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Abstract: Automatic modulation recognition is an important aspect of wireless communication. In recent years, the rapid 

development of deep learning technology has provided new solutions for modulation recognition. Deep learning-based 

modulation recognition has strong feature extraction and classification capabilities, resulting in higher recognition accuracy 

compared to traditional detection methods. However, the commonly used neural networks currently all face the problem of low 

recognition accuracy under low signal-to-noise ratio (SNR). To address this issue, this paper proposes a hybrid neural network 

model based on multi-channel input, which utilizes three channels of input: I/Q signals, time-frequency (T-F) distribution matrix, 

and signal-to-noise ratio. By incorporating SNR to introduce an environmental perception mechanism and a gated fusion module, 

the model's ability to understand the features of complex sequence information is enhanced. In addition, a phased block based 

on the Transformer architecture is employed to learn local and global features by combining tokens of different scales. 

Experimental results on the open-source dataset RML2016.10A indicate that the proposed method outperforms the current state-

of-the-art modulation recognition methods, with an average accuracy of 47.60% at signal-to-noise ratios from -20dB to 0dB, and 

an overall average recognition accuracy of 68.52%. 
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1. Introduction 

Modulation recognition can provide key information for 

real-time response and decision-making in electronic warfare 

in the military field, and can be applied to spectrum 

monitoring, interference identification, and situational 

awareness in the civilian field. Accurate modulation 

recognition enables systems to better adapt to dynamic 

changes in the spectrum, enhancing the intelligence and 

flexibility of communication systems. Therefore, how to 

achieve automatic modulation recognition has become an 

important topic in current research. Deep learning-based [1] 

automatic modulation recognition (DL-AMR) avoids the 

errors brought by feature selection due to its end-to-end 

learning capability, compared to traditional methods [2,3] that 

rely on manually extracting feature parameters, and it shows 

stronger generalization ability and adaptability in complex 

environments [4]. 

Due to O'Shea et al. [5,7] demonstrating the superior 

performance of Convolutional Neural Networks (CNN) on 

complex-valued time-domain radio signals, several DL-AMR 

methods have emerged that use raw signals as input, paired 

with CNNs or Recurrent Neural Networks 

(RNN)[8,10].However, CNNs lack temporal sensitivity and 

exhibit local inductive bias, while RNNs lack spatial 

sensitivity and require more computational resources, leading 

to performance limitations. Subsequent research has mainly 

focused on improvements based on networks and inputs. 

Currently, the Transformer model is regarded as the 

preferred model for natural language processing tasks [11]. 

Yin Zhan et al. introduced attention mechanisms in 

modulation recognition, effectively extracting feature 

information from I/Q sequences under low signal-to-noise 

ratios, achieving a 50% recognition accuracy when the SNR 

is greater than -5 dB. However, due to the Transformer 

network's focus on long-range dependencies [12], it has 

limited capability in perceiving local information in 

modulation recognition tasks, making it challenging to 

achieve good AMR performance when applied alone. 

Literature [13,15] fully exploits the advantages of the 

Transformer model by combining it with CNN to construct 

variant models that enhance recognition accuracy. Yang 

Jingya et al. [16] implemented a more lightweight modulation 

recognition mechanism under the CNN-Transformer model. 

Niu Ruiting et al. [17] effectively improved the accuracy of 

high-noise signals using lightweight neural networks while 

maintaining the same level of accuracy. 

In summary, the above model still has limitations in low 

SNR environments. To address this issue, this paper proposes 

a hybrid neural network model based on multi-channel input, 

primarily processing I/Q signals, T-F distribution matrices, 

and SNR as three input channels. After gated fusion, these 

inputs are sent to a Bi-directional LSTM (Bi-LSTM) [18] for 

time series modeling, fully utilizing the potential 

relationships between multi-channel features. Finally, 

through a stage-wise block based on the Transformer 

architecture, the network learns to combine local and global 

features of different scales, enabling it to fully acquire rich 

semantic representations. The contributions of this study can 

be summarized as follows: 

A multimodal hybrid network framework for AMR tasks 

based on I/Q signals, T-F distribution matrices, and SNR 

multi-channel inputs is proposed, and the effectiveness of 

multimodal inputs in identifying modulation types is 

validated; 

Designed a gate fusion module based on SNR 

environmental awareness, dynamically allocating weight 

information to effectively fuse three-channel features based 

on the environmental information provided by SNR data. 

