance), or the spatial level (focusing on specific I/Q sample regions). The 
squeeze-and-excitation (SE) mechanism proposed by Hu et al. [25] provides an effi-
cient form of channel attention that has been successfully applied across numerous 
domains. 

• Hybrid. Hybrid architectures combine CNN and RNN stages in a sequential pipeline, 
using the CNN as a spatial feature extractor and the RNN as a temporal sequence 
model. Xu et al. [16] proposed a spatiotemporal multi-channel learning framework 
that exemplifies this approach, achieving strong performance by leveraging the com-
plementary strengths of convolutional and recurrent processing. 

3.3. Temporal Modelling 

The strategy for modelling temporal dependencies across the signal observation win-
dow represents a critical design choice. 

• None (CNN-Only). Purely convolutional architectures rely on the receptive field of 
stacked convolutional layers to capture temporal relationships. While deep CNNs 
can achieve large effective receptive fields, they do not explicitly model sequential 
dependencies and may require many layers to capture long-range patterns in the sig-
nal. 

• Unidirectional (LSTM/GRU). Unidirectional recurrent layers process the signal se-
quence from the first sample to the last, maintaining a hidden state that accumulates 
information from past time steps. This approach is natural for causal signal pro-
cessing but cannot leverage future context when classifying the overall modulation 
scheme. 

• Bidirectional. Bidirectional recurrent layers process the signal sequence in both for-
ward and backward directions, allowing each hidden state to incorporate infor-
mation from the entire observation window. For AMC, where the classification deci-
sion is made over the complete observation rather than at each time step, bidirec-
tional processing provides strictly more information than unidirectional processing. 

• Self-Attention. Transformer-based self-attention mechanisms [26] compute pairwise 
interactions between all of the time steps, enabling the model to capture arbitrary 
long-range dependencies without the sequential processing bottleneck of recurrent 
networks. Hamidi-Rad et al. [26] demonstrated the application of transformers to 
AMC, achieving competitive accuracy with parallelisable computation. 

3.4. Regularisation Strategy 

Regularisation techniques are essential for preventing overfitting, particularly when 
training on limited or synthetic data. 



Future Internet 2026, 18, 343 11 of 43 
 

https://doi.org/10.3390/fi18070343 

• Dropout. Randomly zeroing a fraction of activations during training prevents co-ad-
aptation of neurons and provides an implicit ensemble effect. Dropout rates between 
0.3 and 0.5 are commonly used in DL-AMC architectures [11,12]. 

• Batch Normalisation. Normalising intermediate activations to zero mean and unit 
variance stabilises training dynamics and enables the use of higher learning rates 
[22]. Batch normalisation is standard in modern CNN architectures for AMC. 

• Data Augmentation. Augmentation techniques specific to radio signals include ran-
dom phase rotation (multiplying the complex signal by 𝑒௝ம, with ϕ uniformly dis-
tributed), noise injection at random SNR levels, time shifting, and frequency offset 
simulation [6]. These augmentations improve generalisation to unseen channel con-
ditions. 

• Mixup. The mixup regularisation strategy creates virtual training samples by linearly 
interpolating between pairs of training examples and their labels [27]. Lin et al. [28] 
demonstrated the effectiveness of mixup for AMC, particularly in improving perfor-
mance at low SNR values and near decision boundaries among similar modulation 
schemes. 

3.5. Architecture Complexity 

The computational requirements of the architecture determine its suitability for de-
ployment on various hardware platforms. 

• Lightweight (<100 K parameters). Compact architectures suitable for deployment on 
resource-constrained edge devices, such as field-programmable gate arrays (FPGAs), 
microcontrollers, or low-power embedded processors. The two-layer CNN from 
O’Shea et al. [11] falls in this category, with approximately 80 K parameters. 

• Medium (100–500 K parameters). Moderate-complexity architectures that balance 
classification performance with computational efficiency. These architectures are de-
ployable on mobile GPUs and embedded GPU platforms, such as NVIDIA Jetson. 
Our proposed MS-SENet, with approximately 406 K parameters, is designed to oc-
cupy this category. 

• Heavy (>500 K parameters). High-capacity architectures that achieve the best classi-
fication accuracy at the cost of increased computational requirements. Deep residual 
networks and transformer-based architectures typically fall in this category, requir-
ing dedicated GPU inference for real-time operation. 

Figure 2 presents a 2 × 3 grid of scatter plots, each displaying the received I/Q con-
stellation for a different modulation format. 

 (Top-left) BPSK: Two tightly clustered point clouds at positions (−1, 0) and (+1, 0) 
along the real axis, with Gaussian dispersion due to noise. 

 (Top-centre) QPSK: Four symmetric clusters located at ൫±1/√2, ±1/√2൯, forming a 
square constellation with clear separation at this SNR. 

 (Top-right) 8PSK: Eight clusters uniformly distributed on the unit circle at angular 
intervals of 45°; the inter-cluster spacing is visibly smaller than for QPSK, foreshad-
owing increased classification difficulty at lower SNR values. 

 (Bottom-left) 16QAM: Sixteen clusters arranged in a regular 4 × 4 square grid, exhib-
iting three distinct amplitude levels (corner, edge, and inner symbols). 

 (Bottom-centre) 64QAM: Sixty-four clusters in an 8 × 8 grid with high density; the 
small inter-cluster spacing illustrates why 64QAM is frequently confused with 
16QAM at moderate SNR. 

 (Bottom-right) CPFSK: A characteristic ring-shaped distribution arising from the con-
stant-envelope property of continuous-phase frequency-shift keying, with the instan-
taneous frequency modulation producing a diffuse annular pattern rather than 
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discrete clusters. At SNR = 20 dB, all modulation schemes exhibit clear visual differ-
entiation; however, reducing the SNR to 0 dB or below causes the clusters to overlap 
significantly, illustrating the core challenge of low-SNR AMC. 

 

Figure 2. Constellation diagrams for six representative modulation schemes at SNR = 20 dB under 
an AWGN channel. Blue dots represent the received noisy I/Q samples, whereas the red × markers 
denote the corresponding ideal constellation points. 

3.6. Survey of Baseline Architectures 

We survey ten baseline architectures that span the proposed taxonomy, each of 
which will be used in our comparative evaluation in Sections 5 and 6. 

• CNN-2Layer [11]. The seminal architecture by O’Shea, Corgan, and Clancy employs 
two convolutional layers with 64 and 128 filters of size 8 and 4, respectively, followed 
by two fully connected layers. ReLU activations and dropout (rate 0.5) are used 
throughout. This model operates on raw I/Q samples and contains approximately 40 
K parameters. 

• CNN-4Layer [12]. West and O’Shea extended the original architecture to four convo-
lutional layers with progressively increasing filter counts (64, 64, 128, and 128) and 
kernel sizes of 8, followed by dense layers. This deeper architecture improves feature 
abstraction at the cost of approximately 8× more parameters than CNN-2Layer. 

• ResNet-8 [14]. Inspired by the deep residual learning framework of He et al. [22], this 
architecture employs eight residual blocks with shortcut connections to enable stable 
training of a deep CNN. Each block contains two convolutional layers with batch 
normalisation and ReLU activation. The residual connections mitigate the vanishing 
gradient problem, enabling the network to benefit from increased depth. 

• LSTM-2Layer [13]. Rajendran et al. proposed a two-layer LSTM network that treats 
the I/Q sample sequence as a time series. Each LSTM layer contains 128 hidden units, 
followed by fully connected classification layers. This architecture effectively cap-
tures temporal dependencies in the modulation signal at the cost of sequential (non-
parallelisable) inference. 

• GRU-2Layer. A variant of LSTM-2Layer that replaces LSTM cells with gated recur-
rent units (GRUs). GRUs merge the forget and input gates into a single update gate 



Future Internet 2026, 18, 343 13 of 43 
 

https://doi.org/10.3390/fi18070343 

and combine the cell state and hidden state, resulting in fewer parameters per cell 
and faster training while maintaining comparable sequence modelling capability. 

• BiLSTM. A bidirectional extension of LSTM-2Layer that processes the I/Q sequence 
in both the forward and backward directions. The forward and backward hidden 
states are concatenated at each time step, providing each position with context from 
the entire observation window. This architecture doubles the hidden state dimension 
compared with unidirectional LSTM. 

• CNN-LSTM [16]. A hybrid architecture inspired by the spatiotemporal framework of 
Xu et al. [16], combining convolutional feature extraction with LSTM temporal mod-
elling. Two convolutional layers extract local features, which are then processed by 
an LSTM layer to capture temporal dependencies across the receptive fields of the 
convolutional features. 

• CNN-GRU. An analogous hybrid architecture replacing the LSTM component with 
a GRU layer, offering reduced computational complexity with similar representa-
tional capability for the temporal modelling stage. 

• ResNet-LSTM [14]. A deeper hybrid architecture that combines a four-block residual 
CNN with a single-layer LSTM. The residual backbone extracts hierarchical features 
with stable gradient flow, while the LSTM captures sequential patterns in the feature 
representation. Peng et al. [14] demonstrated the effectiveness of deep feature extrac-
tion combined with recurrent temporal modelling. 

• Transformer [26]. Based on the MCformer architecture from Hamidi-Rad et al. [26], 
this baseline employs multi-head self-attention to model global dependencies across 
the I/Q sample sequence. A positional encoding is added to the input to preserve 
temporal order information. The transformer processes all time steps in parallel, of-
fering favourable computational scaling for long sequences. 

4. Proposed MS-SENET Algorithm 
In this section, we present the detailed architecture, mathematical formulation, train-

ing methodology, and complexity analysis of the proposed Multi-Scale Squeeze–Excita-
tion Network (MS-SENet) for automatic modulation classification. 

4.1. Architecture Overview 

The MS-SENet architecture comprises four principal stages arranged in a sequential 
pipeline: (1) a multi-scale convolution module, (2) squeeze–excitation residual blocks, (3) 
a bidirectional LSTM with global attention pooling, and (4) a fully connected classifier. 
The design philosophy underlying MS-SENet is the integration of multi-resolution spatial 
feature extraction, adaptive channel-wise feature recalibration, bidirectional temporal de-
pendency modelling, and learned temporal aggregation into a unified end-to-end traina-
ble architecture. 

The input to the network is a real-valued tensor 𝑌 ∈ 𝑅𝟚×𝟙𝟚𝟠, representing 128 com-
plex I/Q samples organised as two channels. The multi-scale convolution module pro-
cesses this input through three parallel branches with different kernel sizes, capturing 
patterns at multiple temporal resolutions. The concatenated multi-scale features are then 
refined through a sequence of squeeze–excitation residual blocks that adaptively recali-
brate channel-wise feature responses. The resulting spatial feature maps are reshaped into 
a sequence and processed by a bidirectional LSTM to model temporal dependencies in 
both the forward and backward directions. A global attention pooling mechanism com-
putes a weighted sum of the BiLSTM hidden states, producing a fixed-dimensional con-
text vector that is passed to the final classification layers. 

The Figure 3 illustrates the complete data flow through the four stages of MS-SENet. 
On the left, the input tensor 𝑌 ∈ 𝑅𝟚×𝟙𝟚𝟠, representing raw I/Q samples, enters the multi-
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scale convolution module, depicted as three parallel branches. The top branch applies 1D 
convolution with kernel size 𝑘 = 3 (64 filters), the middle branch uses 𝑘 = 5 (64 filters), 
and the bottom branch uses 𝑘 = 7 (64 filters). Each branch includes batch normalisation 
and ReLU activation. The three branch outputs are concatenated along the channel di-
mension, producing a 192-channel feature map. This concatenated feature map flows into 
a stack of three SE–residual blocks, each drawn as a composite unit containing: 

(i) Two sequential Conv1D–BN–ReLU layers forming the residual mapping ℱሺ𝑥ሻ; 
(ii) A squeeze-and-excitation sub-module shown as global average pooling → FC(192, 

48) → ReLU → FC(48.192) → sigmoid → channel-wise scale; 
(iii) A skip connection adding the input to the scaled output. After three SE-residual 

blocks, the feature map is reshaped from 𝑅𝟙𝟡𝟚×்ᇲ to a sequence of 𝑇ᇱ vectors of a 
dimension of 192, which feeds into a bidirectional LSTM layer with 128 hidden units 
in each direction (256 total). The BiLSTM produces a sequence of 256-dimensional 
hidden state vectors {ℎଵ,ℎଶ, … ,ℎ்ᇲ}. A Global Attention Pooling module computes 
attention weights α௧ for each time step and produces a single 256-dimensional con-
text vector 𝑐. 

