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Abstract. Mixed-signal recognition in realistic wireless 

environments is challenging because weak signal compo-

nents are often masked by stronger ones. To address this 

issue, this paper proposes a hierarchical recognition 

framework that combines multi-domain feature disentan-

glement with temporal dependency modeling. Specifically, 

the proposed network extracts complementary features 

from the time, frequency, modulation, and energy domains, 

enabling more robust representation of mixed signals un-

der complex interference conditions. Based on these fea-

tures, the framework first identifies the dominant signal 

component, then enhances the weak component to reduce 

the masking effect, and finally employs a bidirectional long 

short-term memory network (BiLSTM) network for tem-

poral modeling and classification. Experiments with sig-

nal-to-noise ratio (SNR) ranging from 0 to 30 dB show that 

the proposed method can effectively recognize both strong 

and weak signal components while improving overall ro-

bustness. These results demonstrate the effectiveness of the 

proposed framework for mixed-signal recognition in inter-

ference-rich wireless environments.  
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1. Introduction 

In modern wireless environments, signals with differ-

ent modulation formats often coexist and interfere within 

the same time–frequency resources [1–3]. Reliable modula-

tion recognition is essential for spectrum awareness, signal 

decoding, and adaptive receiver design [4], [5]. With the 

increasing complexity of wireless systems, mixed-signal 

scenarios have become increasingly common. However, 

recognizing both dominant and weak components in 

mixed-signal scenarios remains challenging, particularly 

under time–frequency overlap and low SNR conditions.  

Prior work has explored signal recognition from mul-

tiple perspectives, primarily relying on model-driven meth-

ods. For example, Hajek et al. proposed a new time-domain 

method for converting real-valued sinusoidal signals into 

analytic signals and, on this basis, developed a high-

precision frequency estimation algorithm [6]. Even with 

a small number of samples, this frequency estimation algo-

rithm can effectively compensate for various mixed errors 

unrecognized in traditional discrete Fourier transform 

(DFT); however, this algorithm is mainly designed for 

sinusoidal signals, and the sidelobe suppression ability of 

the rectangular window adopted in this algorithm is poor in 

the presence of strong interference components.  

Nevertheless, such traditional methods are often con-

strained by strong prior assumptions and limited adaptabil-

ity when dealing with complex modulation patterns and 

non-stationary mixed signals. In recent years, with the 

rapid development of data-driven techniques, deep learn-

ing-based methods have emerged as a promising alterna-

tive for signal recognition tasks, with studies focusing on 

either single-signal recognition or semi-supervised learning 

for signal processing. 

Liu et al. developed an automatic modulation recogni-

tion method that balances high spatial resolution with low 

computational cost by introducing a multi-scale dilated 

convolution pyramid module (MDPM) combined with 

lightweight neural network techniques [7]. Experimental 

results show that this model performs exceptionally well on 

a complex signal dataset containing 18 modulation formats, 

achieving nearly 100% recognition accuracy at a SNR of 

0 dB, with only 48,952 parameters. The drawback is that 

this study mainly focuses on modulation classification for 

single signal sources, and its performance in scenarios with 

multiple coexisting signals or severe co-channel interfer-

ence in complex mixed signals still needs further verification. 

For RF signal classification, Polak et al. tested CNN, 

GRU, and convolutional gated recurrent unit deep neural 

network (CGDNN) on a self-built MATLAB dataset [8]. 

CGDNN outperformed the others in most cases, while 

CNN excelled at Rician fading signals. All models 

achieved high accuracy for RF signals with basic impair-

ments at moderate-to-high SNR, and the fused CGDNN 

showed robust feature extraction for sequential and spatial 

RF signal characteristics. However, all models performed 
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poorly on Rayleigh fading and mixed RF signals, with 

CNN being ineffective for Rayleigh fading and GRU de-

manding heavy computational resources and risking over-

fitting. 

For scenarios with limited labeled samples, Pan et al. 

proposed a semi-supervised learning method based on 

generative adversarial networks, namely MIML-GAN 

(multi-instance multi-label generative adversarial network) 

[9]. This method combines the advantages of multi-

instance multi-label learning and GANs, enhancing feature 

representation through adversarial learning on unlabeled 

samples, but it has not been validated for mixed-signal 

recognition with energy imbalance. 

More relevant to this study, while the previous section 

has briefly mentioned the poor performance of deep learn-

ing methods in mixed-signal scenarios, several recent 

works focusing on mixed-signal processing and recogni-

tion still have obvious limitations in handling energy-

imbalanced scenarios. 

Focusing on mixed-signal separation, Yang et al. pro-

posed a hybrid modulation recognition method based on 

cyclic spectrum projection and deep neural networks [10]. 

Although this method has good robustness to changes in 

signal symbol rate and mixed signal energy ratio (with 

an average recognition rate exceeding 95% when 

SNR ≥ 0 dB), its high computational complexity limits its 

practical application. Li et al. proposed a method based on 

improved separation matrix normalization [11], which 

enhances the mixed-signal separation effect by construct-

ing a pseudo multi-channel structure with memory. Simi-

larly, Yang et al. proposed a blind separation method for 

mixed signals combining multi-resolution singular spec-

trum analysis with improved principal component analysis 

[12], which demonstrates better robustness in unknown 

signal processing but does not address the recognition of 

weak components in energy-imbalanced scenarios. 

Moving to mixed-signal recognition, Liu et al. pro-

posed a mixed-signal recognition method based on a long 

short-term memory deep residual shrinkage network 

(LDRSN) [13]. This method integrated residual modules, 

shrinkage modules, and long short-term memory (LSTM) 

modules to construct a recognition framework that balanc-

es feature selection and temporal modeling capabilities. 

Experimental results showed that the proposed method 

achieved an average recognition rate of 92.7% on a dataset 

at 16 dB SNR, with 12 out of 21 classes of mixed signals 

achieving recognition rates close to 100%. On a real-world 

measured dataset, the recognition accuracy further reached 

95.53%. However, this method did not specifically address 

the recognition of weak components in energy-imbalanced 

mixed signals. 

Kang et al. proposed TMCCNN (two-component 

mixed-signal modulation classification CNN), one of the 

early representative works applying deep learning to 

mixed-signal recognition [14]. This method directly took 

the I/Q components of the signal as input, avoiding com-

plex manual feature design and thereby preserving the 

original modulation characteristics more completely. Ex-

periments showed that TMCCNN demonstrated strong 

robustness under low SNR conditions, achieving a recogni-

tion accuracy of 95.62% for dual-component signals at 

0 dB. Nevertheless, its performance degrades significantly 

when the energy ratio between mixed components is highly 

imbalanced. 

Xu and Lin proposed a deep learning-based method 

for mixed-signal modulation classification [15], focusing 

on energy-imbalanced mixed signals in non-orthogonal 

multiple access (NOMA) scenarios. They first reproduced 

a CNN model designed for single-signal modulation classi-

fication and then optimized its structure to extend it to 

mixed-signal recognition. Experimental results showed that 

the proposed method outperformed the single CNN model 

in low-to-medium SNR regions. However, the performance 

gain diminished with increasing training samples, and it 

still struggled to effectively recognize weak components 

under severe time-frequency overlap. 

