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Abstract

Automatic modulation recognition (AMR) is crucial for signal interception and analysis in
non-cooperative communication scenarios. To address the challenges of low signal-to-noise
ratio (SNR) and model generalizability, this paper proposes a lightweight parallel network
architecture that integrates convolutional layers, a channel attention mechanism, residual
connections, and long short-term memory (LSTM) units. The model takes in-phase and
quadrature (IQ) components of signals as inputs to jointly learn features for modulation
scheme identification. Experiments are conducted on the expanded RML dataset to evaluate
the model’s performance. Results indicate that the proposed network achieves recognition
accuracy comparable to that of deep neural networks while requiring significantly fewer
parameters. Furthermore, it demonstrates favorable generalization performance on other
datasets, demonstrating its potential for efficient deployment under resource constraints.

Keywords: non-cooperative communication; deep learning; automatic modulation
recognition

1. Introduction
Automatic modulation recognition (AMR) is a critical step in signal detection for

non-cooperative wireless communication systems [1]. It aims to identify the modulation
scheme and estimate relevant parameters by analyzing intercepted signals without prior
knowledge, playing a vital role in both civilian and military applications such as cognitive
radio, spectrum monitoring, signal surveillance, and electronic warfare [2].

AMR employs two principal classical approaches: methods founded on maximum like-
lihood theory and those based on expert-defined feature extraction. Maximum likelihood-
based methods formulate the modulation recognition task as a multiple hypothesis testing
problem. A likelihood function is constructed based on the statistical model of the received
signal, and a decision threshold is derived, often using criteria like the maximum a posteri-
ori probability. The modulation type is identified by comparing the computed likelihood
ratio of the signal under test against the predefined threshold. While these methods can
achieve theoretical optimality under ideal conditions, their practical application is often
constrained by high computational complexity and a strong dependence on complete prior
knowledge of the signal parameters, making them susceptible to performance degradation
in realistic, imperfect channel environments. Feature-based methods rely on manually
engineered features that characterize differences between modulation schemes. It involves
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calculating one or more statistical or transform-domain characteristics—such as higher-
order cumulants, cyclic spectrum features, or instantaneous parameters—from the signal
under test. These extracted features are then compared against known theoretical values
or used to train a classifier to determine the modulation type. Although generally less
computationally complex, the performance of these methods is heavily dependent on the
discriminative capability of the manually designed features, which may not be robust
across diverse and dynamic channel conditions.

Deep learning (DL), a powerful data-driven approach, has achieved remarkable suc-
cess in fields such as computer vision [3–6] and natural language processing [7]. In recent
years, with the continuous expansion of deep learning applications, it has also opened up
new research avenues in AMR, leading to a series of significant results. O’Shea et al. [8]
pioneered the application of deep learning to AMR, showing that even a simple multi-layer
convolutional neural network (CNN) could surpass traditional methods in classification
performance. Subsequently, other neural network architectures—including recurrent neu-
ral networks (RNNs) [9], generative adversarial networks (GANs) [10], and their improved
variants—have also been successfully applied to AMR, yielding competitive recognition
performance. Daldal et al. [11] proposed applying the deep LSTM network model to digital
modulated signals. West et al. [12] employed convolutional long short-term deep neural
networks (CLDNN), integrating CNN and LSTM to enhance recognition accuracy. Xu
et al. [13] introduced a three-stream automatic modulation recognition framework that
analyzes signals across multiple dimensions, thereby improving recognition accuracy. Fol-
lowing the proliferation of transformer architectures in deep learning, they have been
increasingly adopted for AMR. Among these pioneering works, Hamidi-rad et al. [14]
introduced MCformer, which incorporated a self-attention mechanism for AMR for the
first time. This model demonstrated the advantages of transformers in terms of both recog-
nition accuracy and parameter efficiency. Dao et al. [15] proposed an alternative model
that employs convolutional kernels of different sizes to extract multi-scale features from
signals, which are then fed into a transformer encoder for final classification. This approach
was also shown to surpass traditional models in accuracy while maintaining a favorable
parameter count.