 

Figure 3. A block diagram of the proposed MS-SENet architecture. 
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Finally, the context vector passes through two fully connected layers (256 → 128 → 𝑀) with dropout (rate 0.5) and a softmax activation, producing the 𝑀-dimensional class 
probability vector. The total parameter counts of approximately 406 K are annotated at 
the bottom. 

4.2. Multi-Scale Convolution Module 

Communication signals exhibit discriminative patterns at multiple temporal scales. 
Fine-grained features—such as abrupt phase transitions between consecutive symbols, in-
stantaneous frequency deviations in FSK signals, and rapid amplitude fluctuations at 
symbol boundaries—are best captured by narrow convolutional kernels. Coarse-grained 
features—such as the overall envelope shape, average power level, and slowly varying 
spectral characteristics—require wider kernels with larger receptive fields. To jointly cap-
ture both scales of information, we employ a multi-scale convolution module consisting 
of three parallel branches. 

Let 𝑌 ∈ 𝑅𝟚×ே denote the input I/Q tensor. Each branch 𝑏 ∈ {1, 2, 3} applies a one-
dimensional convolution with kernel size 𝑘௕, followed by batch normalisation and ReLU 
activation: 𝐹ሺ௕ሻ = ReLU ቀBN൫𝑊ሺ௕ሻ ∗ 𝑌 + 𝑏ሺ௕ሻ൯ቁ ,  𝑏 = 1, 2, 3 (17)

where 𝑊ሺ௕ሻ ∈ 𝑅஼೚ೠ೟×ଶ×௞್ is the convolutional weight tensor for branch 𝑏, 𝑏ሺ௕ሻ ∈ 𝑅஼೚ೠ೟ is 
the bias vector, and 𝐶out = 64 is the number of output filters per branch. The kernel sizes 
are set to 𝑘ଵ = 3 , 𝑘ଶ = 5 , and 𝑘ଷ = 7 , with same padding applied to ensure that all 
branches produce feature maps of identical temporal length. 

The outputs of the three branches are concatenated along the channel dimension 𝐹m = Concat൫𝐹ሺଵሻ,𝐹ሺଶሻ,𝐹ሺଷሻ൯ ∈ 𝑅ଷ஼೚ೠ೟×ே (18)

yielding a 192-channel feature map that encodes multi-resolution information about the 
input signal. 

The rationale for the chosen kernel sizes is as follows. The kernel of size 3 spans ap-
proximately 1–2 symbol periods (depending on the oversampling factor) and is sensitive 
to rapid inter-symbol transitions—particularly useful for distinguishing PSK variants 
where the primary discriminant is the phase transition pattern. The kernel of size 5 spans 
2–3 symbol periods and captures intermediate patterns, such as intra-symbol pulse shap-
ing characteristics and short-term frequency variations, which are valuable for separating 
FSK modulations from PSK/QAM. The kernel of size 7 spans 3–4 symbol periods and cap-
tures the broader envelope dynamics and spectral shape, aiding in the discrimination of 
amplitude-modulated signals (AM-SSB, AM-DSB, and QAM) from constant-envelope sig-
nals (PSK, CPFSK, and GFSK). 

The multi-scale module can also be interpreted through the lens of multi-resolution 
analysis. Each branch effectively operates at a different resolution in the time–frequency 
plane: narrow kernels provide high temporal resolution (useful for transient features) at 
the expense of frequency resolution, while wider kernels sacrifice temporal resolution to 
achieve better frequency resolution (useful for steady-state spectral characteristics). By 
concatenating the outputs, the network obtains a rich multi-resolution representation that 
subsumes what any single kernel size could provide. 

4.3. Squeeze–Excitation Residual Blocks 

After multi-scale feature extraction, the concatenated feature map 𝐹m is processed 
through a sequence of 𝐵 =  3  squeeze–excitation residual (SE-Res) blocks. Each block 
combines the residual learning framework from He et al. [22] with the channel attention 
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mechanism from Hu et al. [25], enabling the network to adaptively recalibrate channel-
wise feature responses while maintaining stable gradient flow through skip connections. 

• Residual Mapping. Within each SE-Res block, the residual mapping ℱሺ⋅ሻ consists of 
two convolutional layers with batch normalisation and ReLU activation: ℱሺ𝑥ሻ = BNଶ ቀ𝑊ଶ ∗ ReLU൫BNଵሺ𝑊ଵ ∗ 𝑥ሻ൯ቁ (19)

where 𝑊ଵ,𝑊ଶ ∈ 𝑅஼×஼×𝟛  are 3 × 1  convolutional kernels with 𝐶 =  192  channels. The 
kernel size of 3 is chosen for the intra-block convolutions to maintain fine-grained pro-
cessing while keeping the parameter count manageable. 

• Squeeze Operation. The squeeze operation aggregates the spatial (temporal) infor-
mation in each channel into a single scalar descriptor through global average pooling: 

𝑠 = Squeezeሺ𝑢ሻ = 1𝑇෍𝑢[: , 𝑡]்
௧ୀଵ ∈ 𝑅஼ (20)

where 𝑢 = ℱሺ𝑥ሻ ∈ 𝑅஼×் is the output of the residual mapping and 𝑇 is the temporal di-
mension. This operation compresses the temporal information in each channel into a sin-
gle value representing the channel’s average activation level, providing a global channel 
descriptor. 

• Excitation Operation. The excitation operation learns a channel-wise weighting 
through a lightweight gating mechanism implemented as a bottleneck of two fully 
connected layers: 𝑒 = Exciteሺ𝑠ሻ = σ൫𝑊u ⋅ ReLUሺ𝑊dw ⋅ 𝑠ሻ൯ ∈ 𝑅஼ (21)

where 𝑊dw ∈ 𝑅஼/௥×஼ is the dimensionality-reduction matrix, 𝑊u ∈ 𝑅஼×஼/௥ is the dimen-
sionality-expansion matrix, 𝑟 =  4 is the reduction ratio, and σሺ⋅ሻ is the sigmoid activa-
tion function. The bottleneck structure with reduction ratio 𝑟 limits the additional param-
eter overhead, while enabling cross-channel interactions. With 𝐶 =  192 and 𝑟 =  4, the 
bottleneck dimension is 48. 

• Scale and Residual Connection. The excitation weights are used to scale the feature 
map channel-wise, and the result is combined with the input through a residual con-
nection: 𝑥௢௨௧ = ReLU൫SE൫ℱሺ𝑥ሻ൯ + 𝑥൯ (22)

where the SE scaling operation is defined as: 

SEሺ𝑢ሻ = 𝑒 ⊙ 𝑢 (23)

with ⊙ denoting channel-wise multiplication (each channel of 𝑢 is scaled by the corre-
sponding element of 𝑒). The residual connection +𝑥 ensures that the block can default to 
an identity mapping if the learned transformation is not beneficial and provides a direct 
gradient path that stabilises training of deeper configurations. 

The SE mechanism performs implicit feature selection by learning to amplify chan-
nels that carry modulation-discriminative information and suppress channels that carry 
noise or irrelevant patterns. In the context of multi-scale AMC, different channels in the 
concatenated feature map correspond to different kernel sizes and filter patterns; the SE 
block learns to dynamically weight these according to the characteristics of the current 
input signal. For example, when classifying a BPSK signal, the network may upweight 
channels that capture phase-transition features while down-weighting envelope-sensitive 
channels. 

4.4. Bidirectional LSTM with Attention Pooling 
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After the SE–residual blocks, the feature map 𝑋s ∈ 𝑅஼×்ᇲ is transposed and reshaped 
into a sequence of 𝑇ᇱ feature vectors {𝑥ଵ,𝑥ଶ, … , 𝑥்ᇲ}, where 𝑥௧ ∈ 𝑅஼. This sequence is fed 
into a bidirectional LSTM layer to model temporal dependencies across the extracted fea-
tures. 

• LSTM Formulation. The forward LSTM processes the sequence from 𝑡 =  1 to 𝑡 =𝑇ᇱ, computing at each time step: 𝑓௧ = σ൫𝑊௙𝑥௧ + 𝑈௙ℎሬ⃗ ௧ିଵ + 𝑏௙൯ (24)𝑖௧ = σ൫𝑊௜𝑥௧ + 𝑈௜ℎሬ⃗ ௧ିଵ + 𝑏௜൯ (25)𝑜௧ = σ൫𝑊௢𝑥௧ + 𝑈௢ℎሬ⃗ ௧ିଵ + 𝑏௢൯ (26)𝑐௧෥ = tanh൫𝑊௖𝑥௧ + 𝑈௖ℎሬ⃗ ௧ିଵ + 𝑏௖൯ (27)𝑐௧ = 𝑓௧ ⊙ 𝑐௧ିଵ + 𝑖௧ ⊙ 𝑐௧෥  (28)ℎሬ⃗ ௧ = 𝑜௧ ⊙ tanhሺ𝑐௧ሻ  (29)

where 𝑓௧, 𝑖௧, and 𝑜௧ ∈ 𝑅ௗ೓ are the forget, input, and output gates, respectively; 𝑐௧෥  is the 
candidate cell state; 𝑐௧ is the cell state; ℎሬ⃗ ௧ ∈ 𝑅ௗ೓ is the forward hidden state; and 𝑑௛ =128 is the hidden dimension [23]. The weight matrices 𝑊ሺ⋅ሻ ∈ 𝑅ௗ೓×஼ and recurrent weight 
matrices 𝑈ሺ⋅ሻ ∈ 𝑅ௗ೓×ௗ೓ are shared across all time steps. 

The backward LSTM processes the sequence in reverse order from 𝑡 = 𝑇ᇱ to 𝑡 =  1, 
producing backward hidden states ℎ⃖ሬ௧ ∈ 𝑅ௗ೓ using an analogous set of equations with in-
dependent parameters. The bidirectional hidden state at each time step is formed by con-
catenation: ℎ௧ = ൣℎሬ⃗ ௧  ;  ℎ⃖ሬ௧൧ ∈ 𝑅𝟚ௗ೓ (30)

The bidirectional formulation ensures that each hidden state ℎ௧ encodes information 
from both past and future contexts, which is essential for AMC, where the classification 
decision depends on global signal characteristics rather than causal temporal prediction. 

• Global Attention Pooling. Rather than using only the final hidden state or a simple 
average over all time steps, we employ a learned attention mechanism to compute a 
weighted temporal aggregation of the BiLSTM outputs. This attention pooling allows 
the network to focus on the most informative temporal regions—for example, time 
steps containing clear symbol transitions or high-SNR segments—while down-
weighting less informative regions, such as those dominated by noise or intersymbol 
interference. 

The attention score for each time step is computed as: 𝑒௧ = 𝑤௔் tanhሺ𝑊௔ℎ௧ + 𝑏௔ሻ (31)

where 𝑊௔ ∈ 𝑅ௗೌ×𝟚ௗ೓ is the attention weight matrix, 𝑏௔ ∈ 𝑅ௗೌ is the attention bias, 𝑤௔ ∈𝑅ௗೌ is the attention context vector, and 𝑑௔ = 64 is the attention dimension [24]. The at-
tention weights are obtained by normalising the scores via SoftMax: 

α௧ = expሺ𝑒௧ሻ∑ expሺ𝑒௧ᇲሻ்ᇲ௧ᇲୀଵ ,  ෍α௧்ᇲ
௧ୀଵ = 1 (32)

The context vector is computed as the weighted sum of the hidden states: 
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𝑐 = ෍α௧்ᇲ
௧ୀଵ  ℎ௧ ∈ 𝑅𝟚ௗ೓ (33)

This context vector 𝑐 is a fixed-dimensional representation of the entire signal ob-
servation that adaptively emphasises the most classification-relevant temporal features. It 
is passed to the fully connected classifier layers for the final modulation classification de-
cision. 

• Classifier Head. The context vector 𝑐 is processed through two fully connected lay-
ers with dropout: 𝑝̂ = Softmaxሺ𝑊ଷ ⋅ ReLUሺ𝑊ଶ ⋅ 𝑐 + 𝑏ଶሻ + 𝑏ଷሻ (34)

where 𝑊ଶ ∈ 𝑅𝟙𝟚𝟠×𝟚𝟝𝟞 and 𝑊ଷ ∈ 𝑅ெ×𝟙𝟚𝟠 are the weight matrices of the two dense layers, 
and dropout with a rate of 0.5 is applied after the ReLU activation. 

4.5. Training Strategy 

The training methodology for MS-SENet is carefully designed to promote fast con-
vergence, generalisation, and robustness to signal variations. 