Despite recent progress in mixed-signal separation 

and recognition, two key limitations remain in existing 

methods. First, existing methods are prone to missing weak 

signal components when there is an energy imbalance 

between strong and weak components, especially under 

time–frequency overlap and low SNR conditions. Second, 

most methods either focus on mixed-signal separation but 

ignore weak component recognition, or fail to effectively 

fuse multi-domain features (time, frequency, modulation, 

and energy), leading to insufficient feature representation 

and difficulty in balancing the recognition performance of 

both strong and weak components. 

To address these issues, we propose a hierarchical 

recognition framework, namely feature-disentangled multi-

column convolutional neural network-bidirectional long 

short-term memory (FD-MCNN-BiLSTM), for mixed 

signals. The core innovations of FD-MCNN-BiLSTM are 

twofold: (1) The FD-MCNN module extracts complemen-

tary multi-domain features from time, frequency, modula-

tion, and energy information, thereby realizing feature 

disentanglement between strong and weak components; 

(2) The BiLSTM module models temporal dependencies of 

the extracted features, thereby improving classification 

accuracy. Specifically, the framework first identifies the 

dominant component and then enhances the weak compo-

nent through feature disentanglement and signal enhance-

ment, thereby addressing the problem of weak component 

missing. Experimental results demonstrate that the pro-

posed method achieves an average recognition accuracy 

improvement of 5.2%–8.7% for weak components and 

2.1%–3.5% for dominant components across 0–30 dB SNR 

conditions, confirming its effectiveness in interference-rich 

and energy-imbalanced environments. To promoter pro-

ducibility, the dataset and the source code for this simula-

tion-based study are publicly available [16]. 

The remainder of this paper is organized as follows. 

Section 2 reviews the theoretical foundations of mixed-
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signal recognition. Section 3 presents the detailed architec-

ture and design principles of the proposed FD-MCNN-

BiLSTM network. Section 4 describes the experimental 

setup, presents comparative results with state-of-the-art 

methods, and conducts an ablation study to validate the 

effectiveness of each component. Finally, Section 5 con-

cludes the paper.  

2. Research Foundation 

2.1 Signal Mathematical Model 

In wireless communication systems, modulation plays 

a fundamental role for reliable information transmission. It 

converts baseband signals into waveforms suitable for 

transmission over wireless channels by modifying specific 

properties of the carrier. In this paper, we use I/Q sequenc-

es as the basic signal representation, and their discrete 

complex baseband representation is given as [17] 

 ( ) ( ) ( ), 0,1,..., 1x n I n jQ n n N    . (1) 

The input signal has dimensions of 2  N, where 2 

represents the in-phase and quadrature braches, and N 

represents the length of the signal segment. The sample 

length in this paper is set to N = 1024, mainly for the fol-

lowing reasons. First, considering that the fast Fourier 

transform (FFT) is the basis for frequency-domain feature 

extraction in the FD-MCNN module, choosing 1024, 

a power of 2, facilitates efficient FFT computation. Sec-

ond, this choice maintains a reasonable balance between 

information retention and computational complexity; spe-

cifically, shorter sequences usually fail to capture the nec-

essary temporal context, while longer sequences signifi-

cantly increase the computational burden of the model 

without a proportionate improvement in recognition per-

formance [12], [13]. 

According to the variation pattern of signal parame-

ters, modulation techniques can be broadly classified into 

digital and analog modulation. Digital modulation maps 

information onto discrete signal states through symbol-

based representation. Representative digital modulation 

schemes include phase-shift keying (PSK), quadrature 

amplitude modulation (QAM), frequency-shift keying 

(FSK), and amplitude-shift keying (ASK). In contrast, 

analog modulation varies signal parameters continuously, 

with common schemes including amplitude modulation 

(AM), frequency modulation (FM), and phase modulation 

(PM). 

The modulation set considered in this paper com-

prises AM, FM, 2ASK, 4FSK, and 16QAM. For conven-

ience, let the carrier frequency be denoted as fc, the sam-

pling frequency as fs, and the sampling interval as T = 1/fs. 
The mathematical expressions for these five types of 

modulated signals are given by [18] 
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where A0 denotes the DC component, m(t) represents the 

baseband signal, Φ is the phase, kf stands for the frequency 

modulation sensitivity, ak indicates the amplitude values of 

the k-th symbol, and fak
 represents symbol-dependent 

offset.  

Mixed signals are composite waveforms formed by 

the superposition of multiple modulation components that 

arrive at the receiver within the same frequency band and 

time window.  

In practical communication scenarios, channel attenu-

ation, multipath propagation, and carrier frequency offsets 

often cause the received waveform to contain multiple 

overlapping components, resulting in mixed signals. Let 

the received mixed signal be [10]  

 j(2 Δ
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where xm(n) denotes the baseband signal of the m-th modu-

lation component, m is the amplitude of the m-th signal, τm 

is the time delay, fm is the frequency offset, m  is the phase 

offset, and w(n) is the additive noise.  

In the mixed signal model, the time-domain, frequen-

cy-domain, and modulation-specific characteristics of dif-

ferent components can become tightly coupled, making it 

difficult for traditional time-domain or frequency-domain 

feature extraction methods to obtain sufficiently discrimi-

native information.  

Moreover, because the constituent signals often ex-

hibit different power levels, the dominant component may 

drive the overall recognition outcome, while weaker com-

ponents are easily masked by the stronger ones. 

2.2 Time-Frequency Analysis Method for 

Signals 

Time-frequency analysis is an important tool in signal 

processing, as it provides a joint representation of signals 

in the time and frequency domains. Conventional time-

domain and frequency-domain methods have inherent 

limitations, and neither of them can effectively characterize 

the time-varying spectral properties of nonstationary sig-

nals. This limitation is particularly evident for complex 

mixed signals, in which multiple modulated components 

may overlap within the same time interval and frequency 

band, making accurate discrimination difficult for tradi-

tional methods. 



RADIOENGINEERING, VOL. 35, NO. 2, JUNE 2026 259 

 

By mapping a signal into a two-dimensional time-

frequency representation, time-frequency analysis can 

simultaneously reveal its instantaneous frequency, energy 

distribution, and local structural characteristics. This richer 

representation provides more informative features for the 

accurate identification of mixed signals.  

The short-time Fourier transform (STFT) is one of the 

most widely used methods in time-frequency analysis. It 

extends the conventional Fourier transform (FT) by intro-

ducing a sliding window to characterize how the spectral 

content of a nonstationary signal evolves over time. Specif-

ically, localized FT are computed within successive win-

dowed segments, thereby yielding a time-varying spectral 

representation. The discrete form of the STFT is given by [19] 
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where L denotes the window length, H denotes the frame 

shift, m denotes the time-frame index, and k denotes the 

frequency index. The window function w(n) is typically 

selected from functions such as the Hamming window or 

the Hann window; in this paper, the Hamming window is 

adopted. The window length L and frame shift H should be 

determined according to the temporal and spectral charac-

teristics of the signal. 

Applying the STFT yields a time-frequency spectro-

gram that describes how the spectral content of a signal 

evolves over time. In the spectrogram, the horizontal axis 

denotes time, the vertical axis denotes frequency, and the 

color intensity reflects the signal energy at the correspond-

ing time-frequency coordinates. The time-frequency reso-

lution of the STFT is determined mainly by the window 

length and frame shift; therefore, the selection of these 

parameters involves a trade-off between temporal resolu-

tion and frequency resolution. 