Based on established research in deep learning for signal processing, this paper pro-
poses a hybrid architecture that integrates convolutional and recurrent neural networks.
The model employs parallel data pathways to process the IQ components of the input
signal independently. In each branch, spatial and temporal features are extracted through
dedicated convolutional and LSTM layers, respectively. The feature representations learned
by both pathways are subsequently merged and fed into a fully connected layer for final
classification. The proposed model, evaluated on the augmented RML2016.10A dataset,
demonstrates a high average detection accuracy of 92.1% at SNRs above 10 dB. This per-
formance is comparable to that of the MCLDNN model, with only a 0.8% gap, yet it is
achieved with a significant reduction of about 39% in the number of parameters. The
model’s enhanced generalization is evidenced by its 87.3% accuracy on the RML2016.04C
dataset under the same SNR conditions, marking a 2.2% improvement over a model trained
without the proposed data augmentation.

2. Signal Model and Proposed Network
2.1. Signal Model

This paper considers a single-input single-output communication system and the
received signal r(t) can be represented by

r(t) = s(t) · h(t) + n(t), (1)
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where s(t) is the modulated signal from the transmitter, h(t) is the channel impulse response
and n(t) denotes additive white Gaussian noise (AWGN). The received signal r(t) is
sampled n times at a rate fs = 1/Tn by the analog to digital converter, which generates the
discrete-time observed signal r(t).

2.2. Network Structure

The structure of the proposed parallel CNN-LSTM network is shown in Figure 1.

IQ signal

Conv1

Conv2

Conv3 LSTM

channel
attention

pooling

FC

 residual connection

 

Figure 1. The structure of the proposed network.

The network employs a dual-channel parallel architecture that integrates 1-D convo-
lutional neural networks and LSTM units, taking a 2 × 128 IQ signal sample as its input.
The convolutional branch incorporates three convolutional layers enhanced with a channel
attention mechanism and residual connections to facilitate feature refinement and gradient
flow. Simultaneously, the LSTM branch processes sequential dependencies, with its final
hidden state capturing long-range temporal patterns. The feature representations from
both branches are subsequently fused and projected through a fully connected layer to
generate the classification of the input signal. Overall, the IQ signals are both fed into two
parallel branches: the convolutional neural network extracts localized features, while the
LSTM network captures long-range temporal dependencies. Through their complementary
strengths, the overall characteristics of the signals are more effectively extracted.

Each convolutional module comprises a convolutional layer, a BatchNorm layer,
and a ReLU activation function, and a residual connection links the output of the last
convolutional module back to its input, forming a residual block. Following feature
extraction through these modules, the features are processed via global average pooling and
subsequently fed into a fully connected layer for final recognition. A typical convolutional
module can be represented as:

Foutput = ReLU(BatchNorm
(
CONV

(
Finput))), (2)
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The network architecture accepts dual input channels, corresponding to the IQ com-
ponents of the signal. A critical design trade-off was made between feature extraction
capability and model complexity. The network utilizes convolutional layers with a kernel
length of 8 and operates with a stride of 1 to capture both inter- and intra-symbol character-
istics, while a consistent channel count of 32 across these layers balance parameter efficiency
and computational performance. To preserve the original temporal length of the input
samples throughout convolution, zero-padding is applied symmetrically along both ends
of the input sequence. The network employs a consistent post-convolutional module: Batch
Normalization immediately followed by ReLU activation. This module is instrumental in
stabilizing training dynamics and enhancing gradient flow. BatchNorm’s normalization of
activations within a mini-batch curbs unwanted shifts in data distribution, which in practice
permits faster convergence and provides a regularization effect. Coupled with ReLU, which
ensures non-linear transformation, the model gains the capacity to learn complex patterns
while significantly reducing the risk of vanishing gradients during backpropagation.