• Optimiser. We use the Adam optimiser [29] with an initial learning rate of η଴ = 10ିଷ, 
first moment decay of βଵ = 0.9, and a second moment decay of βଶ = 0.999. Adam 
provides adaptive per-parameter learning rates through estimates of first and second 
gradient moments, which is particularly beneficial for training architectures with het-
erogeneous components (convolutional, recurrent, and attention layers). 

• Learning Rate Schedule. We employ cosine annealing with warm restarts [30] to sys-
tematically modulate the learning rate during training: ηሺ𝑡ሻ = η௠௜௡ + 12 ሺη଴ − η௠௜௡ሻ ൬1 + cos ൬ 𝑇cur𝑇௠௔௫ π൰൰ (35)η௠௜௡ = 10ି଺ is the minimum learning rate, 𝑇cur is the number of epochs since the last 

restart, and 𝑇௠௔௫ = 50 is the restart period. The cosine annealing schedule enables the 
optimiser to escape local minima through periodic learning rate increases while progres-
sively refining the solution through decreasing learning rates within each cycle. This has 
been shown to improve generalisation compared with fixed or step–decay schedules [30]. 

• Label Smoothing. As described in Equation (12), we employ label smoothing with 
the parameter ε =  0.1. Label smoothing serves dual purposes in our context: it pre-
vents the network from becoming overconfident in its predictions (which is patho-
logical for modulation classes that genuinely share ambiguous boundary samples at 
low SNR), and it acts as a form of regularisation that implicitly reduces the effective 
model capacity. 

• Data Augmentation. We apply three domain-specific augmentation techniques dur-
ing training: 

 Random Phase Rotation. Each training sample is multiplied by a random com-
plex exponential 𝑒௝ம, where ϕ ∼ 𝒰ሺ0,2πሻ. This augmentation makes the classi-
fier invariant to the unknown carrier phase offset, which is a nuisance parameter 
in practical AMC scenarios: Yୟ୳୥ = ൤cosφ −sinφ𝑠𝑖𝑛φ cosφ ൨ (36)

 Noise Injection. Additive Gaussian noise, with a random SNR offset of Δγ ∼𝒰ሺ−2, +2ሻ dB relative to the nominal SNR, is added to training samples. This 
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augmentation improves robustness to SNR estimation errors and broadens the 
effective SNR range seen during training. 

 Random Time Shift. The I/Q sample sequence is circularly shifted by a random 
offset δ ∼ 𝒰ሺ−8,8ሻ samples, simulating timing synchronisation errors and en-
suring that the classifier does not rely on absolute time-step positions. 

• Early Stopping. Training is terminated when the validation accuracy does not im-
prove for 15 consecutive epochs, and the model weights corresponding to the best 
validation accuracy are restored. This prevents overfitting to the training set and en-
sures that the final model generalises well to unseen data. 

• Training Hyperparameters. The complete set of training hyperparameters is as fol-
lows: batch size 256, maximum epochs 60, weight decay λ = 10ିସ, dropout rate 0.3, 
label smoothing ε = 0.1, early stopping patience 10, cosine-annealing Tₘₐₓ = 20 epochs, 
and initial learning rate η଴ = 10ିଷ. 

4.6. Computational Complexity Analysis 

We provide a detailed analysis of the computational complexity of MS-SENet in 
terms of both the number of trainable parameters and the number of floating-point oper-
ations (FLOPs) required for single-sample inference. All values are verified against the 
simulation results. 

• Multi-Scale Convolution Module. Three parallel branches each produce 𝑏 = 96/3 =32 output channels from 𝐶in = 2 input channels, concatenated to yield 96 total chan-
nels. Each branch contains a Conv1d layer (with bias) plus a BatchNorm layer (2 × 𝑏 
parameters for weight and bias). With 𝑏 = 32: 

 Branch 1 (𝑘ଵ = 3): 𝑏 × 𝐶in × 𝑘ଵ + 𝑏 + 2𝑏 = 32 × 2 × 3 + 32 + 64 = 288 parame-
ters; 

 Branch 2 (𝑘ଶ = 5): 32 × 2 × 5 + 32 + 64 = 416 parameters; 
 Branch 3 (𝑘ଷ = 7): 32 × 2 × 7 + 32 + 64 = 544 parameters; 
 Subtotal: 288 + 416 + 544 = 1248 parameters. 

The FLOPs for each branch are 2 × 𝑏 × 𝐶in × 𝑘௕ × 𝐿 (where 𝐿 = 128 is the input se-
quence length), plus 2 × 𝑏 × 𝐿 for BatchNorm. The total is: 2 × 32 × 2 × (3 + 5 + 7) × 128 + 3 × 2 × 32 × 128 = 245,760 + 24,576 = 270,336 FLOPs. 

• SE–Residual Blocks. The architecture uses two SE–residual blocks with different 
channel widths (not three identical blocks), connected by a stride-2 downsampling 
convolution. 

SE–Residual Block 1—channels 𝐶ଵ = 96, kernel size 3, SE reduction ratio 𝑟 = 4 (bot-
tleneck 𝑚ଵ = 𝐶ଵ/𝑟 = 24), and temporal length 𝑇ଵ = 64: 

 Conv1d( 96,96,3 ) × 2: 2 × (96 × 96 × 3 + 96) = 2 × 27,744 = 55,488  parame-
ters; 

 BatchNorm(96) × 2: 2 × 2 × 96 = 384 parameters; 
 SE module: Linear(96,24) + Linear(24,96) = (96 × 24 + 24) + (24 × 96 +96) = 2328 + 2400 = 4728 parameters; 
 Block 1 total: 55,488 + 384 + 4728 = 60,600 parameters. 

FLOPs for Block 1 (convolutions + BN + SE): 2 × 2 × 96ଶ × 3 × 64 + 2 × 2 × 96 ×64 + 2 × 96 × 24 + 2 × 24 × 96 = 7,077,888 + 24,576 + 4608 + 4608 = 7,111,680 
FLOPs. 

Downsampling Convolution—Conv1d(96,128,3, stride=2) + BatchNorm(128) and re-
ducing temporal dimension from 64 to 32: 
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 Conv: 128 × 96 × 3 + 128 = 36,992  parameters; BN: 2 × 128 = 256  parame-
ters; 

 Subtotal: 37,248  parameters; FLOPs: 2 × 128 × 96 × 3 × 32 + 2 × 128 × 32 =2,359,296 + 8192 = 2,367,488 FLOPs. 

SE–Residual Block 2—channels 𝐶ଶ = 128 , kernel size 3, SE reduction ratio 𝑟 = 4 
(bottleneck 𝑚ଶ = 32), and temporal length 𝑇ଶ = 32: 

 Conv1d(128,128,3 ) × 2: 2 × (128 × 128 × 3 + 128) = 2 × 49,280 = 98,560  pa-
rameters; 

 BatchNorm(128) × 2: 2 × 2 × 128 = 512 parameters; 
 SE module: Linear(128,32) + Linear(32,128) = (128 × 32 + 32) + (32 × 128 +128) = 4128 + 4224 = 8352 parameters; 
 Block 2 total: 98,560 + 512 + 8352 = 107,424 parameters; 

FLOPs for Block 2: 2 × 2 × 128ଶ × 3 × 32 + 2 × 2 × 128 × 32 + 2 × 128 × 32 + 2 ×32 × 128 = 6,291,456 + 16,384 + 8192 + 8192 = 6,324,224 FLOPs. 
SE–residual stage subtotal (both blocks + downsampling): 60,600 + 37,248 +107,424 = 205,272  parameters; 7,111,680 + 2,367,488 + 6,324,224 = 15,803,392 

FLOPs ≈ 15.8 MFLOPs. 

• Bidirectional LSTM. The BiLSTM layer processes a sequence of 𝑇ᇱ = 32 vectors of 
dimension 𝐶in = 128  (the flattened feature maps from Block 2), with hidden size 𝑑௛ = 96 per direction. With bias terms, the parameter count per direction is: 

4 × (𝐶in × 𝑑௛ + 𝑑௛ × 𝑑௛ + 2 × 𝑑௛) = 4 × (128 × 96 + 96 × 96 + 2 × 96) = 4 × (12,288 + 9216 + 192) = 4 × 21,696 = 86,784 

For both forward and backward directions: 

BiLSTM parameters = 2 × 86,784 = 173,568. 
FLOPs (counting multiply-adds for all four gates across 𝑇ᇱ = 32 steps, both direc-

tions): 2 × 4 × (2 × 𝐶in × 𝑑௛ + 2 × 𝑑௛ଶ) × 𝑇ᇱ = 2 × 4 × (2 × 12,288 + 2 × 9216) × 32 = 8 × 43,008 × 32 = 11,010,048 FLOPs. 

• Attention Pooling. The attention module is a single linear layer that assigns a scalar 
weight to each of the 𝑇ᇱ = 32 BiLSTM output vectors of dimension 2𝑑௛ = 192: 

Linear(2𝑑௛, 1): 192 × 1 + 1 = 193 parameters. 

FLOPs (applied to each of the 32 time steps): 2 × 192 × 1 × 32 = 12,288 FLOPs. 

• Classifier Head. Two fully connected layers: 

Linear(192,128) + Linear(128,𝑀), 𝑀 = 11 = (192 × 128 + 128) + (128 × 11 + 11) = 24,704 + 1419 = 26,123 parameters. 

FLOPs: 2 × 192 × 128 + 2 × 128 × 11 = 49,152 + 2816 = 51,968 FLOPs. 
Total Complexity Summary. 
Summing of all the stages (with stride-2 pooling reducing temporal dimensions and 

a reduction to 𝐵 = 2 SE-Res blocks to match the target parameter budget). A consolidated 
view of the computational cost across all modules is presented in Table 1, where both the 
number of parameters and FLOPs are reported. The results indicate that MS-SENet main-
tains a balanced trade-off between model capacity and computational efficiency. 
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Table 1. A summary of the computational complexity of MS-SENet, including trainable parameters 
and floating-point operations (FLOPs) across the model components. 

Stage Parameters FLOPs 
Multi-Scale Conv 1.2 K 0.27 M 
SE–Residual (×2) 205.3 K 15.80 M 
BiLSTM 173.6 K 11.01 M 
Attention Pooling 0.2 K 0.01 M 
Classifier Head 26.1 K 0.05 M 
Total ≈406 K ≈27.1 M 

Notably, the SE–residual blocks dominate the computational cost, accounting for the 
largest proportion of FLOPs, whereas the classifier head contributes marginally to the 
overall complexity. 

The total parameter count of approximately 406 K places MS-SENet firmly in the me-
dium-complexity category of our taxonomy, making it suitable for deployment on em-
bedded GPU platforms. The inference FLOPs of approximately 27.1 M translate to a sin-
gle-sample inference latency of 1.44 ms on a standard CPU platform (Intel i7-12700K), 
consistent with Table 5, and both well within the real-time requirements of cognitive radio 
systems operating at frame-level decision granularity. 

Compared with the baseline architectures, MS-SENet achieves a favourable accu-
racy–complexity trade-off: it uses approximately 5× fewer parameters than the Trans-
former baseline and 3× fewer than ResNet-8, while achieving superior or comparable clas-
sification accuracy, as will be demonstrated in the experimental evaluation (Sections 5 and 
6). 

5. Simulation Setup and Results 
This section presents a comprehensive experimental evaluation of the proposed MS-

SENet architecture against ten baseline deep-learning models and three classical machine 
learning methods. To ensure transparency and reproducibility, all simulation scripts used 
in this study are publicly available in the following repository: https://github.com/easta-
izah/IA-AMC (accessed on 1 May 2026). We describe the dataset construction methodol-
ogy, training configuration, classification performance across SNR regimes, per-modula-
tion accuracy analysis, computational efficiency benchmarks, and robustness evaluations 
under realistic channel impairments, including carrier frequency offset and Rayleigh fad-
ing. 

5.1. Experimental Configuration 

• Dataset Description. We construct a RadioML-style synthetic dataset of raw in-
phase/quadrature (I/Q) signal samples, following the methodology established by 
O’Shea, Corgan, and Clancy [11] and subsequently adopted by the broader AMC re-
search community [12,15,31]. The dataset encompasses eleven modulation classes 
spanning three major families: 

(i) Digital linear modulations—BPSK, QPSK, 8PSK, 16QAM, and 64QAM; 
(ii) Digital nonlinear modulations—PAM4, GFSK, and CPFSK; 
(iii) Analog modulations—AM-DSB, AM-SSB, and WBFM. 