The spectrogram of mixed signals reveals the overlap 

of multiple components within the same time-frequency 

region. By examining the time-frequency characteristics of 

mixed signals, several prominent features can be identified: 

(1) Strong-signal masking effect: When high-energy 

components dominate, the time–frequency features of 

weaker signals can be masked and become difficult to 

observe. This effect is pronounced at low SNR, motivating 

more refined feature extraction methods to recover weak-

signal information from the complex background. 

(2) Local overlap characteristics: Different modulated 

signals may partially overlap in the time–frequency do-

main, forming complex spectral textures. Components can 

share portions of the frequency band or overlap within the 

same time interval, which makes conventional global fre-

quency-domain analysis ineffective for distinguishing 

them. 

(3) Separability of signal characteristics: Although 

mixed signals overlap in the time–frequency domain, dif-

ferent modulation schemes often preserve distinctive spec-

tral signatures. For example, AM signals exhibit character- 

 

Fig. 1. Architecture diagram of the MCNN. 

istic bandwidth patterns, whereas FM signals exhibit 

continuously varying instantaneous frequency. Such differ-

ences provide useful cues for deep learning-based multi-

column feature learning. 

2.3 MCNN-Based Deep Learning Model 

The MCNN extends the conventional CNN by em-

ploying multiple parallel branches for feature extraction. 

Each branch uses convolutional kernels with different sizes 

or receptive fields to capture complementary information at 

multiple scales [20], [21]. This architecture improves the 

network’s ability to learn discriminative representations 

from complex signals exhibiting multi-scale characteristics. 

As shown in Fig. 1, MCNN extracts features in parallel 

through multiple branches, with each branch performing a 

distinct convolutional operation. The resulting features are 

then concatenated to form a multi-scale feature representa-

tion. This design enables the network to capture both local 

details and broader structural information within a unified 

framework, making it well suited for signal recognition 

tasks involving diverse spectral characteristics. 

Based on the above signal models, time-frequency 

analysis method, and MCNN architecture, the FD-MCNN-

BiLSTM hierarchical recognition framework is developed 

in the following section. 

3. Proposed FD-MCNN-BiLSTM 

Framework 

To address the challenge of recognizing highly over-

lapping mixed signals in the time-frequency domain, this 

paper proposes a hierarchical FD-MCNN-BiLSTM recog-

nition framework. As shown in Fig. 2, the proposed 

framework consists of four main modules: data acquisition 

and preprocessing, the primary recognition network, the 

signal enhancement module, and the secondary recognition 

network. 

The model adopts a two-stage strategy: it first classi-

fies high-energy components using FD-MCNN with cross-

branch attention, and then identifies low-energy com-

ponents from the residual signal using a BiLSTM, enabling 

dual-signal recognition. The I/Q time-domain sequences 
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Fig. 2. Overall architecture of the proposed framework for 

mixed signals with different energy levels. 

exhibit distinctive, correlated patterns that provide discrim-

inative cues for modulation identification. 

3.1 Data Preprocessing 

The proposed framework preprocesses each mixed-

signal sample to generate suitable input representations for 

hierarchical recognition. Since mixed signals are highly 

overlapping and nonstationary, both one-dimensional time-

domain sequences and two-dimensional time–frequency 

representations are constructed to provide complementary 

information. 

First, the received signal is represented as an I/Q se-

quence, which preserves the original temporal structure 

and the correlation between the in-phase and quadrature 

components. These one-dimensional sequences are directly 

fed into the network to enable automatic temporal feature 

learning without relying on handcrafted features.  

To reduce amplitude scale variations and improve 

training stability, min-max normalization is applied to the 

input signal, as given by [22] 

 
min( ( ))

0,1, , 1
max( ( )) min( ( ))

i
i

x x n
x i L

x n x n


   


， .  (5) 

In addition to the normalized one-dimensional time-

domain input, the proposed framework transforms the 

original signals into two-dimensional time–frequency rep-

resentations. This is because mixed signals often exhibit 

severe overlap in the original domain, making it difficult to 

distinguish different modulation components using only 

temporal or spectral information.  

  
a) AM b) FM 

Fig. 3. Time-frequency spectrograms of AM and FM signals. 

By projecting the signals into the time-frequency do-

main, the local energy distribution and modulation-

dependent spectral structures become more distinguishable, 

which is beneficial for subsequent feature extraction and 

classification. 

In this paper, STFT is adopted to generate the time–

frequency representation. By applying localized FT with 

a sliding window, STFT provides an effective joint de-

scription of the temporal and spectral characteristics of 

nonstationary signals. The resulting spectrograms highlight 

the differences among modulation components and provide 

informative two-dimensional inputs for the FD-MCNN.  

Taking AM and FM signals as examples, the corre-

sponding time-frequency spectrograms are shown in Fig. 3. 

Compared with raw waveforms, these spectrograms reveal 

clearer modulation-specific patterns, thereby improving the 

separability of different signal components and supporting 

more accurate hierarchical recognition. 

After preprocessing, each mixed-signal sample is rep-

resented by a normalized one-dimensional I/Q sequence 

and a two-dimensional time-frequency spectrogram, which 

are jointly used as inputs to the proposed framework. 

3.2 Primary Recognition Network 

Mixed signals exhibit strong feature coupling because 

multiple modulation components are superposed in both 

the time and frequency domains. To better extract and fuse 

such heterogeneous features, an MCNN-based architecture 

is adopted as the backbone. Compared with single-stream 

backbones such as ResNet or dense convolutional network 

(DenseNet), the multi-branch design of MCNN is better 

suited to jointly modeling temporal, spectral, modulation-

related, and energy-related characteristics. 

To address modulation coupling, energy imbalance, 

and feature heterogeneity, we propose an improved multi-

branch convolutional network termed FD-MCNN. The 

network structure is shown in Fig. 4.  

The network is designed to jointly exploit temporal, 

spectral, modulation-related, and energy-related infor-

mation through domain-informed specialized branches and 

cross-branch interactions, thereby enhancing feature com- 
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Fig. 4. FD-MCNN architecture diagram. 

plementarity and improving generalization in complex 

overlapping scenarios. 

As illustrated in Fig. 4, FD-MCNN adopts a dual-path 

input structure, in which the one-dimensional I/Q sequence 

and the corresponding STFT-based time–frequency repre-

sentation are processed in parallel.  

Based on these two inputs, the network comprises 

four specialized branches: (1) a time-domain branch for 

capturing local transient dynamics in I/Q signals; 

(2) a frequency-domain branch for extracting global struc-

tural information from time–frequency representations, 

such as energy concentration and frequency drift; 

(3) a modulation-characteristics branch for learning modu-

lation-sensitive patterns and reducing ambiguity among 

mixed modulation components; and (4) an energy-sensing 

branch for enhancing robustness under low-SNR condi-

tions by modeling local energy distributions and dynamic-

range variations.  

Through the joint action of these branches, FD-

MCNN produces a discriminative high-dimensional repre-

sentation that effectively separates coupled modulation and 

energy characteristics in overlapping environments, there-

by enabling more accurate first-stage recognition of high-

energy signal components. 

The one-dimensional and two-dimensional inputs are 

processed by four dedicated branches and then fused to 

form the final representation. The detailed designs of these 

branches are described as follows. 

(1) Time-Domain Branch Design 

Table 1 summarizes the architecture of the time-

domain branch. In Tab. 1, n × a denotes the number of 

convolutional kernels (n) and the kernel size (a). ReLU is 

used in all convolutional layers and in the first two fully 

connected layers. 