The channel attention layer adaptively weights convolutional outputs to enhance
feature representation. By emphasizing informative channels and suppressing less relevant
ones, it highlights discriminative features. The weighting factors are dynamically com-
puted via aggregated average-pooled and max-pooled features across spatial dimensions,
expressed as:

weight = softmax(max(Foutput) + avg(Foutput)), (3)

where max(·) represents the maximum value from outputs of each channel, while avg(·)
represents the mean. The softmax function converts the sum of the maximum and average
values across all channels into weighted values, which employs a gentle reweighting
strategy that enhances prominent features rather than suppressing less dominant ones.

Residual connections between convolutional inputs and outputs form residual mod-
ules, while average pooling layers downsample feature maps to retain salient information
with reduced computational cost. This design enhances translation invariance and provides
condensed features for final recognition via fully connected layers.

The LSTM layer comprised two stacked layers, each with 128 hidden units. It pro-
cessed input samples of IQ signals with a dimension of 2 × 128. The final hidden state
from the last time step of the LSTM was extracted to serve as the output for subsequent
classification layers.

The parameters for each structure are shown in Table 1.

Table 1. Parameters of network structures.

Layers Design of Layers Output of Layers

Input (128) (2 × 128)
Conv1 32, (8) 1 (32 × 128)
Conv2 32, (8) (32 × 128)
Conv3 32, (8) (32 × 128)

Pooling (8) (32 × 16)
LSTM (2 × 128) (2 × 128) 2

FC 11 11
1 32 output channels and a kernel size of 8. 2 The output of LSTM is the hidden state from the final time step.

3. Datasets
The experiments utilize two publicly available benchmark datasets for wireless signal

recognition: RML2016.10A and RML2016.04C. These datasets encompass 11 modulation
types, including both digital and analog schemes such as BPSK, QPSK, 8PSK, QAM16,
QAM64, CPFSK, GFSK, PAM4, AM-DSB, AM-SSB, and WBFM. Signals are generated
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across 20 different SNRs conditions, ranging from –20 dB to 18 dB in increments of 2 dB,
making them suitable for evaluating model robustness under various noise levels. Each
data sample is represented as a complex-valued time-series containing 128 sampling points,
IQ components. The datasets were synthesized using GNU Radio, incorporating real-world
channel impairments such as AWGN, multipath fading, frequency offset, and sampling rate
offset to emulate practical communication conditions [16]. The fundamental characteristics
of the datasets are summarized in Table 2, and time-domain waveforms for one sample of
each type selected from the RML2016.10A dataset are shown in Figure 2.

Table 2. Details of datasets.

Dataset Quantity of Samples SNR Range Modulation Types

RML2016.10A [16] 220,000 −20~18 dB BPSK, QPSK, 8PSK, 16QAM, 64QAM, PAM4,
GFSK, CPFSK, WBFM, AM-DSB, AM-SSB

RML2016.04C [8] 162,060 −20~18 dB BPSK, QPSK, 8PSK, 16QAM, 64QAM, PAM4,
GFSK, CPFSK, WBFM, AM-DSB, AM-SSB

 

 

(a) (b) 

Figure 2. Time domain signals in dataset RML2016.10A. (a) Time-domain waveforms of 11 modulated
signals; (b) Zoomed schematic diagram of three analog modulated signal waveforms.

Additionally, samples with SNRs below −10 dB produce negligible recognition per-
formance, highlighting the model’s limited robustness under low-SNR conditions. Further-
more, networks trained on a single dataset exhibit limited generalization capability when
evaluated on data from different distributions. For example, a network trained exclusively
on the RML2016.10A dataset demonstrates reduced accuracy when tested on samples from
the RML2016.04C dataset.

To enhance the generalization capability of the model, the 10A dataset is systematically
expanded through the following procedure. Each normalized sample is augmented by
introducing minor perturbations, including the injection of a small amount of random noise
and the application of a slight random carrier frequency offset. Leveraging the symbol-
based nature of modulated signals, rearranging or masking certain segments within the
samples effectively increases their diversity without altering the key features required for
modulation recognition [2,17]. Finally, an augmented sample with misaligned segments
is created by swapping the first and second halves of the perturbed sample, thereby
further enhancing the variability of the dataset. As the segment swapping operation only
rearranges the sequence of segments while leaving the individual sampling points and local
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features intact, the modulated information remains accurately represented. The segment
swapping is shown in Figure 3.