This modulation pool is deliberately chosen to include both intra-family discrimina-
tion challenges (e.g., BPSK vs. QPSK vs. 8PSK, which differ only in constellation order) 
and inter-family discrimination tasks (e.g., QAM vs. FSK), providing a comprehensive 
and balanced evaluation. 
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Each signal sample consists of 𝑁௦ = 128 complex-valued I/Q time steps, represented 
as a 2 × 128  real-valued matrix where the first row contains the in-phase component 𝐼[𝑛] and the second row contains the quadrature component 𝑄[𝑛], for 𝑛 =  0, 1, … , 127. 
Signals are generated at a nominal oversampling factor of 𝑅௦ = 8 samples per symbol, 
yielding approximately 16 symbols per observation window. The transmitted symbols are 
drawn uniformly from the respective constellation alphabets, pulse-shaped with a root-
raised-cosine (RRC) filter with roll-off factor α =  0.35, and passed through an additive 
white Gaussian noise (AWGN) channel with a controlled signal-to-noise ratio. The SNR 
ranges from −20 dB to +18 dB in steps of 2 dB, yielding 20 distinct SNR levels. At each 
SNR level, 500 independent samples are generated per modulation class, resulting in: 𝑁total = 11 × 20 × 500 = 110,000 samples (37)

The dataset is randomly partitioned into training, validation, and test sets with a 
70/15/15% split, yielding 77,000 training samples, 16,500 validation samples, and 16,500 
test samples. Stratified random sampling ensures that each subset contains an approxi-
mately equal proportion of all modulation-SNR combinations, preventing bias in the per-
formance evaluation. 

• Pre-processing. Each I/Q sample is normalised to zero mean and unit variance along 
the temporal dimension independently for the in-phase and quadrature channels: 

𝐼መ[𝑛] = 𝐼[𝑛] − 𝐼̅σூ ,  𝑄෠[𝑛] = 𝑄[𝑛] − 𝑄തσொ  (38)

where 𝐼 ̅ and σூ denote the sample mean and standard deviation of the in-phase compo-
nent, computed per observation window. This normalisation removes the effect of abso-
lute signal power, ensuring that the classifier relies on the structural characteristics of the 
modulation scheme rather than amplitude scale, and improves training stability by cen-
tring the input distribution around zero [32]. Note: when the standard deviation over the 
observation window is zero (constant signal), the denominator is replaced by 1 to avoid 
division by zero. 

• Training Configuration. All models are implemented in PyTorch 2.0 and trained on 
a CPU-based platform (Intel Core i7-12700K, 32 GB RAM) to evaluate their suitability 
for resource-constrained deployment scenarios. The training hyperparameters are 
standardised across all architectures to ensure a fair comparison: 

 Optimiser: Adam [29], with a initial learning rate of η଴ = 10ିଷ, βଵ = 0.9, βଶ =0.999, and ϵ = 10ି଼. 
 Learning rate schedule: Cosine annealing with warm restarts [30], minimum 

learning rate η௠௜௡ = 10ି଺ restart period  𝑇௠௔௫ = 20 epochs. 
 Epochs: 60, with early stopping based on validation loss with a patience of 10 

epochs. 
 Batch size: 256 samples. 
 Loss function: Cross-entropy with label smoothing (ϵls = 0.1). 
 Regularisation: Dropout (𝑝 =  0.3) applied before the final classification layer, 

batch normalisation [33] after each convolutional layer, and a weight decay of λ = 10ିସ. 
 Data augmentation: Random circular time shifts of up to ±8  samples and 

Gaussian noise injection with σaug = 0.01 during training. 

The effective regularised training loss for each mini-batch ℬ  of size |ℬ| = 256  is 
given by: 
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ℒ௧௢௧௔௟ = − 1|ℬ|෍෍𝑦ప,௞෦ெ
௞ୀଵ log 𝑝ప,௞ෞ௜∈ℬ + λ2 |θ|ଶଶ (39)

where 𝑦ప,௞෦ = (1 − ϵls)𝑦௜,௞ + ஫lsெ  denotes the label-smoothed target, 𝑝ప,௞ෞ  is the softmax out-
put probability for class 𝑘, θ denotes the trainable parameters, and 𝑀 =  11 is the num-
ber of modulation classes. 

• Baseline Architectures. We compare MS-SENet against ten baseline architectures 
spanning four architectural families, as described in Section 3: (i) pure CNNs—CNN-
2Layer, CNN-4Layer, and ResNet-8; (ii) pure RNNs—LSTM-2Layer, GRU-2Layer 
[34], and BiLSTM; (iii) hybrid CNN-RNN—CNN-LSTM, CNN-GRU, and ResNet-
LSTM; and (iv) Transformer [35]. All baselines use identical training configurations 
to isolate the effect of architectural design on classification performance. Architec-
tures such as MCLDNN, PET-CGDNN, and LENet have reported average accuracies 
of approximately 60–65% on the public RadioML 2016.10A set, but note that direct 
numerical comparison is not possible because our evaluation uses a proprietary syn-
thetic dataset. We commit to evaluating MS-SENet on the public RadioML 2016.10A 
dataset in a follow-up study to enable direct comparison with these architectures. 

5.2. Classification Performance 

• Overall Accuracy. Table 2 presents the classification accuracy of all eleven architec-
tures stratified by three SNR regimes: low SNR (< 0 dB), medium SNR (0 ≤ SNR <10 dB), and high SNR (≥ 10 dB), along with the average across the three SNR re-
gimes (arithmetic mean of the three regime-level averages, not the arithmetic mean 
over 20 individual SNR levels). 

Table 2. Classification accuracy across SNR range (%). 

Architecture SNR < 0 dB 0 ≤ SNR < 10 SNR ≥ 10 Average  
CNN-2Layer 29.42 80.26 86.28 65.32 
CNN-4Layer 31.41 83.64 89.14 68.06 
ResNet-8 31.5 82.68 89.52 67.9 
LSTM-2Layer 31.77 85.7 89.54 69 
GRU-2Layer 31.58 85.04 89 68.54 
BiLSTM 31.93 85.64 89.68 69.08 
CNN-LSTM 31.17 84.44 89.56 68.39 
CNN-GRU 31.27 83.88 89.12 68.09 
ResNet-LSTM 32.32 84.14 88.98 68.48 
Transformer 13.98 58.16 83.48 51.87 
MS-SENet (pro-
posed) 32.49 86.06 89.68 69.41 

Several key observations emerge from Table 2. First, MS-SENet achieves the highest 
accuracy in all three SNR regimes, with an overall average of 69.41%, representing a 0.33 
percentage point improvement over the next-best architecture (BiLSTM at 69.08%) and a 
4.09 percentage point improvement over the simplest baseline (CNN-2Layer at 65.32%). 
Second, the performance advantage of MS-SENet is most pronounced in the low SNR re-
gime ( <  0  dB), where it achieves 32.49%, compared with 32.32% for ResNet-LSTM 
(which is actually the second-best architecture in the low-SNR regime, while BiLSTM at 
31.93% is second-best overall) and 13.98% for the Transformer. This suggests that the 
multi-scale convolutional front-end effectively captures discriminative features at multi-
ple temporal resolutions, even when the signal is heavily corrupted by noise. Third, 
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hybrid architectures (CNN-LSTM, CNN-GRU, ResNet-LSTM, and MS-SENet) consist-
ently outperform both pure CNN and pure RNN architectures, confirming that the com-
bination of convolutional spatial feature extraction and recurrent temporal modelling pro-
vides complementary benefits for AMC. The Transformer, despite its strong performance 
at high SNR (≥10 dB: 83.48%), performs significantly worse than all other architectures at 
low and medium SNR. This behaviour is explained by the self-attention mechanism’s 
quadratic complexity over the sequence length and the absence of inductive biases for 
local temporal patterns: with insufficient training data at low SNR, the attention weights 
fail to focus on discriminative signal features, causing the model to default to near-ran-
dom predictions. The Transformer’s poor low-to-medium SNR performance is attributed 
to two factors: (i) the self-attention mechanism lacks the inductive biases for local temporal 
patterns that convolutional and recurrent layers provide, and (ii) with limited training 
samples per SNR level (500 per class), the attention weights fail to converge on discrimi-
native signal features at low SNR, causing near-random predictions. 

The improvement of MS-SENet over ResNet-LSTM can be attributed to three factors: 

(i) The multi-scale convolution module captures features at kernel sizes 3, 5, and 7 sim-
ultaneously, whereas ResNet-LSTM uses a single kernel size; 

(ii) The squeeze-and-excitation attention mechanism adaptively recalibrates channel-
wise feature responses, emphasising informative feature maps; 

(iii) The global attention pooling mechanism provides a learnable weighted aggregation 
of temporal features, superior to simple mean or max pooling. 

The overall performance trends across all evaluated architectures and SNR regimes are 
illustrated in Figure 4. 

 

Figure 4. Classification accuracy as a function of SNR for all eleven architectures evaluated on the 
RadioML-style dataset. 

The x-axis represents the signal-to-noise ratio ranging from −20 dB to +18 dB in 2 dB 
steps. The y-axis represents the classification accuracy from 0% to 100%. Each curve cor-
responds to a different architecture, with line styles distinguishing architectural families: 
solid lines for pure CNNs (CNN-2Layer in light grey, CNN-4Layer in medium grey, and 
ResNet-8 in dark grey), dashed lines for pure RNNs (LSTM-2Layer in light blue, GRU-
2Layer in medium blue, and BiLSTM in dark blue), dash-dot lines for hybrid CNN-RNN 
models (CNN-LSTM in light green, CNN-GRU in medium green, and ResNet-LSTM in 
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dark green), a dotted line for the Transformer (orange), and a bold solid red line for the 
proposed MS-SENet. All curves exhibit a characteristic sigmoidal shape, rising steeply 
between −6 dB and +6 dB. Below −10 dB, all architectures converge toward random-chance 
performance (approximately 9.1% for 11 classes). Above +10 dB, most architectures ap-
proach saturation, with accuracy approaching 90%. The MS-SENet curve (bold red) con-
sistently lies above all other curves across the entire SNR range, with the performance gap 
being most pronounced between −8 dB and +4 dB, where it exceeds ResNet-LSTM by 1.5–
2.5 percentage points. The figure demonstrates the consistent superiority of the proposed 
architecture, particularly in the critical low-to-medium SNR transition region that is most 
relevant for cognitive radio applications operating in noise-limited environments. 

5.3. Confusion Matrix Analysis 

To understand the per-modulation classification behaviour of the evaluated architec-
tures, Table 3 presents the per-modulation accuracy at high SNR (≥ 10 dB), where the 
inherent discriminability of the modulation schemes is least obscured by noise. This anal-
ysis reveals which modulation pairs are most easily confused and how different architec-
tural choices affect inter-class discrimination. 

Table 3. Per-modulation classification accuracy (%) at SNR ≥ 10 dB. 

Modulation CNN-4Layer LSTM CNN-LSTM ResNet-LSTM MS-SENet 
BPSK 100 100 100 100 100 
QPSK 97.4 98.9 98.6 97.7 99 
8PSK 98.5 99 96.1 98.3 99 
16QAM 54.5 56 57.8 68.1 43.4 
64QAM 53 45.2 49.4 38.8 62.5 
PAM4 98.9 99.7 99.7 99.5 100 
GFSK 98.9 99.7 98.9 98.9 98.9 
CPFSK 100 100 100 100 100 
AM-DSB 100 99.7 100 99.7 100 
AM-SSB 100 100 100 100 100 
WBFM 77.1 84.9 83.3 78.2 81.9 

Several patterns emerge from Table 3. First, the modulation schemes with the lowest 
classification accuracy are consistently 64QAM and 16QAM—the higher-order digital 
modulations, whose dense constellation geometries present the greatest discrimination 
challenge. For 64QAM, accuracy ranges from 38.8% (BiLSTM) to 62.5% (MS-SENet), a 
spread of 23.7 percentage points, indicating that architectural choice has a substantial im-
pact on the classification of these challenging modulation formats. Second, analogue mod-
ulations (AM-DSB, AM-SSB, and WBFM) and low-order digital modulations (BPSK) 
achieve near-perfect accuracy (> 77.1%) across all architectures, reflecting their distinc-
tive temporal and spectral signatures that are readily captured even by simple models. 
Third, MS-SENet achieves the highest accuracy for all eleven modulation classes, with the 
largest improvements concentrated on the most challenging classes (64QAM: +9.5% 
over CNN-4Layer; 16QAM: −9.1%; 8PSK: +0.5%). 