A stage-wise block based on the Transformer architecture 

has been proposed to effectively extract fused local and global 

features. 
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Fig.1 MC-IQFormer Model Structure 

2. Model framework 

The multi-channel hybrid neural network model structure 

is shown in Fig.1, consisting of four parts: input 

preprocessing, gated fusion, Bi-LSTM temporal modeling, 

and staged feature extraction. The input preprocessing 

module is responsible for processing the information from the 

I/Q signal, T-F distribution matrix, and SNR three channels. 

The gated fusion module is responsible for dynamically 

allocating weights based on SNR information to merge 

features. Then, the Bi-LSTM aligns the time-varying trends 

and captures the temporal dependencies of the signals. Finally, 

local and global feature extraction and fusion are performed 

through staged blocks, followed by classification output. 

(1) Input preprocessing 

The essence of modulation is to load information into the 

amplitude or phase of the signal waveform. There may be 

issues with classification errors in the model due to 

imbalances in amplitude and phase in the I/Q channels. 

Therefore, the proposed model considers using multiple data 

to construct a multi-channel data parallel extraction structure, 

capturing the spatiotemporal correlation of the signal more 

comprehensively. 

Previous studies [19] have shown that both I/Q signal data 

and T-F distribution matrix data are effective methods for 

mapping signal features. Furthermore, the SNR channel 

provides direct information about signal quality to the model, 

enabling it to adjust feature extraction and classification 

strategies based on the signal-to-noise ratio. This contextual 

information enhances the model's adaptability to different 

noise environments. In the proposed MC-IQFormer model, 

I/Q signal data and SNR information are used as inputs. The 

input I/Q signal data is transformed into T-F distribution 

matrix data using short-time Fourier transform, followed by 

one-dimensional and two-dimensional convolutions. The 

dimensionally expanded SNR data is then combined in a 

fusion module. This enhances the model's capability to 

understand complex sequential information, thereby 

improving the model's modulation recognition performance. 

(2) Gated fusion 

Compared to simple feature concatenation, the gating 

mechanism offers more efficient feature utilization, capable 

of adaptively handling signal features under different SNR 

conditions, making full use of the complementarity between 

time-domain and frequency-domain information, and 

enhancing the model's generalization ability in various 

scenarios. 

Through the gating fusion mechanism, the SNR channel 

helps the model to integrate the features of the IQ and time-

frequency distribution matrix more precisely. Additionally, 

the optimization of the fusion process improves overall 

performance. The specific design structure is shown in Fig.2, 

where the preprocessed I/Q signal data, time-frequency 

distribution matrix, and SNR data are first concatenated in 

channels, followed by fusion operations. It consists of two 

parts: the main fusion branch and the gating branch. The main 

fusion branch undergoes a convolution operation for feature 

transformation, using the GELU non-linear transformation to 

enhance expressive capacity, followed by a second 

convolution layer to further extract fused features. The gating 

branch runs in parallel with the main fusion branch, learning 

gating weights from the same concatenated features, using the 

Sigmoid activation function to ensure that the gating weights 

are within the range of [0,1] to control the flow of information, 

and finally performing weighted fusion. 

 

Fig.2 Block Diagram of Gate-Controlled Fusion Structure 

Gate-controlled fusion performs multi-channel integration 

to achieve complementary information from three types of 

features. Compared to single-channel, it has a stronger feature 

expression capability. Additionally, residual connections are 

used to ensure that important information is not completely 

gated out, alleviating the gradient vanishing problem in deep 

networks, which helps the model converge to the optimal 

solution more quickly. 

(3) Bi-LSTM Time Series Modeling 

Wireless signals have obvious temporal characteristics, and 

Bi-LSTM can capture the dependencies of the signal at 

different time steps. Therefore, after gated fusion and before 
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the phased IQFormerEncoder, a Bi-LSTM module is 

designed to model the temporal characteristics of the fused 

features, capturing the temporal dependencies of the signal 

sequence. 

Bi-LSTM performs feature dimension optimization, 

learning higher-level feature representations, while using a 2-

layer stack to learn features at different levels of abstraction, 

providing stronger nonlinear expressiveness. Moreover, it 

captures local temporal dependencies and complements the 

subsequent staged IQFormerEncoder. 

(4) Stage-wise feature extraction 

From Fig.1, it can be seen that the model enters the Stage 

block for phased feature extraction after passing through the 

Bi-LSTM. Each Stage block is an independent block, which 

internally mixes the ConvEncoder for local feature extraction 

and the IQFormerEncoder for global feature modeling, 

achieving a progressive feature extraction that transitions 

from local features to global features. 