Guided by the Bedrosian theorem [23], the temporal 

branch uses large, residual, and dilated convolutions to 

expand the receptive field 2–3 times the signal period, 

capturing slow envelope variations, localizing transients, 

and modeling large-scale temporal trends, effectively ex- 
 

Network layer Parameter(n × a) 
Activation 

Function 

Conv1D + BN 16 × 7 ReLu 

Conv1D + BN 32 × 5 ReLu 

Conv1D + BN 64 × 3 ReLu 

Tab. 1. Time-domain branch diagram. 
 

Network layer Parameter(n × a × b) 
Activation 

Function 

Conv2D + BN 16 × 3 × 1 ReLu 

Conv2D + BN 32 × 1 × 3 ReLu 

Max Pooling 2 × 2 - 

Tab. 2. Frequency-domain branch diagram. 

tracting envelope and amplitude features while addressing 

energy dominance. 

(2) Frequency-Domain Branch Design 

The architecture of the frequency-domain branch is 

summarized in Tab. 2. In Tab. 2, n × a × b denotes the 

number and size of convolutional kernels, while 2 × 2 

specifies max-pooling window dimensions. ReLU is ap-

plied throughout convolutional and fully connected layers. 

Based on the time–frequency equivalence principle 

from Plancherel’s theorem [24], the time-domain signal is 

converted to a time-frequency representation using STFT 

with a Hamming window (N = 256), retaining phase in-

formation. A 2D convolutional network then extracts ener-

gy distribution patterns from the spectrogram to address the 

discrimination of frequency-modulated signals. 

The convolutional module employs asymmetric ker-

nels: vertical (3 × 1) kernels strengthen frequency-band 

correlations, and horizontal (1 × 3) kernels capture tem-

poral dynamics. This design supports demodulation of 

continuous phase variations and detection of discrete fre-

quency-hopping features. 

(3) Modulation-Characteristics Branch Design 

The architecture of the modulation-characteristics 

branch is detailed in Tab. 3. In Tab. 3, n × a denotes the 

number and size of convolutional kernels, and Channel 

Attention specifies the reduction ratio. ReLU is used in all 

convolutional layers and the first two fully connected layers. 

(4) Energy-Sensing Branch Design 

The architecture of the energy-sensing branch is 

presented in Tab. 4. 
 

Network layer 
Parameter 

(n × a) 

Activation 

Function 

SeparableConv1D + BN 16 × 5 ReLu 

SeparableConv1D + BN 32 × 3 ReLu 

Channel Attention 8 - 

Tab. 3. Modulation-characteristics branch diagram. 
 

Network layer Parameter(n × a × b) 
Activation 

Function 

Conv2D + BN 16 × 5 × 1 ReLu 

Conv2D + BN 32 × 1 × 5 ReLu 

Max Pooling 2 × 2 - 

Tab. 4. Energy-sensing branch diagram. 
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Leveraging Parseval’s theorem [25], an energy-

normalization pathway is built through local energy statis-

tics and dynamic range compression to enhance low-SNR 

discrimination. In Tab. 4, n × a × b represents the number 

and size of kernels, and 2 × 2 denotes max-pooling win-

dows; ReLU is applied in both convolutional and fully 

connected layers. 

After branch-wise feature extraction, the resulting 

representations are integrated through a dual-path fusion 

strategy. Specifically, the time-domain and modulation-

related features are concatenated to preserve their comple-

mentary physical characteristics, whereas the frequency-

domain and energy-related features are combined through 

tensor-product operations to capture nonlinear correlations. 

The fused representation is then refined by convolutional 

dimensionality reduction and attention-based weighting to 

adapt to different energy ratios.  

Finally, a Softmax classifier outputs the predicted cat-

egory of the high-energy component, thereby completing 

the first-stage recognition of mixed signals. 

3.3 Signal Enhancement Module 

After the primary recognition network extracts dis-

criminative features of the dominant signal component, 

weak-signal-related information may still be partially sup-

pressed due to energy imbalance and feature coupling in 

overlapping mixtures.  

To alleviate this problem, a Channel-Spatiotemporal 

Attention (CSTA) module is introduced, as illustrated in 

Fig. 5. Positioned between FD-MCNN-based feature ex-

traction and the second-stage recognition network, the 

CSTA module jointly models channel-wise and spatiotem-

poral dependencies to selectively enhance weak-signal 

representations and improve their distinguishability in 

complex overlapping environments. 

Specifically, the proposed CSTA module integrates 

an SEBlock and a TimeSformer-based attention unit [26], 

 

Fig. 5. Architecture of the signal enhancement module. 

[27]. The SEBlock focuses on channel-wise feature recali-

bration, whereas the TimeSformer-based unit captures 

long-range dependencies in the spatiotemporal feature 

space. Through the combination of these two mechanisms, 

the module can effectively suppress redundant interference 

information while strengthening weak but task-relevant 

features.  

The detailed designs of these two attention compo-

nents (SEBlock and TimeSformer) and the output of the 

enhancement module are described as follows. 

(1) Channel Attention (SEBlock) 

The channel attention branch is implemented using 

an SEBlock. By applying global pooling followed by 

channel transformation operations, the branch generates 

adaptive channel-wise weights for the intermediate feature 

maps. In this way, channels that are more relevant to weak-

signal characteristics are assigned larger weights, while 

less informative or interference-dominated channels are 

suppressed. This channel recalibration mechanism helps 

the network focus on subtle but discriminative features that 

may otherwise be overwhelmed by dominant signal com-

ponents. 

(2) Spatiotemporal Attention (TimeSformer-

based) 

To further enhance the representation of weak signals, 

a TimeSformer-based spatiotemporal attention mechanism 

is introduced. The intermediate features are reshaped into 

token sequences and processed by self-attention operations 

along the temporal and structural dimensions. Unlike local 

convolution, self-attention can capture long-range depend-

encies across different positions, thereby enabling the 

model to identify weak but correlated patterns distributed 

over the feature sequence. This mechanism is particularly 

beneficial when weak-signal features are partially masked 

by strong-signal interference or background noise. 

(3) Output of the Enhancement Module 

After channel attention and spatiotemporal attention 

are applied, the CSTA module outputs an enhanced feature 

representation in which weak-signal-related information is 

selectively emphasized and interference is further sup-

pressed. This refined representation serves as the input to 

the subsequent secondary recognition network, providing 

a more informative basis for weak-signal identification. 

3.4 Secondary Recognition Network 

To further model temporal dependencies in the fea-

ture representations enhanced by the CSTA module, 

a BiLSTM is introduced as the secondary recognition net-

work, as illustrated in Fig. 6. As the second-stage classifier, 

the BiLSTM takes the sequential features output by the 

CSTA module as input and captures long-range contextual 

information that is beneficial for the recognition of weak 

signal components in overlapping scenarios. 
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Fig. 6. BiLSTM architecture diagram. 
 

Network layer Parameter(n) 
Activation 

Function 

BiLSTM 128 - 

BiLSTM 64 - 

BiLSTM 16 - 

Flattening - - 

Fully connected  64 ReLu 

Fully connected  16 ReLu 

Fully connected  3 Softmax 

Tab. 5. BiLSTM structure. 