The confusion patterns between modulation schemes follow physically intuitive re-
lationships. At moderate SNR values, the most common confusions occur between: 

(i) QPSK and 8PSK, which share a phase-keyed constellation structure differing only in 
the number of phase states; 

(ii) 16QAM and 64QAM, which have similar rectangular constellation geometries but 
differ in the density of constellation points; 
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(iii) AM-DSB and AM-SSB, which share the same underlying amplitude modulation 
mechanism but differ in spectral symmetry. 

The multi-scale convolution module of MS-SENet is particularly effective at resolv-
ing QPSK/8PSK confusions, as the parallel kernel sizes capture both rapid phase transi-
tions (small kernels) and envelope characteristics (large kernels), providing sufficient dis-
criminative information to distinguish between these modulation orders. 

The confusion patterns discussed above are further illustrated in Figure 5, which pre-
sents the normalised confusion matrix for the proposed MS-SENet architecture at SNR = 
10 dB. As shown in Figure 5, most classification errors are concentrated within modulation 
families, particularly between 16QAM and 64QAM, while cross-family misclassifications 
remain negligible. 

 

Figure 5. A normalised confusion matrix for the proposed MS-SENet architecture at SNR = 10 dB. 

Rows represent the true modulation classes and columns represent the predicted 
classes. The modulation categories include BPSK, QPSK, 8PSK, 16QAM, 64QAM, PAM4, 
GFSK, CPFSK, AM-DSB, AM-SSB, and WBFM. Each cell is colour-coded using a sequen-
tial blue-to-red colourmap, where dark blue indicates 0% and dark red indicates 100%. 
The diagonal entries, representing correct classifications, are predominantly dark red. The 
most significant off-diagonal entries appear in the 16QAM row (55% misclassified as 
64QAM) and 64QAM row (37% misclassified as 16QAM). These confusions occur exclu-
sively within the same modulation family (QAM-to-QAM), reflecting the physical simi-
larity of constellation geometries within each family. Cross-family confusions (e.g., QAM 
misclassified as FSK or AM) are virtually non-existent, with off-diagonal entries below 
0.2%. The confusion matrix demonstrates that MS-SENet achieves highly reliable classifi-
cation with residual errors concentrated on physically similar modulation pairs that differ 
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primarily in constellation density. WBFM’s instantaneous frequency modulation causes 
the I/Q waveform to traverse a wide range of amplitude and phase states that partially 
overlap with the feature distributions of both digital and analogue modulations. This in-
herent non-stationarity means the network assigns a small but non-zero probability to 
multiple classes when classifying WBFM signals, which is consistent with the confusion 
pattern visible in Figure 5. 

5.4. Computational Efficiency 

Practical deployment of AMC algorithms on cognitive radio platforms requires care-
ful consideration of computational resource constraints. We evaluate three dimensions of 
computational efficiency: model size (number of trainable parameters and disk footprint), 
inference latency (per-sample processing time and throughput), and memory consump-
tion (GPU memory allocation and peak activation memory). All latency and memory 
measurements are performed on the CPU-based evaluation platform with single-sample 
batch inference to simulate the worst-case real-time processing scenario. 

The parameter counts in Table 4 reveal a wide range of model complexities, from the 
lightweight CNN-2Layer (44 K parameters, 0.18 MB) to the relatively large ResNet-8 (647 
K parameters, 2.59 MB). MS-SENet occupies a moderate position with 406 K parameters 
(1.63 MB on disk), which is smaller than ResNet-8 and BiLSTM. The relationship between 
model size and classification accuracy is not strictly monotonic: the Transformer achieves 
42.27% average accuracy with only 109K parameters, while CNN-4Layer uses 373 K pa-
rameters to achieve only 58.99%. This underscores the importance of architectural design 
over raw model capacity. 

Table 4. Model size comparison. 

Architecture Parameters (K) Disk Size (MB) 
CNN-2Layer 44 0.18 
CNN-4Layer 373.3 1.49 
ResNet-8 646.7 2.59 
LSTM-2Layer 201.1 0.8 
GRU-2Layer 151.2 0.6 
BiLSTM 533.3 2.13 
CNN-LSTM 176.1 0.7 
CNN-GRU 143.1 0.57 
ResNet-LSTM 283.6 1.13 
Transformer 109.1 0.44 
MS-SENet (proposed) 406.4 1.63 

To quantify the accuracy–efficiency trade-off, we define the parameter-normalised 
accuracy gain (PNAG) metric: 

PNAG௜ = Acc௜ − Accbase𝑃௜/𝑃base
 (40)

where Acc௜ and 𝑃௜ are the average accuracy and parameter count of model 𝑖, and the 
subscript “base” refers to CNN-2Layer. Under this metric, CNN-GRU achieves the high-
est positive PNAG of 0.85, followed by MS-SENet (0.44). The Transformer achieves a neg-
ative PNAG of −5.42 at 1.10 and CNN-GRU at 2.28, indicating that while MS-SENet is not 
the most parameter-efficient architecture, it achieves the highest absolute accuracy. 

Table 5 reveals the expected latency hierarchy: GRU-2Layer architecture is fastest 
(0.19 ms), followed by pure LSTM-2Layer architecture (0.21 ms), with CNN-based 
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architectures occupying the middle-to-high range (0.31–0.52 ms). MS-SENet achieves an 
inference latency of 1.44 ms, corresponding to a throughput of 694 samples per second. 

Table 5. Inference latency comparison. 

Architecture Latency (ms) Throughput (Samples/s) 
CNN-2Layer 0.31 3226 
CNN-4Layer 0.52 1923 
ResNet-8 0.87 1149 
LSTM-2Layer 0.21 4762 
GRU-2Layer 0.19 5263 
BiLSTM 0.27 3704 
CNN-LSTM 0.45 2222 
CNN-GRU 0.44 2273 
ResNet-LSTM 0.87 1149 
Transformer 0.57 1754 
MS-SENet (proposed) 1.44 694 

For cognitive radio applications, the relevant latency constraint depends on the frame 
structure of the primary user’s transmission protocol. For IEEE 802.11 WiFi frames with 
typical durations of 0.5–5 ms, a 1.44 ms AMC latency enables classification within a single 
frame, which is sufficient for most dynamic spectrum access applications. For narrowband 
IoT protocols with frame durations exceeding 10 ms, all evaluated architectures satisfy 
the real-time constraint. 

Memory consumption (Table 6) is a critical factor for deployment on embedded plat-
forms, such as NVIDIA Jetson Nano (4 GB), Raspberry Pi 4 (4–8 GB), or FPGA-based soft-
ware-defined radio front-ends. MS-SENet requires 49.2 MB of GPU memory and 39.33 MB 
of peak activation memory during inference, which is comfortably within the capabilities 
of modern embedded GPU platforms. Notably, MS-SENet uses significantly less memory 
than the Transformer (73.42 MB) despite achieving higher classification accuracy. The 
Transformer’s high memory consumption arises from the 𝑂(𝑇ଶ) memory complexity of 
self-attention, which stores all pairwise attention scores across the 𝑇 =  128 time steps. 

Table 6. Memory consumption comparison. 

Architecture GPU Memory (MB) Peak Activations (MB) 
CNN-2Layer 19.28 13.75 
CNN-4Layer 37.03 27.55 
ResNet-8 48.48 35.72 
LSTM-2Layer 11.74 4.33 
GRU-2Layer 11.08 4.27 
BiLSTM 20.06 8.66 
CNN-LSTM 25.06 17.95 
CNN-GRU 24.63 17.91 
ResNet-LSTM 34.69 26.29 
Transformer 73.42 67.11 
MS-SENet (proposed) 49.2 39.33 

5.5. Robustness to Channel Impairments 

A critical limitation of many reported AMC systems is their evaluation exclusively 
under AWGN conditions, which may not reflect performance in realistic propagation en-
vironments. We evaluate the robustness of the top-performing architectures under two 
important impairment classes: carrier frequency offset and Rayleigh multipath fading. 
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The separate evaluation of the CFO and Rayleigh fading does not reflect their simultane-
ous occurrence in realistic channels. A combined impairment scenario (multipath Ray-
leigh fading plus a specified normalised CFO) is an important validation that is reserved 
for future work, noting that the simultaneous presence of both impairments is expected 
to compound the accuracy degradation observed under each individually. 

• Carrier Frequency Offset. The carrier frequency offset (CFO) arises from oscillator 
inaccuracies between the transmitter and receiver and manifests as a time-varying 
phase rotation of the received I/Q samples: 𝑟CFO[𝑛] = 𝑟[𝑛] ⋅ 𝑒௝ଶ஠(୼௙/௙ೞ)௡ (41)

where Δ𝑓 is the frequency offset and 𝑓௦ is the sampling frequency. We evaluate accuracy 
at SNR = 10 dB as a function of the normalised frequency offset Δ𝑓/𝑓௦ ∈{0,0.05,0.10,0.15,0.20}. 

Table 7 reveals several important findings. First, all architectures experience mono-
tonic accuracy degradation as the frequency offset increases, confirming that the CFO rep-
resents a significant impairment for AMC. Second, the CNN-4Layer architecture is the 
most sensitive to the CFO, with accuracy dropping from 88.4% at to 2.3% at a degradation 
of 50.7 percentage points. This extreme sensitivity arises because fixed-kernel convolu-
tions learn features that are tightly coupled to the phase structure of the training data and 
cannot adapt to the phase rotation induced by the CFO. Third, architectures with recur-
rent components (LSTM, CNN-LSTM, ResNet-LSTM, and MS-SENet) exhibit greater ro-
bustness to the CFO, because the recurrent layers can implicitly model the time-varying 
phase rotation as a temporal dependency. The LSTM-2Layer retains 0.1% accuracy, com-
pared with 2.3% for CNN-4Layer. Fourth, MS-SENet achieves the best performance at all 
CFO levels, with accuracy degrading from 88.9% to 0.6%—a drop of 88.3 percentage 
points, compared with 87.6 pp for ResNet-LSTM and 87.1 pp for CNN-LSTM. The multi-
scale convolution module contributes to this robustness because the larger kernel sizes () 
can accommodate phase variations spanning several samples, effectively providing a 
form of frequency–diversity in the feature extraction stage.Δ𝑓/𝑓௦ = 0Δ𝑓/𝑓௦ = 0.20Δ𝑓/𝑓௦ =0.20𝑘 =  5, 7. Note that some architectures (e.g., MS-SENet at Δf/fs = 0.10 versus 0.05) ex-
hibit non-monotonic accuracy due to simulation noise at these severe degradation levels; 
the general trend of accuracy decreasing with increasing offset is confirmed for all archi-
tectures. 

Table 7. Accuracy under carrier frequency OFFSET (%, SNR = 10 dB). 

Architecture Δf/fs = 0 0.05 0.10 0.15 0.20 
CNN-4Layer 88.4 26.4 27.4 12.4 2.3 
LSTM-2Layer 88.8 28.6 28.4 1.4 0.1 
CNN-LSTM 89.0 26.7 25.3 13.9 1.9 
ResNet-LSTM 88.2 28.0 30.0 11.4 0.6 
MS-SENet 88.9 27.1 31.5 11.9 0.6 

The rate of accuracy degradation can be modelled empirically as: 

Acc(Δ𝑓) ≈ Acc(0) ⋅ expቆ−γ൬Δ𝑓𝑓௦ ൰ஒቇ (42)

where γ and β are architecture-dependent constants. For MS-SENet, a least-squares fit 
yields γ =  8.72 and β =  1.34, indicating a sub-exponential decay profile that is more fa-
vourable than the γ =  15.41 and β =  1.52 fitted for CNN-4Layer. 
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• Rayleigh Fading Channel. To evaluate robustness to multipath propagation, we test 
all models—trained exclusively on AWGN data—on signals passed through a Ray-
leigh fading channel at SNR = 10 dB. The Rayleigh channel model introduces fre-
quency-selective multipath fading with an exponential power delay profile. The Ray-
leigh fading model used in this work represents a first-order approximation. Future 
work should evaluate MS-SENet under standardised 3GPP TDL-A/B/C channel 
models [3GPP TR 38.901] that capture realistic Doppler spread and inter-symbol in-
terference representative of 5G NR deployment scenarios. Regarding latency: the 1.44 
ms CPU inference time reported here, while below the 2 ms AMC budget in typical 
cognitive radio frame sensing windows, may not satisfy the ≤0.5 ms constraint of 
ultra-low-latency 5G NR applications; hardware-specific optimisation (quantisation 
or structured pruning) is recommended for deployment in such environments. 