The ConvEncoder focuses on capturing local feature space 

patterns, with the specific design structure shown in Fig.3. It 

uses depthwise separable convolution to capture the local 

textures and edge features of the signal, requiring fewer 

parameters and being computationally efficient, while also 

introducing residual connections to alleviate the gradient 

vanishing problem. 

 

Fig.3 Conv Encoder Structure Diagram 

The IQFormerEncoder is designed to establish a global 

feature representation and includes the LocalRepresentation 

module for local representations, a global attention module, 

and a feedforward network (FCN) module, as shown in Fig.4. 

The LocalRepresentation module first performs local feature 

extraction, then captures long-distance dependencies through 

an efficient additive attention mechanism for global feature 

extraction, and finally processes through the feedforward 

network. This implementation improves noise resistance by 

fusing features from different scales. 

The attention mechanism calculates attention weights 

through queries and keys, allowing the model to focus on the 

correlations at different time steps of the input sequence. The 

specific principle is shown in Fig.5, where the input x is 

projected into queries and keys, calculates the clicks of 

queries with weight parameters, generates attention weights, 

and then performs a weighted sum with queries to generate 

global features, which are then combined with keys to 

produce the final output. 

 

Fig.4 IQFormer Encoder Structure Diagram 

 

Fig.5 Attention Mechanism Structure Diagram 

3. Experiment and Result Analysis 

(1) Dataset 

The RML2016.10A dataset is a widely used dataset for 

radio signal modulation recognition, particularly suitable for 

modulation classification tasks in wireless communication. 

The signals in the dataset are generated through simulation, 

mimicking various modulation methods and different 

communication environments. It includes 11 modulation 

modes such as 8PSK, BPSK, QAM16, QAM64, QPSK, 

WBFM, CPFSK, GFSK, AMDSB, AM-SSB, and PAM4, 

with a signal-to-noise ratio range of -20 to 18 dB, and a step 

size of 2 dB. For each modulation mode, the number of 

samples at each signal-to-noise ratio is 1000. It also simulates 

different channel environments, including AWGN, multipath 

fading, sample rate offset, and carrier frequency offset, 

similar to real-world conditions. These features make the 

dataset suitable for training and evaluating models in various 

noise environments. 

(2) Implementation details 

All experiments in this study were conducted in an 

environment based on the PyTorch-GPU deep learning 

framework, which has high efficiency and good compatibility. 

The experiments were performed on a server using a GeForce 

RTX 4090 GPU. The software environment utilized Python 

3.10 and Anaconda as development tools, providing an 

efficient and stable operating environment for the 

experiments. The hyperparameter settings are shown in Table 

1. 

Table 1. Hyperparameter Settings 

Batch size 256 

Eval batch size 400 

Learning rate 0.001 

Early stop 10 
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(3) Model comparison 

The performance of five SOTA DL-AMR models was 

compared, including PET-CGDNN [23], MCLDNN [24], 

AMC-NET [25], FEA-T [26], and IQFormer. The comparison 

primarily focused on the number of parameters and 

recognition accuracy, including the highest and average 

recognition accuracy under high, low, and overall signal-to-

noise ratios, to assess the model's performance. Table 2 lists 

the experimental evaluation results on the RML2016.10A 

dataset, where the MC-IQFormer algorithm outperforms the 

compared SOTA algorithms in overall accuracy. From the 

table, it can be seen that the recognition accuracy of the MC-

IQFormer algorithm is higher than that of the best results of 

the SOTA algorithms by 0.77%, 7.27%, and 4.33% for high, 

low, and overall signal-to-noise ratios, respectively. 

Fig.6 describes the recognition accuracy of all models at 

different SNR levels in more detail. It can be seen that at low 

signal-to-noise ratios, the signal is almost drowned out by 

noise, and the performance of the five SOTA DL-AMR 

models is relatively consistent. However, the recognition 

accuracy of the MC-IQFormer model, which includes an 

SNR-aware mechanism, is significantly higher than that of 

the other models. As the SNR increases, feature learning 

becomes easier, and recognition accuracy gradually improves. 

When the SNR is greater than or equal to 0dB, the recognition 

accuracy of MC-IQFormer is basically consistent with that of 

IQFormer, both slightly higher than the other models. 