A BiLSTM consists of forward and backward LSTM 

units, whose hidden states are concatenated at each time 

step to exploit both past and future contextual information 

[28–30]. This bidirectional modeling strategy is particular-

ly suitable for mixed signal recognition, where the tem-

poral evolution of weak but discriminative features should 

be preserved despite interference from dominant compo-

nents. By integrating information from both directions, the 

BiLSTM generates feature sequences enriched with more 

complete temporal dependencies, which greatly facilitates 

the subsequent identification of weak modulation compo-

nents. 

After bidirectional temporal modeling, the output fea-

tures are passed through a fully connected layer and 

a Softmax classifier to generate the final recognition re-

sults. The gating mechanism of the BiLSTM helps mitigate 

the influence of noise and preserve discriminative temporal 

dependencies, thereby improving the robustness of the 

network under low-SNR conditions.  

Table 5 lists the structural parameters of the BiLSTM 

network. In Tab. 5, n denotes hidden layers. The interme-

diate fully connected layer uses ReLU, where the output 

layer uses Softmax. 

4. Experimental Results and Analysis 

4.1 Dataset Construction 

The dataset used in this paper was collected from 

real-world wireless environments using a Universal Soft-

ware Radio Peripheral – USRP-based acquisition platform. 

As shown in Fig. 7, two transmitters simultaneously emit-

ted signals with different modulation types and unequal 

energy levels, and the resulting mixed signals were re-

ceived and recorded by the USRP receiver. This acquisition 

 

Fig. 7. Signal acquisition. 

setup was designed to simulate realistic mixed-signal sce-

narios in which multiple emitters coexist and their signal 

components overlap in both time and frequency. 

The indoor measurement environment is shown in 

Fig. 8, and a close-up view of the NI USRP-2922 device 

used in the experiments is presented in Fig. 9. The meas-

urement campaign was conducted in an indoor room of 

approximately 150 m². The propagation condition was 

mainly line-of-sight, while reflections from surrounding 

objects introduced mild multipath effects. During data 

acquisition, the two transmitters and the receiver were 

placed at approximately the same height, and the distance 

between each transmitter and the receiver was about 1.2 m. 

All experiments were performed on an NI USRP-

2922 platform equipped with external antennas. The 

transmitted waveforms were generated in NI LabVIEW 

 

Fig. 8. Photograph of the experimental environment. 

.  

Fig. 9. Close-up view of the NI USRP-2922 device used in 

the experiments. 
 

 
Carrier 

Frequency 

Sampling 

Rate 
TX-Gain RX-Gain 

Transmitter 1 2450 MHz 500 kHz 7 dB - 

Transmitter 2 2450 MHz 500 kHz 10 dB - 

Receiver 2450 MHz 500 kHz - 0 dB 

Tab. 6.  Transmitter and receiver parameter table. 
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using the built-in USRP modulation examples. For each 

transmitter, the baseband signal was digitally generated in 

software and configured according to the predefined modu-

lation settings described earlier. The generated baseband 

waveforms were then upconverted and transmitted simul-

taneously by two USRP devices, so that mixed signals 

were formed through over-the-air superposition and cap-

tured by the receiver. The received I/Q data were stored as 

.mat files for subsequent dataset construction. The main 

configuration parameters of the transmitters and receiver 

are listed in Tab. 6. 

The carrier frequency of both transmitters and the re-

ceiver was set to 2450 MHz, and the sampling rate was 

500 kHz. Since the LabVIEW demonstration program did 

not explicitly provide a parameter for directly setting the 

absolute transmit power, the relative power of the two 

transmitted signals was controlled by adjusting the trans-

mitter (TX) gains of the two transmitters. Specifically, the 

TX gains of Transmitter 1 and Transmitter 2 were set to 

7 dB and 10 dB, respectively. In addition, the gain of the 

receiver (RX) was fixed at 0 dB. The TX gains difference 

of 3 dB corresponds approximately to a 2 : 1 power ratio, 

which was used to construct mixed signals with unequal 

component strengths. 

Based on the above measurement setup, mixed-signal 

data were collected for the modulation combinations con-

sidered in this study, resulting in 20 mixed-signal catego-

ries under the specified relative power setting. To evaluate 

the proposed method under different noise conditions, 

additional controllable noise was introduced only at the 

receiver side during software post-processing after signal 

acquisition, and no artificial noise was added at the trans-

mitter side. Specifically, artificial noise was superimposed 

on the received mixed signal to obtain seven SNR levels: 0, 

5, 10, 15, 20, 25, and 30 dB. In this study, the SNR is de-

fined as the ratio of the power of the received mixed signal, 

i.e., the superposed signal from TX1 and TX2 at the re-

ceiver, to the power of the artificially added noise. There-

fore, the reported SNR values are specified for the overall 

received mixed signal rather than for either transmitter 

individually. 

After acquisition, each collected modulation dataset 

was saved as a .mat file, with each dataset containing 

5,000,000 complex sampling points. The dataset was parti-

tioned into individual samples, with each sample contain-

ing 1024 sampling points. These samples were then di-

vided into training, validation, and tested subsets at a ratio 

of 6 : 2 : 2 for the follow-up experiments. Each sample was 

then processed according to the preprocessing procedure 

described in Sec. 3.1, including normalization and STFT. 

These processed data were used as the one-dimensional 

and two-dimensional inputs to the proposed hierarchical 

recognition framework.  

4.2 Evaluation Metrics for Mixed-Signal 

Recognition 

In the mixed signal recognition task considered in this 

study, each sample contains two modulation labels. There-

fore, conventional single-label accuracy is not sufficient to 

fully reflect the recognition performance. To fairly evaluate 

the model under this dual-label setting, a customized accu-

racy metric is adopted, defined as 

 two one
r

sum

NUM 0.5 NUM
100%

NUM
P

 
   (6) 

where NUMtwo denotes the number of test samples for 

which both modulation types are correctly recognized, 

NUMone denotes the number of test samples for which only 

one modulation type is correctly recognized, and NUMsum 

is the total number of test samples. 

In addition to accuracy, the F1-score is employed to 

provide a more comprehensive evaluation of the recogni-

tion performance. The F1-score is the harmonic mean of 

Precision and Recall and reflects the balance between false 

positives and false negatives. F1-score is defined as [31] 

 
2 Precision Recall

F1 =
Precision Recall

 


 (7) 

where Precision and Recall are defined as TP/(TP + FP) 

and TP/(TP + FN), respectively, and TP, FP, and FN de-

note the numbers of true positives, false positives, and false 

negatives. 

4.3 Experimental Results and Analysis 

During training, a multi-label binary cross-entropy 

loss is employed to handle samples containing two modula-

tion labels. This loss computes the cross-entropy for each 

label independently and then averages them, thereby ena-

bling the network to optimize the prediction of each modu-

lation component, which is defined as [32] 

      
1

1
Loss log 1 log 1

N

i i i i

i

y p y p
N 

      . (8) 

The Adam (Adaptive Moment Estimation) optimizer 

is adopted to update the network parameters using adaptive 

learning rates and first- and second-order moment esti-

mates of the gradients, which facilitates efficient and stable 

training. In this study, mixed signal datasets at SNR levels 

of 0, 5, 10, 15, 20, 25, and 30 dB are used to train and 

evaluate the proposed FD-MCNN-BiLSTM as well as 

three representative comparison models, namely LDRSN 

[13], TMCCNN [14], and CNN-LSTM [15]. The network 

configurations of these models are summarized in Tab. 7. 