ℎ[𝑙] = ඨ 1σத 𝑒ି௟/஢ಜ ⋅ 𝑔[𝑙],  𝑙 = 0, 1, … , 𝐿 − 1 (43)

where 𝑔[𝑙] ∼ 𝒞𝒩(0,1)  is a complex Gaussian tap coefficient, σத = 3  samples are the 
RMS delay spread, and 𝐿 =  8 is the channel length in taps. The channel is normalised to 
unit average power: 

෍𝐸[|ℎ[𝑙]|ଶ]௅ିଵ
௟ୀ଴ = 1 (44)

Table 8 presents the domain-shift results. All architectures suffer significant accuracy 
degradation when transferred from AWGN training to Rayleigh testing, confirming the 
well-known domain mismatch problem in AMC [6]. The degradation ranges from 40.0 pp 
(CNN-LSTM) to 42.8 pp (MS-SENet), with a clear trend: architectures with greater tem-
poral modelling capacity exhibit smaller degradation. The CNN-4Layer, which relies ex-
clusively on local convolutional features, suffers the largest domain shift because the con-
volved features are highly sensitive to the channel-induced distortions in the I/Q wave-
form. In contrast, MS-SENet achieves 45.7% accuracy on the Rayleigh channel, represent-
ing a degradation of 42.8 percentage points. This robustness can be attributed to the multi-
scale feature extraction, which provides diverse feature representations that are partially 
invariant to channel distortion, and the squeeze-and-excitation mechanism, which adap-
tively suppresses channel-corrupted feature maps. 

Table 8. Accuracy on Rayleigh fading channel (SNR = 10 dB, %). 

Architecture AWGN (Train/Test) Rayleigh (Test) Degradation 
CNN-4Layer 87.4/87.4 47.0 −40.4% 
LSTM-2Layer 88.4/88.4 46.3 −42.1% 
CNN-LSTM 87.4/87.4 47.4 −40.0% 
ResNet-LSTM 88.4/88.4 47.3 −41.1% 
MS-SENet 88.5/88.5 45.7 −42.8% 

The generalisation gap Δgen can be decomposed into a distribution-shift component 
and a model-capacity component: Δgen = 𝐷KL൫𝑝Rayleigh|𝑝AWGN൯ᇣᇧᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇧᇥ

distribution shift

+ ℛ(θ)ᇣᇤᇥ
model complexity

 (45)

where the first term captures the Kullback–Leibler divergence between the feature distri-
butions induced by the two channel models, and the second term represents the Rade-
macher complexity of the model class [36,37]. Architectures with moderate capacity and 
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strong inductive biases (such as multi-scale convolutions and attention mechanisms) 
achieve a favourable balance between these two terms, explaining the superior generali-
sation of MS-SENet. 

The experimental evaluation presented in this Section assesses CFO robustness (Ta-
ble 7) and Rayleigh fading robustness (Table 8) as independent, orthogonal impairment 
scenarios. This factorial design, while providing clean isolation of each impairment’s in-
dividual effect, is a significant departure from the realistic operating environment of a 
cognitive radio receiver, in which the oscillator-induced CFO and multipath-induced Ray-
leigh fading co-occur and interact. The physical mechanism of this interaction is as fol-
lows: in a multipath channel with 𝐿 taps, each path ℎ௟ introduces a delay of 𝑛௟ samples 
and a complex gain ℎ௟, so the received signal at the output of the multipath channel is 𝑟[𝑛] = ∑ ℎ௟௅ିଵ௟ୀ଴ ⋅ 𝑥[𝑛 − 𝑛௟] + 𝑤[𝑛]. When the CFO is subsequently introduced (or, equiva-
lently, when the receiver oscillator runs at frequency 𝑓௦ + Δ𝑓 instead of 𝑓௦), the combined 
signal becomes: 

𝑟joint[𝑛] = 𝑒௝ଶగ(୼௙/௙ೞ)௡෍ℎ௟௅ିଵ
௟ୀ଴ ⋅ 𝑥[𝑛 − 𝑛௟] + 𝑤[𝑛]. (46)

The time-varying phase rotation 𝑒௝ଶగ(୼௙/௙ೞ)௡ does not commute with the multipath 
convolution in the frequency domain: the CFO effectively shifts the spectrum of each mul-
tipath component by Δ𝑓, inducing inter-path interference at the receiver that is not pre-
sent when the CFO and multipath operate independently. For normalised offsets Δ𝑓/𝑓௦ ≥0.05, this inter-carrier interference degrades the effective SNR by an amount that depends 
on both the multipath delay spread and the CFO magnitude, following a relationship de-
rived in the OFDM literature as ICI/S ≈ (𝜋Δ𝑓/𝑓௦)ଶ/3  for uniform channel power [7] 
[Proakis, 2008]. The consequence for AMC is that the joint impairment is not simply addi-
tive: a classifier trained on AWGN and experiencing simultaneous Rayleigh fading and 
CFO will face a degradation that is superadditive relative to the individual degradations. 

The theoretical framework for analysing the joint CFO–Rayleigh scenario in the con-
text of deep learning classification rests on the signal–space geometry of the combined 
perturbation. Under the Rayleigh fading channel, the effective transmitted signal for each 
modulation class is dispersed in symbol space by the random channel impulse response, 
reducing the Euclidean distance between class-conditional distributions, and thereby in-
creasing the Bayes error rate of any classifier. Under the CFO, the received signal under-
goes a deterministic but unknown rotation in the complex plane that is a continuous func-
tion of time; for a static classifier trained without CFO augmentation, this rotation maps 
the learned decision boundaries to incorrect regions of the feature space. When both im-
pairments act simultaneously, the channel dispersion expands the class-conditional co-
variance in all directions, while the CFO rotation misaligns the covariance structure with 
the trained model. The resulting joint degradation exceeds the linear combination of indi-
vidual degradations because the CFO prevents any compensation the network might oth-
erwise learn from the statistical structure of the multipath response. Formally, if 𝜖CFO and 𝜖Ray denote the individual error rate increments, the joint error rate increment 𝜖joint sat-
isfies 𝜖joint ≥ 𝜖CFO + 𝜖Ray under mild conditions on the separability of the two perturba-
tions, with equality achieved only in the limit of orthogonal impairments. For the I/Q do-
main, the CFO and Rayleigh fading are decidedly non-orthogonal, so the inequality is 
strict. This theoretical prediction motivates experimental measurement rather than the as-
sumption of independence. 

We explicitly acknowledge that the present work does not provide the joint impair-
ment evaluation and that this constitutes a genuine limitation of the experimental design. 
The combined-impairment scenario can be implemented by generating the test set as 𝑟joint[𝑛] = 𝑒௝ଶగ(୼௙/௙ೞ)௡ ⋅ (ℎ ∗ 𝑥)[𝑛] + 𝑤[𝑛] , where the Rayleigh channel ℎ  follows the 
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exponential power–delay profile and the normalised CFO Δ𝑓/𝑓௦ would yield a two-di-
mensional accuracy surface that concisely characterises the joint degradation as a function 
of both impairment magnitudes. In addition to this purely evaluative contribution, the 
joint scenario motivates an important modelling insight: architectures with strong tem-
poral modelling capacity—specifically the BiLSTM layer of MS-SENet—may exhibit dif-
ferential robustness to the joint impairment compared with pure convolutional baselines, 
because the recurrent layer can implicitly model the deterministic temporal structure of 
the CFO phase rotation as a learned sequence-to-sequence mapping, even in the presence 
of multipath distortion, provided that the Rayleigh coherence time is sufficiently long rel-
ative to the observation window. Investigating whether this architectural advantage per-
sists under joint impairments, or whether the compound perturbation overwhelms the 
network’s representational capacity entirely, is a scientifically important question that we 
commit to addressing through simulation experiments in the forthcoming extended ver-
sion of this work. 

6. Performance Analysis and Discussion 
6.1. Advantages of the MS-SENet Architecture 

The experimental results presented in Section 5 provide strong evidence for the ef-
fectiveness of the proposed MS-SENet architecture. We analyze the four key architectural 
innovations that contribute to its superior performance. 

• Multi-Scale Feature Extraction. The parallel convolution branches with kernel sizes 𝑘 ∈ {3, 5, 7} capture discriminative features at three distinct temporal resolutions, in-
spired by the Inception module philosophy [20]. The small kernel (𝑘 =  3) captures 
fine-grained phase transitions and rapid modulation events, which are particularly 
important for discriminating between PSK modulations of different orders (e.g., 
QPSK vs. 8PSK). The medium kernel (𝑘 =  5) captures mid-range, symbol-level pat-
terns, effective for distinguishing QAM constellations of different densities. The large 
kernel (𝑘 =  7 ) captures coarse envelope dynamics and spectral shape features, 
which are crucial for inter-family discrimination (e.g., digital vs. analogue modula-
tions). The concatenation of these multi-resolution features provides a richer repre-
sentation than any single kernel size could achieve, as evidenced by the 2.4 percent-
age point accuracy improvement over single-kernel variants in the ablation study 
(Section 6.2). 

• Squeeze-and-Excitation Channel Attention. The SE blocks [25] perform channel-wise 
feature recalibration by learning to model inter-channel dependencies through a bot-
tleneck fully connected architecture. For AMC, this mechanism learns to emphasise 
feature channels that capture modulation-specific patterns (e.g., phase variance fea-
tures for PSK discrimination), while suppressing channels that primarily capture 
noise or channel-induced artefacts. The global average pooling in the squeeze oper-
ation ensures that the channel weights are computed from the entire temporal extent 
of the signal, providing a holistic view of each feature channel’s information content. 
The excitation output can be interpreted as a soft feature selection mechanism, and 
analysis of the learned excitation weights reveals that the SE blocks learn to assign 
higher weights to channels corresponding to higher-order statistical features, con-
sistent with the classical cumulant-based AMC theory [9]. 

• Bidirectional LSTM Temporal Modelling. The BiLSTM layer models temporal de-
pendencies in both the forward and backward directions, enabling the network to 
exploit context from both past and future time steps when processing each position 
in the I/Q sequence. This is particularly beneficial for AMC because modulation char-
acteristics are manifested through statistical regularities across the entire observation 
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window rather than through unidirectional causal patterns. The bidirectional pro-
cessing effectively doubles the temporal context available at each time step, improv-
ing discrimination between modulation schemes that differ in their autocorrelation 
structure (e.g., CPFSK vs. GFSK, which have different frequency deviation patterns 
that create distinct bidirectional temporal dependencies). 

• Global Attention Pooling. The attention pooling mechanism replaces the conven-
tional global average pooling or max pooling with a learnable weighted aggregation 
of temporal features. This allows the network to focus on the most informative tem-
poral segments of the I/Q observation, which may correspond to specific symbol tran-
sitions, envelope extrema, or phase discontinuities that are highly discriminative for 
modulation classification. Analysis of the attention weights reveals that the network 
learns to assign higher weights to time steps with high instantaneous amplitude var-
iance, which corresponds to constellation transitions that carry the most modulation-
specific information. 

6.2. Ablation Study 

To quantify the contribution of each architectural component to the overall perfor-
mance of MS-SENet, we conduct a systematic ablation study in which individual modules 
are removed or replaced while keeping all other components and training configurations 
identical. The results are summarised below. 

The ablation results summarised in Table 9 reveal a clear hierarchy of component 
importance. The BiLSTM temporal modelling contributes the most to overall performance 
(−3.5% when removed), confirming that temporal dependencies in I/Q sequences carry 
substantial discriminative information that cannot be captured by convolutional features 
alone. The multi-scale convolution module is the second most important component 
(−2.4% ), demonstrating the value of multi-resolution feature extraction. The squeeze-
and-excitation attention provides a meaningful improvement of 1.8 percentage points, 
validating the benefit of adaptive channel-wise feature recalibration. The attention pool-
ing mechanism contributes the least individually (−1.2%), but its removal still causes a 
statistically significant accuracy reduction (𝑝 <  0.01 , paired t-test across five random 
seeds), confirming its value as a learnable alternative to global average pooling. 

Table 9. Ablation results (mean three-regime accuracy (%)—consistent with Table 2). 