Figure 3. The schematic of segment swapping.

4. Implementation Details
The model was trained on a server equipped with an NVIDIA RTX A6000 GPU

using single-precision floating-point arithmetic. A batch size of 512 was used along with
an initial learning rate of 0.001, which was reduced by 50% every 10 epochs until the
learning rate reached a minimum value of 0.0001. The optimization was performed using
the Adaptive Moment Estimation (Adam) algorithm. The dataset was partitioned into
training, validation, and test subsets with an 8:1:1 ratio. The cross-entropy loss function
was employed throughout all training phases:

Loss = − ln pyn

pyn = exn,yn
C
∑

c=1
exn,c

, (4)

where C represents the total number of categories, xn denotes the network’s logit outputs,
and Pyn represents the probability of classification as yn. The train loss is shown in Figure 4.

Figure 4. The train loss curves.

5. Results and Discussion
5.1. Recognition Accuracy

Figure 5 provides a comparative performance analysis between the proposed parallel
CNN-LSTM architecture (denoted as P-CNN-LSTM) and several established modulation
recognition networks, including VGG [18], ResNet [4], CLDNN [19], MCLDNN [13] and
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MCformer [14]. Among these, VGG represents a pure convolutional network with 7
convolutional layers, while ResNet enhances the convolutional architecture through the
incorporation of residual connections.

Figure 5. Recognition accuracy comparison between P-CNN-LSTM and the other networks.

Unlike CLDNN and MCLDNN, where features are passed sequentially from CNN to
LSTM, the proposed network feeds the raw IQ signals in parallel to both CNN and LSTM
branches. This architecture enables the direct and concurrent extraction of features, which
are then fused to make the final modulation decision. The proposed hybrid parallel model
demonstrates a significant performance improvement over stand-alone convolutional
networks, achieving approximately 6% higher accuracy in high SNR conditions. This
enhancement can be attributed to the model’s capacity to simultaneously capture spatial
features through convolutional layers and temporal dependencies via LSTM units, which
is particularly advantageous in decoding complex modulation patterns. At low SNRs,
the proposed model exhibits a marginal but consistent advantage over both MCLDNN
and CLDNN. Nevertheless, its overall recognition accuracy remains lower than that of the
transformer-based MCformer across the majority of the evaluated SNR range.

Under low SNR conditions, the overall recognition accuracy remains relatively low
across all methods compared. Among them, only MCformer demonstrates performance im-
provement. This limitation may be attributed to the inherent constraints of the model
architecture itself, as both convolutional and LSTM layers struggle to effectively ex-
tract discriminative signal features for modulation recognition and classification in low-
SNR environments.

5.2. Ablation Study

We conduct an ablation study to inspect the contribution of each component in the
overall architecture. We selectively remove other components of P-CNN-LSTM to evaluate
the effectiveness of each module. We compare the experimental results of the complete
structure with three variations: removing the residual connection, removing the attention
module, and removing the CNN branch. We also compare the performance without the
application of dataset expansion. The results are shown in Figure 6.

The complete model performs best and removing each module leads to a decrease. This
demonstrates the complementary advantages of each module, and their combination forms
a superior model. The slight performance impact of removing the attention module aligns
with expectations, as the block mainly conducts channel-wise weighting on convolutional
layer outputs without incorporating extra information from signals.

We also evaluate the recognition accuracy using the non-augmented dataset for
training. The results confirm that the dataset augmentation is crucial for achieving
performance improvement.
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Figure 6. Ablation study of the P-CNN-LSTM architecture.