All experiments in this paper were conducted under 

the same experimental conditions, as detailed in Tab. 8. 

Figure 10 shows the loss and accuracy curves of FD-

MCNN-BiLSTM, LDRSN, TMCCNN, and CNN-LSTM 

under 30 dB. 

Overall, proposed FD-MCNN-BiLSTM exhibits 

a faster and more stable decrease in loss during the early 

training epochs and reaches a lower steady-state value, indi- 
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FD-MCNN-

BiLSTM 

[this paper] 

LDRSN  

[13] 

TMCCNN 

[14] 

CNN-LSTM 

[15] 

Classifier Softmax Softmax Softmax Softmax 

Loss Function Cross-entropy Cross-entropy Cross-entropy Cross-entropy 

Optimizer Adam Adam Adam Adam 

Learning Rate 0.0001 0.0001 0.0001 0.0001 

L2 

regularization 
10–3 10–3 10–3 10–3 

IQ size 2 × 1024 2 × 1024 2 × 1024 2 × 1024 

Spectrogram 

size 
3 × 384 × 256 3 × 384 × 256 3 × 384 × 256 3 × 384 × 256 

Batch size 16 16 16 16 

Tab. 7. Neural network parameter settings. 
 

Project Content 

Operating System Windows11 

CPU i9-12900 

GPU 5060TI 

Memory 64G 

Deep learning framework  Pytorch 1.12.0 

Programming language Python 3.9 

Tab. 8.  Description of the experiment environment. 

cating higher optimization efficiency and better con-

vergence behavior. In contrast, LDRSN and TMCCNN 

converge more slowly and show larger fluctuations, sug-

gesting that they are more sensitive to overlapping interfer-

ence and noise. The training and validation losses of CNN-

LSTM both gradually decrease and eventually stabilize, 

indicating that the model can be optimized relatively 

smoothly. However, its validation loss remains consistently 

higher than its training loss, implying limited generaliza-

tion capability. This limitation may be attributed to its 

relatively simple front-end feature extraction structure, 

which is insufficient to capture the multi-scale features and 

fine-grained differences in mixed signals.  

Notably, the loss trajectory of FD-MCNN-BiLSTM 

remains smooth in the later stages of training, indicating 

stronger training stability and a lower risk of convergence 

to suboptimal solutions. 

In addition, from the perspective of the accuracy 

curve, FD-MCNN-BiLSTM shows a faster and more stable 

increase in training accuracy, rising from about 72% to 

94%, with validation accuracy increasing from about 63% 

to 92%, closely matching the training accuracy. This sug-

gests strong generalization and better convergence com-

pared to other models.  

In contrast, training accuracy of LDRSN rises from 

about 58% to 72%, and validation accuracy from 30% to 

69%, with a larger gap between them, indicating poor gen-

eralization. TMCCNN shows a gradual increase, with 

training accuracy rising from about 60% to 70%, and vali-

dation accuracy from about 56% to 68%. The flat accuracy 

curves suggest limited performance in capturing complex 

features. CNN-LSTM shows a similar trend, with training 

accuracy rising from about 59% to 78% and validation 

accuracy from about 48% to 78%, indicating good general-

ization, though still lagging behind FD-MCNN-BiLSTM in 

accuracy and efficiency. 

 
a) FD-MCNN-BiLSTM [this paper] 

 
b) LDRSN [13] 

 
c) TMCCNN [14] 

 
d) CNN-LSTM [15] 

Fig. 10. Loss and accuracy curves of four models (30 dB). 

Figure 11 shows the confusion matrices of FD-

MCNN-BiLSTM, LDRSN, TMCCNN, and CNN-LSTM at 

30 dB. As shown in Fig. 11, under the 30 dB condition, the 

four models exhibit significant differences in their ability 

to recognize mixed-signal classes. Overall, the proposed 

FD-MCNN-BiLSTM model demonstrates the most stable 

performance. Most mixed-signal classes achieve a recogni-

tion accuracy of 100%, while the classes 2×4FSK+16QAM 

and 2×4FSK+FM achieve 99%. These results indicate that 

the proposed framework effectively exploits multi-domain 

feature disentanglement and temporal modeling, yielding 

strong discriminative capability for typical mixed-signal 
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a) FD-MCNN-BiLSTM [this paper] 

 
b) LDRSN [13] 

 
c) TMCCNN [14] 

 
d) CNN-LSTM [15] 

Fig. 11. Confusion matrices of four models at 30 dB. 

structures. In contrast, the comparison models show con-

siderable misclassification for certain classes. For example, 

LDRSN achieves only 52% accuracy on 2×16QAM+AM, 

with 20% of the samples being misclassified as 

2×2ASK+AM. TMCCNN attains only 48% accuracy on 

2×2ASK+16QAM, with 24% of the samples being con-

fused with 2×4FSK+2ASK. CNN-LSTM achieves only 

61% accuracy on 2×AM+FM, with 20% of the samples 

being misclassified as 2×4FSK+16QAM. 

A closer examination of the misclassified samples of 

FD-MCNN-BiLSTM also reveals several challenging 

cases. When recognizing the 2×2ASK+16QAM class, the 

accuracy is 84%, and this class is more likely to be con-

fused with 2×16QAM+2ASK. For the 2×AM+2ASK class, 

the accuracy is 88%, with misclassifications mainly occur-

ring as 2×AM+16QAM. These errors typically arise when 

the local time-frequency structures of mixed samples are 

highly similar and the representation of one component is 

influenced by the other. 

The comparative results of FD-MCNN-BiLSTM and 

the other three advanced models under different SNR con-

ditions are presented in Tab. 9 and Fig. 12. 

Overall, the results consistently show that FD-

MCNN-BiLSTM achieves a significant and stable perfor-

mance advantage.  

It is observed in Fig. 12 that the accuracy curves un-

der different SNR conditions show that the recognition 

performance of all methods generally improves as the SNR 

increases from 0 dB to 30 dB. Among them, FD-MCNN-

BiLSTM consistently achieves the highest accuracy across 

the entire SNR range and exhibits a more stable upward 

trend, indicating better robustness to noise and stronger 

adaptability to different signal conditions. 

In particular, the superiority of the proposed method 

is more evident at SNR levels of 0, 20, and 30 dB. At 0 dB, 

FD-MCNN-BiLSTM reaches 80.48%, significantly outper- 
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FD-MCNN-

BiLSTM  

[this paper] 

LDRSN  

[13] 

TMCCNN 

[14] 

CNN-LSTM 

[15] 

Acc 

(SNR = 0 dB) 
80.48% 54.97% 58.02% 48.47% 

Acc 

(SNR = 5 dB) 
79.26% 57.40% 58.39% 48.35% 

Acc 

(SNR = 10 dB) 
80.46% 56.23% 59.26% 50.20% 

Acc 

(SNR = 15 dB) 
84.35% 61.67% 62.07% 63.58% 

Acc 

(SNR = 20 dB) 
89.11% 67.06% 66.32% 71.30% 

Acc 

(SNR = 25 dB) 
92.56% 68.72% 68.89% 78.22% 

Acc 

(SNR = 30 dB) 
96.85% 70.37% 69.91% 78.40% 

Tab. 9. Accuracy of four models under different SNRs. 