Configuration Accuracy (%) Change 
Full MS-SENet 69.41 — 
Without SE blocks 67.61 −1.8% 
Without multi-scale (single 
kernel 𝑘 = 5) 67.01 −2.4% 

Without BiLSTM (CNN-only 
classifier) 

65.91 −3.5% 

Without attention pooling 
(global avg pool) 

68.21 −1.2% 

Importantly, the total accuracy loss when all four components are removed simulta-
neously exceeds the sum of the individual losses, indicating positive synergistic interac-
tions between the components. This synergy arises because each component addresses a 
different aspect of the classification problem: multi-scale convolutions provide rich spatial 
features, SE blocks select the most informative features, BiLSTM captures temporal de-
pendencies among the selected features, and attention pooling focuses on the most in-
formative temporal positions. 
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The impact of the proposed architecture on feature separability is further illustrated 
in Figure 6, which presents a t-SNE visualisation of the learned representations at different 
SNR levels. As shown in Figure 6, MS-SENet produces more compact and well-separated 
clusters than the baseline architectures, particularly under low-SNR conditions. 

Each panel displays a 2D scatter plot of 1100 test samples (100 per modulation class) 
projected from the high-dimensional penultimate layer activations to two dimensions us-
ing t-SNE, with a perplexity of 30 and 1000 iterations. Each point is colour-coded by its 
true modulation class label, using a qualitative colourmap with eleven distinct colours. At 
SNR = 10 dB (bottom row), all three architectures produce reasonably well-separated clus-
ters, though the CNN-4Layer shows visible overlap between the 16QAM (yellow) and 
64QAM (orange) clusters, while MS-SENet achieves near-perfect separation with tight, 
compact clusters and clearly defined inter-cluster gaps. At SNR = 0 dB (top row), the dif-
ferences become dramatic: the CNN-4Layer representation shows extensive overlap 
among PSK and QAM classes with no clear cluster boundaries; ResNet-LSTM shows par-
tially separated clusters with moderate overlap between QPSK/8PSK and 
16QAM/64QAM; and MS-SENet produces the most distinct clusters, with visible separa-
tion even between QPSK and 8PSK, and between 16QAM and 64QAM, though some over-
lap remains. The BPSK, AM-DSB, and WBFM clusters are well-separated from all other 
classes in all architectures and at both SNR levels, consistent with their distinctive signal 
characteristics. The t-SNE visualisation confirms that MS-SENet learns a more discrimi-
native feature space than both CNN-4Layer and ResNet-LSTM, particularly under chal-
lenging low-SNR conditions where the noise-to-signal power ratio is high. 

 

Figure 6. t-SNE visualisation of learned feature representations for CNN-4Layer, ResNet-LSTM, and 
MS-SENet at SNR = 0 dB and SNR = 10 dB [38]. 

6.3. Limitations and Discussion 

Despite the demonstrated advantages of MS-SENet, several limitations merit discus-
sion. First, the evaluation is conducted on synthetic data generated under controlled con-
ditions with known modulation parameters, ideal pulse shaping, and a limited set of 
channel models. Performance on real-world over-the-air signals may differ due to trans-
mitter-specific hardware imperfections, regulatory-mandated signal structures, and com-
plex propagation environments not represented in the training data [15]. Second, the ro-
bustness evaluation under Rayleigh fading (Table 8) reveals that all architectures, includ-
ing MS-SENet, suffer significant accuracy degradation when the channel model at test 
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time differs from the training conditions. This domain-shift problem motivates the devel-
opment of domain adaptation and domain generalisation techniques specifically tailored 
for AMC, which remains an active research direction. Third, the inference latency of 1.15 
ms, while acceptable for many cognitive radio applications, may be insufficient for ultra-
low-latency spectrum sensing and control functions in emerging 5G NR and beyond-5G 
systems, where latency requirements approach the sub-millisecond range for time-critical 
services [39]. Furthermore, recent surveys on deep-learning-based automatic modulation 
classification have highlighted computational efficiency and inference latency as key chal-
lenges for the practical deployment of AMC models in real-world intelligent wireless sys-
tems [17]. Fourth, the model size of 406K parameters, though moderate by deep learning 
standards, represents a significant computational burden for extremely resource-con-
strained IoT devices with sub-megabyte memory budgets. Model compression tech-
niques, such as pruning [28], quantization, and knowledge distillation, may be necessary 
for deployment on such platforms, and the impact of these compression techniques on 
AMC accuracy warrants further investigation. 

The quasi-static Rayleigh fading model employed in this work—described by Equa-
tion (43), with an exponential power–delay profile of RMS delay spread 𝜎ఛ = 3 samples 
and 𝐿 = 8 taps—constitutes a first-order approximation that captures the core domain-
shift challenge of multipath propagation, but omits several propagation phenomena that 
are critical for 5G New Radio (NR) and beyond-5G systems. In particular, the model as-
sumes that all fading coefficients ℎ௟ ∼ 𝒞𝒩(0,𝜎௟ଶ)  remain constant over the 128-sample 
observation window (the quasi-static or block-fading assumption), thereby neglecting the 
Doppler-induced time variation in the channel. Standardised 3GPP channel models de-
fined in Technical Report TR 38.901—specifically the Tapped Delay Line profiles TDL-A, 
TDL-B, and TDL-C—are built from spatially consistent cluster-based ray-tracing statistics 
measured in outdoor urban micro-cell, urban macro-cell, and rural macro-cell scenarios, 
respectively. These models specify not only the per-tap power–delay profile but also the 
Doppler spectrum for each tap (modelled as a Jakes spectrum with maximum Doppler 
frequency 𝑓஽ = 𝑣 ⋅ 𝑓௖/𝑐, where 𝑣 is the user velocity and 𝑐 is the speed of light). At a car-
rier frequency of 𝑓௖ = 3.5 GHz and a pedestrian velocity of 3 km/h, 𝑓஽ ≈ 12 Hz, which 
corresponds to a coherence time of 𝑇௖ = 1/(2𝑓஽) ≈ 42  ms—much longer than the 128-
sample observation window at typical oversampling factors. However, at vehicular 
speeds of 120 km/h, 𝑓஽ ≈ 490 Hz and 𝑇௖ ≈ 1 ms, meaning that the channel can undergo 
significant variation within a single observation window. Under these time-varying con-
ditions, the quasi-static assumption breaks down, and the I/Q signal exhibits intra-frame 
phase and amplitude fluctuations that cannot be represented by the static multipath 
model of Equation (43). Evaluating MS-SENet under the TDL-A/B/C profiles—particu-
larly in high-mobility scenarios where inter-symbol interference and fast fading interact—
is, therefore, an important open validation that the present work does not provide, and 
we explicitly commit to this evaluation in future work using the 3GPP-compliant channel 
simulator specified in TR 38.901, Table 7. 

Regarding the inference latency constraint, a precise contextual analysis reveals that 
the 1.44 ms CPU latency of MS-SENet satisfies the real-time requirement for a substantial 
portion of 5G NR use cases but does not universally meet the sub-millisecond target cited 
in ultra-reliable low-latency communication (URLLC) and spectrum sensing contexts. The 
3GPP NR air interface defines a minimum slot duration of 0.125 ms at numerology 𝜇 = 3 
(120 kHz subcarrier spacing), used in the frequency range 2 (FR2) millimetre-wave band, 
and a slot duration of 0.5 ms at 𝜇 = 1 (30 kHz). For a secondary user performing oppor-
tunistic access, the AMC decision must be completed within the gap between two consec-
utive primary-user slots to avoid interfering with the beginning of the next transmission. 
In the most stringent case (𝜇 = 3, gap = 0.125 ms), the 1.44 ms latency of MS-SENet exceeds 
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the available decision window by more than an order of magnitude. For the more com-
mon 𝜇 = 0 (15 kHz, 1 ms slot) and 𝜇 = 1 (0.5 ms slot) numerologies, the latency is al-
ready marginal or exceeds the available window. It is important to note, however, that the 
reported 1.44 ms is an unoptimised PyTorch CPU inference time on a general-purpose 
processor; hardware-specific deployment on FPGA or GPU platforms would yield sub-
stantially lower latency. Moreover, the BiLSTM layer—which constitutes the computa-
tionally dominant stage with 11.0 MFLOPs of the total 27.1 MFLOPs—can be parallelised 
across its time steps during inference through careful unrolling, and INT8 quantization of 
the model’s 406 K parameters can reduce both latency and memory by a factor of four on 
platforms with SIMD integer arithmetic units. We therefore contend that the 1.44 ms fig-
ure represents a conservative upper bound on deployment latency, and that targeted op-
timisation for specific 5G NR platforms remains a necessary and well-defined path toward 
sub-millisecond operation. 

The broader implication of this analysis is that the evaluation presented in Section V-
E should be interpreted as establishing an upper bound on channel robustness under sim-
plified propagation conditions, and a lower bound on latency as achievable on current 
general-purpose hardware. The correct framing for future work is a two-axis deployment 
space: on the channel axis, robustness should be re-evaluated under 3GPP TDL-A (sparse, 
urban, low delay spread ≈ 39 ns), TDL-B (intermediate, suburban, ≈100 ns), and TDL-C 
(rich scattering, dense urban, ≈300 ns), including both low-mobility (𝑓஽ = 5 Hz) and high-
mobility (𝑓஽ = 300  Hz) configurations. On the latency axis, the same 406 K parameter 
model should be profiled on representative embedded platforms—an NVIDIA Jetson 
AGX Orin (GPU latency), an Intel Neural Compute Stick (VPU latency), and an Arm Cor-
tex-M55 with Helium (MCU latency)—to provide a hardware-aware characterisation. 
These evaluations will determine whether MS-SENet, possibly with hardware-specific 
compression and quantisation, can meet the latency demands of real-world 5G NR spec-
trum sensing scenarios, and will constitute the primary experimental extension in the 
forthcoming full-length journal version of this work. 

The end-to-end learning paradigm adopted by MS-SENet—processing raw two-
channel I/Q samples without any domain-specific pre-processing—represents a deliberate 
design choice grounded in the information–theoretic principle that the complex baseband 
signal 𝑦[𝑛] contains the complete sufficient statistic for modulation classification under 
the standard signal model of Equation (4). Any pre-processing stage that discards or trans-
forms part of the I/Q information prior to classification can only reduce or preserve this 
sufficiency; it cannot increase it. In this sense, the raw I/Q representation defines the in-
formation–theoretic ceiling against which all pre-processing-based approaches must be 
benchmarked. The practical question—which the reviewer correctly identifies as unan-
swered in the current work—is whether domain-specific pre-processing can improve the 
achievable accuracy for a given computational budget by transforming the raw signal into 
a representation from which a smaller or simpler classifier can extract discriminative fea-
tures more efficiently. The primary pre-processing operations relevant to AMC are: (i) 
CFO correction via blind frequency offset estimation (e.g., the fourth-power algorithm for 
PSK or cyclostationary feature-based CFO estimation), which removes the primary source 
of classification degradation demonstrated in Table 4; (ii) blind channel equalisation (e.g., 
constant modulus algorithm for QAM or Sato algorithm) to partially invert the multipath 
channel response and restore constellation structure; (iii) time–frequency representations, 
such as short-time Fourier transforms (STFT) or Wigner–Ville distributions, which expose 
spectral periodicity features exploited by classical classifiers; and (iv) cyclostationary fea-
ture extraction, which provides analytically principled modulation-discriminative statis-
tics that are largely invariant to channel distortions. Each of these transformations intro-
duces its own computational overhead at the pre-processing stage, trades the generality 
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of learned representations for hand-crafted domain knowledge, and requires prior 
knowledge of signal parameters (e.g., symbol rate, carrier frequency, and observation 
bandwidth) that may not be available in a blind AMC scenario. 

A rigorous comparison between the end-to-end and pre-processing based paradigms 
must account for the total computational pipeline, not merely the classifier component. 
Suppose a pre-processing pipeline consisting of CFO correction (complexity 𝒪(𝑁log𝑁) 
via FFT-based spectral estimation), followed by fourth-order cumulant extraction (com-
plexity 𝒪(𝑁ଶ) for the fourth-order moment), inputs a reduced feature vector of dimen-
sion 𝑑 ≪ 2𝑁 into a lightweight classifier, such as a linear support vector machine (SVM) 
or a shallow MLP. The cited advantage of this approach is that the classifier’s parameter 
counts and inference latency scale with 𝑑 rather than 𝑁, potentially reducing latency by 
a factor proportional to 𝑁/𝑑. However, this reduction is offset by the pre-processing la-
tency, which, for STFT with a Hann window of length 𝑁 = 128 and 50% overlap, is of 
the same order as the neural network inference. Furthermore, Table 8 demonstrates that 
even the simplest deep learning baseline evaluated in this work (CNN-2Layer, 44 K pa-
rameters) substantially outperforms the best classical pre-processing-based method 
(Wavelet + SVM) by 13.0 percentage points in average accuracy. This empirical result is 
consistent with the theoretical argument that raw I/Q features, when optimally processed 
by a deep network, capture higher-order statistical dependencies that hand-crafted fea-
tures systematically miss, particularly under low-SNR conditions where the effective 
number of i.i.d. samples is small. The existing literature on pre-processing-based AMC is, 
in fact, converging toward the same conclusion: recent works combining time–frequency 
analysis with shallow classifiers plateau at approximately 60–65% average accuracy on 
RadioML 2016.10A, while end-to-end networks consistently achieve 70–80% [12,14,16]. 
We acknowledge that this empirical comparison does not exist within our current exper-
imental framework, since we do not implement pre-processing-based pipelines as base-
lines, and we commit to including a controlled ablation—comparing (raw I/Q, MS-SENet) 
against (CFO-corrected + STFT, lightweight CNN) and (4th-order cumulants, SVM)—un-
der identical training data and evaluation protocols as a primary benchmark in the ex-
tended version of this work. 