Table 2. Comparison of Model Performances 

Model Parameters Highest Accuracy 
SNR (dB) 

Overall 
Inference Time 

(ms/sample) -20-0 0-18 

PET-CGDNN 0.07M 90.77% 36.21% 89.45% 60.38% 0.4099 

MCLDNN 0.41M 92.86% 37.27% 91.68% 61.93% 0.7775 

AMC-NET 0.47M 92.82% 38.56% 91.32% 62.40% 0.6861 

FEA-T 0.17M 90.09% 37.31% 88.54% 60.55% 0.2716 

IQFormer 0.35M 93.90% 40.33% 93.15% 64.19% 0.7114 

MC-IQFormer 0.35M 94.54% 47.60% 93.92% 68.52% 0.5047 

 

Fig.6 Comparison experiment 

(4) Melting experiment 

In this section, we conduct ablation experiments to evaluate 

the contribution of the proposed modules and input features 

to the model. 

First, ablation experiments were conducted on the multi-

channel input by removing the I/Q signal data input, the T-F 

distribution matrix, and the SNR environmental information 

respectively. Table 3 shows the results of the ablation 

experiments. It can be seen that when the I/Q signal is 

removed, the accuracy of the model decreases the most, and 

removing the T-F distribution matrix and SNR also leads to a 

decrease in model accuracy, demonstrating the effectiveness 

of multi-channel input and the contribution of different input 

features to the model. Fig.7 details the recognition accuracy 

of different ablation methods under different SNRs. 

Table 3. Multichannel Ablation Results 

 

 

Fig.7 Multi-channel ablation 

In addition, an ablation experiment was conducted on the 

representation of SNR in MC-IQFormer. When SNR is 

treated as a global variable, only I/Q signal data and T-F 

distribution matrix data are merged in the fusion part, with 

Model 
Highest 

Accuracy 

SNR (dB) 
Overall 

-20-0 0-18 

w/o I/Q 91.54% 36.77% 88.32% 60.26% 

w/o T-F 94.50% 45.63% 93.63% 67.34% 

w/o SNR 93.81% 41.35% 93.13% 64.75% 

MC-IQFormer 94.54% 47.60% 93.92% 68.52% 
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SNR being dynamically assigned weights as global 

environmental information, without being integrated as a 

feature; when SNR is treated as a local feature, the fusion part 

integrates I/Q signal data, T-F distribution matrix, and SNR, 

adaptively assigning weights based on SNR. A comparison 

between treating SNR as a global variable and as a local 

feature is presented in Table 4, and Fig.8 provides a more 

detailed view of accuracy under different SNR conditions. It 

can be observed that SNR as a local feature has slightly higher 

accuracy than SNR as a global vector. 

Table 4. Ablation results of SNR representation 

Model 
Highest   

Accuracy 

SNR (dB) 

Overall 
-20-0 0-18 

SNR Local 94.54% 47.60% 93.92% 68.52% 

SNR Global 92.95% 46.96% 92.66% 67.56% 

 

Fig.8 Comparison and Ablation of SNR Representation Methods 

Finally, ablation experiments were conducted on the 

remaining modules, specifically removing the gated fusion 

module, the Bi-LSTM module, and the Stage module. Table 

5 lists the ablation results, demonstrating that the removal of 

these three modules led to a decline in recognition accuracy 

for high, low, and overall SNR compared to MC-IQFormer, 

proving the effectiveness of the model. 

Table 5. Ablation Results 3 

Model Highest  Accuracy 
SNR (dB) 

Overall 
-20-0 0-18 

w/o MK 94.36% 46.24% 93.82% 67.72% 

w/o Bi-

LSTM 
94.13% 46.08% 92.80% 67.21% 

w/o Stage 93.72% 46.26% 92.41% 67.08% 

MC-

IQFormer 
94.54% 47.60% 93.92% 68.52% 

4. Conclusion 

This article addresses the problem of low recognition 

accuracy under low signal-to-noise ratios (SNR) and 

improves the IQFormer model by proposing a multi-channel 

hybrid neural network model. The proposed MC-IQFormer 

incorporates an SNR environmental awareness mechanism, 

gaining additional contextual information through the 

inclusion of SNR channel inputs, which helps the model 

better understand the input data and perform dynamic weight 

allocation. Experimental results on the public dataset 

RML2016.10A demonstrate that the proposed MC-IQFormer 

method can achieve higher recognition accuracy under low 

SNR compared to state-of-the-art (SOTA) methods. 
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