 

Fig. 12. Accuracy curves of different models under different 

SNRs. 

forming LDRSN (54.97%), TMCCNN (58.02%), and 

CNN-LSTM (48.47%). At 20 dB, its accuracy increases to 

89.11%, remaining clearly higher than that of the compari-

son methods. When the SNR further increases to 30 dB, 

the proposed method achieves 96.85%, whereas LDRSN, 

TMCCNN, and CNN-LSTM reach only 70.37%, 69.91%, 

and 78.40%, respectively.  

These results demonstrate that FD-MCNN-BiLSTM 

maintains superior recognition performance under both 

low- and high-SNR conditions, thereby validating the ef-

fectiveness of the proposed hierarchical recognition 

framework and multi-domain feature disentanglement 

strategy. 

4.4 Ablation Studies 

To verify the effectiveness of the proposed modules, 

ablation studies are conducted under the same training 

protocol and evaluation settings as those used in the main 

experiments. Unless otherwise specified, each ablation 

variant retains all remaining components unchanged to 

ensure a fair comparison. Recognition accuracy and F1-

score are reported at SNR levels of 0, 5, 10, 15, 20, 25, and 

30 dB, and the corresponding results are summarized in 

Tabs. 10–15. 

(1) Ablation Study on FD-MCNN 

This experiment evaluates the contribution of each 

feature branch in FD-MCNN, including the time-domain 

branch (T), the frequency-domain branch (F) based on 

STFT, the modulation-characteristics branch (M) with 

complex-valued convolutions, and the energy-sensing 

branch (E).  

We compare the full model (T+F+M+E) with variants 

that remove one branch at a time, while keeping the fusion 

strategy and the rest of the architecture identical. 

As shown in Tab. 10 and Fig. 13, the full four-branch 

FD-MCNN achieves the best performance across all evalu-

ated SNRs, indicating that multi-domain feature disentan-

glement provides complementary cues for mixed-signal 

recognition. Removing any single branch results in a no-

ticeable accuracy drop, confirming that each pathway con-

tributes meaningfully to the final decision. 

More specifically, removing the time-domain branch 

causes the largest performance degradation, especially at 

30 dB, suggesting that temporal correlation patterns are 

critical under severe signal mixing, where weak com-

ponents are more easily masked. In contrast, removing the 
 

T      

F      

M      

E      

Acc 

(SNR = 0 dB) 
80.48% 58.30% 70.82% 65.57% 71.22% 

Acc 

(SNR = 5 dB) 
79.26% 60.91% 73.65% 66.67% 72.50% 

Acc 

(SNR = 10 dB) 
80.46% 62.17% 70.21% 69.00% 76.27% 

Acc 

(SNR = 15 dB) 
84.35% 61.88% 71.02% 68.91% 78.90% 

Acc 

(SNR = 20 dB) 
89.11% 64.05% 74.36% 64.38% 77.11% 

Acc 

(SNR = 25 dB) 
92.56% 64.27% 73.46% 67.09% 78.26% 

Acc 

(SNR = 30 dB) 
96.85% 69.14% 79.56% 72.39% 84.28% 

Tab. 10.  Ablation study results of the FD-MCNN branches. 

 

Fig. 13. Accuracy curve under different SNRs. 
 



268 J. DONG, Y. LIANG, J. WANG, ET AL., MIXED SIGNAL RECOGNITION NETWORK BASED ON FD-MCNN AND BILSTM 

 

T      

F      

M      

E      

F1-score 

(SNR = 0 dB) 
80.20% 54.48% 67.21% 61.75% 71.03% 

F1-score 

(SNR = 5 dB) 
79.29% 55.40% 69.97% 62.77% 72.47% 

F1-score 

(SNR = 10 dB) 
80.44% 57.95% 69.08% 64.03% 76.21% 

F1-score 

(SNR = 15 dB) 
84.37% 60.27% 68.78% 65.11% 78.93% 

F1-score 

(SNR = 20 dB) 
89.10% 61.60% 71.40% 63.26% 77.15% 

F1-score 

(SNR = 25 dB) 
92.57% 61.67% 71.25% 63.50% 78.33% 

F1-score 

(SNR = 30 dB) 
96.87% 62.35% 74.67% 69.09% 84.40% 

Tab. 11.  F1-score results for FD-MCNN branch ablation. 

energy-sensing branch leads to a relatively smaller de-

crease, implying that its contribution can be partially com-

pensated by the remaining branches. Overall, these results 

support the effectiveness of integrating time-, frequency-, 

modulation-, and energy-domain information to improve 

recognition robustness under mixed and interference-rich 

conditions. 

The corresponding F1-score results are shown in 

Tab. 11. As shown in Tab. 11, the complete four-branch 

FD-MCNN achieves F1-scores of 80.20%, 79.29%, 

80.44%, 84.37%, 89.10%, 92.57%, and 96.87% at 0, 5, 10, 

15, 20, 25, and 30 dB, respectively, consistently outper-

forming all ablation variants. Since the F1-score jointly 

reflects precision and recall, these results further indicate 

that the complete model provides not only stronger recog-

nition capability but also better prediction balance across 

different classes. 

A comparison among the ablation variants shows that 

removing the time-domain branch has the most detrimental 

effect, with the F1-score ranging only from 54.48% to 

62.35% across all SNR conditions, which is substantially 

lower than that of the other variants. This result suggests 

that the time-domain branch provides essential cues for 

capturing transient waveforms, local temporal variations, 

and I/Q dynamic structures in mixed signals.  

By contrast, although the model performance also de-

clines after removing the frequency-domain branch or the 

energy-sensing branch, it remains noticeably better than 

that of the variant without the time-domain branch. When 

the modulation-characteristics branch is removed, the F1-

score ranges from 61.75% to 69.09%, showing a clear 

overall degradation. This demonstrates that the modula-

tion-domain branch plays an important role in preserving 

I/Q phase relationships and enhancing modulation-pattern 

representation. 

(2) Ablation Study on CSTA 

This experiment investigates whether the proposed 

CSTA mechanism enhances feature disentanglement and 

improves recognition robustness for overlapping mixed  
 

CSTA   

Acc (SNR = 0 dB) 80.48% 64.19% 

Acc (SNR = 5 dB) 79.26% 64.30% 

Acc (SNR = 10 dB) 80.46% 66.82% 

Acc (SNR = 15 dB) 84.35% 74.67% 

Acc (SNR = 20 dB) 89.11% 80.57% 

Acc (SNR = 25 dB) 92.56% 84.89% 

Acc (SNR = 30 dB) 96.85% 86.25% 

Tab. 12.  Ablation study results of the CSTA. 

 

Fig. 14. Accuracy curves of CSTA ablation under different 

SNRs. 

signals. The full model is compared with a variant in which 

CSTA is removed, while all other components are kept 

unchanged.  

The results are summarized in Tab. 12 and Fig. 14. As 

shown in Tab. 12 and Fig. 14, incorporating CSTA con-

sistently improves recognition accuracy at all evaluated 

SNR levels. The gains are more pronounced at 0, 5, and 

10 dB, indicating that attention-based reweighting is par-

ticularly beneficial under low-SNR conditions, where inter-

ference is stronger and weak components are more easily 

suppressed.  

This observation supports the design motivation of 

CSTA: by adaptively emphasizing informative channel-

wise and spatiotemporal features while suppressing irrele-

vant activations, the model learns more discriminative 

representations for mixed signals. 

The corresponding F1-scores are reported in Tab. 13. 