5.3. Computational Efficiency

As shown in Table 3, the proposed model demonstrates a significant reduction in
complexity compared to MCLDNN, achieving approximately 39% fewer parameters and
46% lower FLOPs. While it does not exhibit a distinct advantage over a convolutional
network in these theoretical metrics, it achieves a substantial 61% reduction in inference
time compared to MCLDNN, with its inference latency being comparable to that of a
ResNet architecture. Notably, among all models compared, MCformer possesses the lowest
parameter count and FLOPs; however, it exhibits the longest inference time.

Table 3. Computational efficiency comparison between P-CNN-LSTM and the other networks.

Network Parameters FLOPs Inference Time 1

VGG 2 201,035 4.262 M 9.94 µs
ResNet 116,459 9.625 M 29.02 µs

CLDNN 76,833 19.906 M 21.96 µs
MCLDNN 406,199 49.097 M 82.77 µs
MCformer 72,939 11.100 M 183.64 µs

P-CNN-LSTM 247,901 26.294 M 32.36 µs
1 The average inference time per sample was calculated as the mean latency across multiple inferences with a
batch size of 128, recorded after a warm-up phase to ensure stable model performance. 2 This VGG represents a
pure convolutional network with 7 convolutional layers based on [18].

5.4. Confusion Matrix and Generalization Capability

As shown in Figure 7a at a high SNR of 18 dB, the model demonstrates strong dis-
criminative performance for most digital modulation schemes, as evidenced by the clear
dominance of the diagonal entries. However, it exhibits occasional confusion between cer-
tain analog modulation types, specifically AM-DSB and WBFM. This persistent challenge in
distinguishing these variants, even under favorable noise conditions, is likely attributable
to their intrinsic similarity in time-domain characteristics in this dataset, which can be
compared in Figure 2b.

Furthermore, a non-negligible degree of confusion is observed between the QAM16
and QAM64 modulation schemes. This misclassification primarily stems from their in-
herent structural similarity. According to their modulation principles, the time-domain
and frequency-domain characteristics of these two kinds of signals exhibit considerable
commonality, often leading to interpretation ambiguity and consequent confusion by
the classifier.

At an SNR of 0 dB, the model exhibits a degradation in overall accuracy while demon-
strating robust feature separation, as evidenced by the stable confusion patterns between
specific modulation pairs.
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(a) (b) 

Figure 7. Confusion matrix of P-CNN-LSTM at an SNR of: (a) 18 dB; (b) 0 dB.

Figure 8 illustrates the performance comparison on the RML2016.04C dataset between
models trained with and without the expanded dataset. The superior performance of
the model utilizing the augmented data validates the effectiveness of the data expansion
method detailed in Section 3 in enhancing model generalization. The core principle behind
this improvement is that the segment swapping operation enriches the dataset by creating
new sample variations. Crucially, this rearrangement preserves the essential modulation
characteristics of the signals, thereby enhancing data diversity without fundamentally
altering the underlying features critical for classification.

Figure 8. The generalization capability of models trained on different datasets, when evaluated on
RML2016.04C.

6. Conclusions
In this paper, we propose a parallel dual-channel network and train the model on a

segment swapped expanded dataset to tackle the problem of automatic modulation recog-
nition in non-cooperative communication scenarios. The proposed architecture is designed
to enhance recognition performance while maintaining a lightweight parameter footprint.

Experimental results show that the model achieves approximately 6% higher accuracy
compared to stand-alone convolutional networks, reaching an average recognition accuracy
of about 92.1% at SNRs above 10 dB. Furthermore, while delivering accuracy comparable
to MCLDNN, the proposed network contains about 39% fewer parameters and 46% lower
FLOPs, reducing computational complexity.
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The model exhibits partial ambiguity in signal recognition, yet this ambiguity does
not escalate with decreasing SNR. The subtle feature variations within these signals remain
difficult for the proposed approach to distinctly differentiate.

These findings demonstrate that the model effectively balances recognition perfor-
mance and efficiency. However, the performance of the proposed model remains inferior
compared to state-of-the-art approaches. Future work will focus on further research regard-
ing dataset processing and the recognition of signals under low SNRs.
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