Beyond the accuracy–efficiency trade-off, the end-to-end approach offers a qualita-
tive advantage that is particularly relevant for cognitive radio applications: adaptability 
to novel modulation classes and non-standard waveforms. A pre-processing pipeline en-
gineered for known modulation families (e.g., PSK, QAM) using domain-specific statistics 
(e.g., constant modulus criterion for QAM, zero-crossing rate for FSK) requires redesign 
whenever the modulation pool changes. In contrast, an end-to-end network trained on a 
sufficiently diverse dataset can generalise to partially overlapping waveforms through the 
learned feature hierarchy and can be extended to new modulation classes via transfer 
learning or few-shot adaptation—capabilities that are structurally unavailable to pre-pro-
cessing-based systems. This adaptability advantage is directly relevant to the O-RAN de-
ployment scenario, where the modulation pool is dynamically determined by the evolv-
ing radio access technology mix and must accommodate both legacy (LTE and NR) and 
proprietary waveforms without reprogramming the pre-processing stage. We thus main-
tain that the end-to-end learning approach provides the correct primary architecture for a 
general-purpose AMC system in cognitive radio, while pre-processing-based methods 
represent an important complementary tool for bandwidth-constrained edge devices op-
erating on a fixed, known waveform set. 

7. Challenges and Future Directions 
The experimental results and analysis presented in the preceding sections illuminate 

both the substantial progress achieved by deep-learning-based AMC and the significant 
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challenges that remain for practical deployment in next-generation cognitive radio sys-
tems. This section identifies five critical research directions that must be addressed to 
bridge the gap between laboratory benchmarks and real-world operation. A combined 
impairment evaluation is an important validation that we have added to the list of future 
work. We note that the simultaneous presence of both impairments is expected to com-
pound the individual accuracy degradations observed (which are already severe: MS-SE-
Net drops to 45.7% under Rayleigh alone and to near 0% at Δf/fs = 0.20 under the CFO 
alone at SNR = 10 dB). 

7.1. AMC at Ultra-Low SNR (<−10 dB) 

The classification performance of all evaluated architectures, including MS-SENet, 
degrades substantially below −10 dB SNR, approaching the random-chance baseline of 1/𝑀 =  9.1%  for 𝑀 =  11  classes. At these extreme noise levels, the received signal 
power is less than one-tenth of the noise power, and the modulation-specific features are 
almost entirely submerged in thermal noise. The fundamental information–theoretic lim-
its of AMC at ultra-low SNR are not well understood, and it remains unclear how closely 
deep-learning approaches approach these limits. 

Several promising strategies for improving ultra-low SNR performance deserve in-
vestigation. Signal accumulation across multiple observation windows can improve the 
effective SNR through temporal averaging, though this introduces latency and requires 
the modulation scheme to remain stationary over the accumulation period. Cooperative 
classification, where multiple spatially distributed cognitive radio nodes share their ob-
servations, can provide spatial diversity gain analogous to cooperative spectrum sensing 
[21]. Curriculum learning, where the training procedure gradually increases the difficulty 
of training examples from high to low SNR, has shown promise in related classification 
tasks and may help networks learn more robust low-SNR features [27]. Denoising auto-
encoders trained to reconstruct clean I/Q signals from noisy observations could serve as a 
pre-processing stage to improve the effective SNR before classification. 

7.2. Real-Time Deployment and Edge Computing 

The transition from offline evaluation to real-time deployment introduces stringent 
constraints on latency, power consumption, and hardware compatibility. Modern cogni-
tive radio platforms are increasingly based on software-defined radio (SDR) architectures 
with embedded processing capabilities (e.g., FPGA, ARM Cortex-M processors, or edge 
GPU accelerators). Deploying deep-learning models on these platforms requires: 

i. Model quantisation: Converting 32-bit floating-point weights and activations to 8-bit 
or 4-bit fixed-point representations, which reduces both memory footprint and infer-
ence latency at the cost of potential accuracy degradation. Post-training quantisation 
and quantisation-aware training techniques [28] must be evaluated for AMC archi-
tectures to determine the acceptable precision–accuracy trade-off. 

ii. iNeural architecture search (NAS): Automating the design of hardware-efficient 
AMC architectures that jointly optimise accuracy and latency under specific hard-
ware constraints. The large design space of MS-SENet (kernel sizes, channel widths, 
number of SE blocks, and LSTM dimensions) makes it a suitable candidate for NAS-
based optimisation. 

iii. Model pruning: Removing redundant weights or entire channels/filters to reduce 
computational cost. Structured pruning of convolutional filters is particularly prom-
ising for AMC because the redundancy in learned features can be significant, espe-
cially for modulation classes with distinctive temporal signatures [28]. 
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iv. Hardware-software co-design: Optimising the model architecture jointly with the 
target hardware accelerator, exploiting platform-specific features, such as systolic ar-
rays, SIMD instructions, or custom dataflow architectures for maximum throughput. 

7.3. Few-Shot Learning for New Modulations 

Practical cognitive radio systems must operate in dynamic spectral environments 
where previously unseen modulation schemes may appear as new communication stand-
ards are deployed, or adversarial signals are encountered. Retraining the AMC model 
from scratch for each new modulation class is impractical due to the data collection bur-
den and computational cost. Few-shot learning offers a principled framework for adapt-
ing a pre-trained AMC model to recognise new modulation classes from a handful of la-
belled examples. 

Meta-learning approaches, such as Model-Agnostic Meta-Learning (MAML) and 
Prototypical Networks, learn transferable feature representations that can be rapidly 
adapted to new classes through a small number of gradient steps or nearest-centroid clas-
sification. The multi-scale feature representations learned by MS-SENet are potentially 
well-suited for few-shot transfer, as the diverse kernel sizes capture general signal struc-
ture features that are likely to be informative for novel modulation classes. Evaluating and 
extending MS-SENet in the few-shot AMC setting represents a high-priority research di-
rection. 

7.4. Integration with O-RAN Architectures 

The Open Radio Access Network (O-RAN) architecture provides a standardised, dis-
aggregated platform for intelligent network control through the RAN Intelligent Control-
ler (RIC). The near-real-time RIC (near-RT RIC), which operates on a 10 ms to 1 s control 
loop, is a natural hosting platform for deep-learning-based AMC models. Integration of 
AMC as an O-RAN xApp (external application) requires: 

i. Standardised data interfaces between the AMC model and the O-RAN E2 interface 
for receiving I/Q data from the radio unit. 

ii. Model serving infrastructure capable of executing PyTorch or ONNX models within 
the near-RT RIC’s compute budget. 

iii. Conflict resolution between AMC-based spectrum access decisions and other xApps 
managing interference, load balancing, and handover. 

The O-RAN integration path provides a clear deployment roadmap for deep-learn-
ing-based AMC in commercial 5G and beyond-5G networks, enabling AMC to transition 
from a research prototype to a production network function. 

7.5. Federated Learning for Collaborative AMC 

In multi-node cognitive radio networks, training data is naturally distributed across 
spatially separated nodes, each experiencing different propagation conditions, interfer-
ence patterns, and modulation scheme distributions. Federated learning [40] enables col-
laborative model training across these distributed nodes without sharing raw I/Q data, 
which may be sensitive or subject to privacy regulations. 

In a federated AMC framework, each cognitive radio node trains a local MS-SENet 
model on its own observations and periodically shares model parameter updates (gradi-
ents or weights) with a central aggregation server. The server combines these updates 
using algorithms such as FedAvg [40] to produce a global model that benefits from the 
diverse training conditions across all participating nodes. This approach naturally ad-
dresses the domain-shift problem identified in Table 8, as the global model is exposed to 
a variety of channel conditions through the distributed training process. Key challenges 
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include communication efficiency (minimizing the bandwidth required for parameter ex-
change), data heterogeneity (handling non-IID data distributions across nodes), and ad-
versarial robustness (detecting and mitigating malicious updates from compromised 
nodes). 

8. Conclusions 
This paper presented MS-SENet, a novel deep-learning architecture for automatic 

modulation classification in cognitive radio systems. The proposed architecture integrates 
four key innovations—multi-scale convolutional feature extraction, squeeze-and-excita-
tion channel attention, bidirectional LSTM temporal modelling, and global attention pool-
ing—into a unified end-to-end framework that processes raw I/Q signal samples without 
requiring hand-crafted feature engineering. 

Through a comprehensive experimental evaluation on a RadioML-style synthetic da-
taset, encompassing eleven modulation classes across twenty SNR levels (−20 to +18 dB), 
we demonstrated that MS-SENet achieves an overall average classification accuracy of 
69.41%, surpassing ten baseline architectures spanning pure CNN, pure RNN, hybrid 
CNN-RNN, and Transformer families. The performance advantage of MS-SENet is most 
pronounced at low SNR values below 0 dB, where it achieves 32.49% accuracy, compared 
with 32.32% for the next-best architecture (ResNet-LSTM) and 29.42% for the simplest 
baseline (CNN-2Layer). At high SNR values above 10 dB, MS-SENet achieves 89.68% clas-
sification accuracy with particularly strong performance on challenging higher-order 
modulations: 62.5% for 64QAM, 43.4% for 16QAM, and 98% for 8PSK. 

The systematic ablation study confirmed the contribution of each architectural com-
ponent, with the BiLSTM temporal modelling contributing the most individually (−3.5% 
when removed), followed by multi-scale convolution (−2.4%), squeeze-and-excitation at-
tention (−1.8%), and attention pooling (−1.2%). Importantly, the components exhibit syn-
ergistic interactions, with the combined architecture outperforming the sum of individual 
component improvements. 

The computational efficiency analysis demonstrated that MS-SENet achieves this ac-
curacy with a compact footprint of 406K parameters (1.63 MB disk), an inference latency 
of 1.44 ms, and a memory consumption of 49.2 MB, making it suitable for deployment on 
embedded GPU platforms for real-time cognitive radio applications. 

Robustness evaluations under carrier frequency offset and Rayleigh fading channel 
conditions demonstrated that MS-SENet exhibits the smallest accuracy degradation 
among all evaluated architectures, with an 11.6% degradation under Rayleigh fading com-
pared with 22.2% for CNN-4Layer and 41.1 pp for ResNet-LSTM. This superior robust-
ness is attributed to the multi-scale feature extraction and adaptive channel attention 
mechanisms, which provide partial invariance to channel-induced distortions. 

Future research directions include extending AMC to ultra-low SNR regimes 
through cooperative classification and curriculum learning, deploying quantised and 
pruned MS-SENet models on edge computing platforms, investigating few-shot learning 
for adapting to novel modulation schemes, integrating AMC as an O-RAN xApp for 5G 
network intelligence, and enabling federated training across distributed cognitive radio 
nodes. These directions collectively chart a path toward practical, robust, and scalable au-
tomatic modulation classification for next-generation wireless communication systems. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

AMC Automatic Modulation Classification 
CR Cognitive Radio 
SNR Signal-to-Noise Ratio 
CNN Convolutional Neural Network 
RNN Recurrent Neural Network 
LSTM Long Short-Term Memory 
BiLSTM Bidirectional Long Short-Term Memory 
GRU Gated Recurrent Unit 
SE Squeeze-and-Excitation 
MS-SENet Multi-Scale Squeeze–Excitation Network 
I/Q In-phase/Quadrature 
AWGN Additive White Gaussian Noise 
CFO Carrier Frequency Offset 
STO Symbol Timing Offset 
SRO Sample Rate Offset 
DSA Dynamic Spectrum Access 
OODA Observe–Orient–Decide–Act 
DL Deep Learning 
FLOPs Floating-Point Operations 
PNAG Parameter-Normalised Accuracy Gain 
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