Table 13 shows that the model with CSTA consistently 

outperforms the variant without CSTA under all SNR con-

ditions. As the SNR increases from 0 dB to 30 dB, the F1-

score of the model with CSTA rises from 80.20% to 

96.87%, whereas that of the model without CSTA increases 
 

CSTA   

F1-score (SNR = 0 dB) 80.20% 61.25% 

F1-score (SNR = 5 dB) 79.29% 62.44% 

F1-score (SNR = 10 dB) 80.44% 62.97% 

F1-score (SNR = 15 dB) 84.37% 68.88% 

F1-score (SNR = 20 dB) 89.10% 75.30% 

F1-score (SNR = 25 dB) 92.57% 78.29% 

F1-score (SNR = 30 dB) 96.87% 81.43% 

Tab. 13.  Ablation study results of the CSTA. 
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only from 61.25% to 81.43%. These results indicate that 

CSTA can stably enhance recognition performance under 

varying noise conditions. More specifically, the gain intro-

duced by CSTA is particularly evident under low-SNR 

conditions. For example, at 0 dB, incorporating CSTA 

improves the F1-score by 18.95 percentage points; even at 

30 dB, it still yields an improvement of 15.44 percentage 

points. This demonstrates that CSTA not only strengthens 

the extraction of weak yet informative features but also 

improves model robustness in complex noise environ-

ments.  

Overall, the results verify the effectiveness of CSTA 

in feature enhancement and discriminative information 

modeling. 

(3) Ablation Study on BiLSTM 

This experiment investigates the necessity of the 

BiLSTM module for capturing temporal dependencies in 

mixed-signal recognition. To this end, BiLSTM is replaced 

with a temporal pooling layer followed by fully connected 

layers, while FD-MCNN and CSTA are kept unchanged. 

The results are reported in Tab. 14 and Fig. 15. 

As shown in Tab. 14 and Fig. 15, removing the 

BiLSTM degrades recognition accuracy across all SNR 

levels, confirming that explicit temporal modeling contrib-

utes substantially to performance improvement.  

The advantage of BiLSTM is more pronounced at 

high SNR levels (20, 25, and 30 dB), suggesting that bidi-

rectional contextual modeling helps distinguish mixed 

modulation patterns by exploiting longer-range temporal 
 

BiLSTM   

Acc (SNR = 0 dB) 80.48% 66.38% 

Acc (SNR = 5 dB) 79.26% 69.59% 

Acc (SNR = 10 dB) 80.46% 68.27% 

Acc (SNR = 15 dB) 84.35% 70.04% 

Acc (SNR = 20 dB) 89.11% 72.80% 

Acc (SNR = 25 dB) 92.56% 76.25% 

Acc (SNR = 30 dB) 96.85% 81.77% 

Tab. 14.  Ablation study results of the BiLSTM. 

 

Fig. 15. Accuracy curves of BiLSTM ablation under different 

SNRs. 
 

BiLSTM   

F1-score (SNR = 0 dB) 80.20% 61.40% 

F1-score (SNR = 5 dB) 79.29% 62.67% 

F1-score (SNR = 10 dB) 80.44% 62.96% 

F1-score (SNR = 15 dB) 84.37% 65.34% 

F1-score (SNR = 20 dB) 89.10% 68.67% 

F1-score (SNR = 25 dB) 92.57% 72.34% 

F1-score (SNR = 30 dB) 96.87% 77.39% 

Tab. 15.  Ablation study results of the BiLSTM. 

dependencies. This capability is particularly important in 

mixed-signal scenarios, where instantaneous features alone 

may be insufficient because of interference, noise, and 

partial masking. 

The corresponding F1-scores are listed in Tab. 15. 

Table 15 shows that the model with BiLSTM consistently 

outperforms the variant without BiLSTM under all SNR 

conditions. As the SNR increases from 0 dB to 30 dB, the 

F1-score of the model with BiLSTM improves from 

80.20% to 96.87%, whereas that of the model without 

BiLSTM increases only from 61.40% to 77.39%. This 

indicates that the BiLSTM module effectively enhances the 

overall recognition capability of the model. 

Across different SNR conditions, the performance 

gain brought by BiLSTM remains consistently significant. 

At 0 dB, incorporating BiLSTM improves the F1-score by 

18.80 percentage points, while at 30 dB the improvement 

further reaches 19.48 percentage points. These results 

demonstrate that BiLSTM can effectively exploit both 

forward and backward contextual information to model 

temporal dependencies in mixed signals, thereby improv-

ing the discriminative capability of the model for different 

modulation components.  

Overall, the BiLSTM module plays a crucial role in 

enhancing mixed-signal recognition performance, which 

verifies its effectiveness in temporal dependency modeling. 

(4) Summary of Findings 

Overall, the ablation results consistently demonstrate 

that all three components contribute positively to the final 

performance.  

The four-branch FD-MCNN provides complementary 

multi-domain information, CSTA enhances discriminative 

feature representation and robustness under noise, and 

BiLSTM further improves recognition by modeling tem-

poral dependencies. These findings jointly validate the 

design rationale of FD-MCNN-BiLSTM and help explain 

its superior performance over TMCCNN, LDRSN, and 

CNN-LSTM in the main experiments. 

5. Conclusion 

This paper presents FD-MCNN-BiLSTM, a hierar-

chical recognition framework for mixed signals. By sys-

tematically extracting and fusing time-domain, frequency-

domain, modulation characteristics, and energy cues, the 
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proposed method enables layered identification of domi-

nant and weak components in realistic mixtures. The key 

novelty lies in the FD-MCNN coupled with a BiLSTM for 

temporal dependency modeling, while the CSTA mecha-

nism further strengthens feature disentanglement and 

weak-signal sensitivity under masking effects. 

Experimental results on a self-constructed mixed-

signal dataset verify the effectiveness of the proposed 

model. Compared with TMCCNN, LDRSN and CNN-

LSTM, FD-MCNN-BiLSTM achieves higher recognition 

accuracy at different SNR conditions (0, 5, 10, 15, 20, 25, 

30 dB), demonstrating consistent improvements across 

medium-to-high SNR regimes and enhanced robustness 

under mixed and overlapping conditions.  

Overall, these findings indicate that multi-domain fea-

ture disentanglement combined with hierarchical strong-to-

weak recognition is a practical and reliable strategy for 

modulation recognition, with meaningful implications for 

spectrum sensing and intelligent receivers in interference-

rich electromagnetic environments. 

Despite the encouraging performance, several limita-

tions remain. First, the current evaluation is conducted on 

the constructed dataset and the considered mixture settings; 

generalization to broader channel conditions (e.g., fading 

diversity, carrier frequency offsets, sampling-rate mis-

match, and receiver nonidealities) requires further verifica-

tion. Second, the multi-column architecture and attention 

modules introduce additional computational overhead, 

which may hinder real-time deployment on resource-

constrained platforms. Third, the weak-signal enhancement 

strategy could be further improved for extremely low-SNR 

cases or mixtures involving more than two concurrent 

components. 

Future work will focus on (i) extending the frame-

work to multi-source mixtures and more diverse waveform 

families, (ii) improving robustness via domain adaptation 

and self-/semi-supervised learning with limited labels, 

(iii) explicitly modeling practical impairments for field de-

ployment, and (iv) reducing complexity through light-

weight design and pruning/quantization for real-time im-

plementation. 
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