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 This paper proposes an automatic modulation classification (AMC) 

framework that combines STFT spectrograms, a custom four-block 

ResNet, and Particle Swarm Optimization (PSO) for hyperparameter 

tuning. Its main contribution is the end-to-end integration of meta-

heuristic optimization, systematic ablation analysis, and explicit 

evaluation under both AWGN and Rayleigh fading channels, which 

has not been jointly addressed in earlier STFT-ResNet studies. 

The framework classifies six digital modulation schemes: ASK, PSK, 

FSK, QASK, QPSK, and QFSK. PSO was chosen instead of grid 

search and Bayesian optimization because it can efficiently handle the 

mixed discrete-continuous search space, including learning rate and 

batch size, without requiring gradient information. It also achieved 

convergence within only ten iterations. 

A balanced synthetic dataset of 6,000 samples was generated, with 

1,000 samples per modulation class and 1,024 time-domain points per 

sample at a sampling frequency of 100 kHz. Although the dataset is 

synthetic, the authors acknowledge that validating the approach on 

over-the-air datasets such as RadioML 2016/2018 remains important 

future work. 

Five-fold cross-validation and ablation experiments show that the 

STFT representation improves accuracy by 9.6 percentage points, 

while PSO provides an additional statistically significant gain of 3 

percentage points over a spectrogram-only baseline. The proposed 

model achieves 98.3% accuracy at 0 dB SNR in an AWGN channel 

across six tested SNR levels. Under Rayleigh fading, it reaches an 

unweighted average accuracy of 91.5%, improving from 81.2% at 0 

dB to 97.5% at 25 dB, demonstrating strong robustness in noisy and 

fading conditions. 
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1. Introduction 
Digital modulation is a process that enables the 

transmission of digital data through a carrier signal 

by varying the amplitude, frequency, or phase of a 

carrier waveform. Traditional feature-based 

methods lose accuracy under noise and channel 

impairments [1]. Deep learning has emerged as a 

powerful alternative for automatic modulation 

classification (AMC), but existing work tends to 

evaluate each component in isolation. 

Several recent studies have advanced AMC using 

neural architectures. Ouamna et al. [3] propose an 

InceptionResNetV2-TA method for non-

cooperative signal identification. Clement et al. [4] 

present a hybrid CLDNN model for 5G and beyond 

networks. Zhang et al. [5] employ a dual-stream 

CNN-LSTM structure. Hanna et al. [6] combine 

signal processing with deep learning in a dual-path 

network. Ansari et al. [7] use genetic-algorithm-

optimized machine learning models. Suman and 
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Qu [8] propose LightAMC, a lightweight residual 

shrinkage network. Pathak and Bajaj [9] introduce 

a parallel multichannel framework for MIMO 

systems. El-Haryqy et al. [10] apply additive 

attention with CNN. Nisar et al. [11] use Squeeze-

and-Excitation residual blocks for lightweight 

AMC. 

While these works achieve strong individual 

results, none jointly evaluate: (i) spectrogram-

based time-frequency input, (ii) residual network 

classification, (iii) meta-heuristic hyperparameter 

optimization, (iv) ablation quantifying each 

component's contribution, (v) k-fold cross-

validation for generalization assessment, and (vi) 

Rayleigh fading robustness. The present paper 

addresses this gap by providing the first systematic 

framework that integrates all six evaluation axes 

for six-class AMC. 
 

Figure 1. FSK and QFSK modulation process and effect of AWGN noise (SNR = 0 dB). 

 

The novelty of this work is not in applying PSO or 

STFT individually—both have precedents—but in 

demonstrating, through controlled ablation, that 

their combination yields statistically significant 

improvements (p = 0.008) over each component 

used alone, and in extending the evaluation to a 

Rayleigh fading scenario that is rarely reported in 

spectrogram-based AMC literature. 
 

 

Figure 2. PSK and QPSK modulation process and effect of AWGN noise (SNR = 0 dB). 
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PSO was chosen for hyperparameter tuning over 

grid search and Bayesian optimization for the 

following reasons: (1) the search space is mixed 

discrete–continuous (learning rate is continuous; 

batch size is discrete), which PSO handles natively 

without discretization heuristics; (2) PSO 

converges in O(particles × iterations) evaluations, 

compared to  |  | O B LR grid for exhaustive 

grid search; (3) prior work on neural network AMC 

[7] has demonstrated PSO's effectiveness in similar 

settings. Bayesian optimization is a viable 

alternative and is acknowledged as future work. 

 

 
Figure 3. ASK and QASK modulation process and effect of AWGN noise (SNR = 0 dB). 

 

Figure 4. Spectrogram of FSK and QFSK modulations. 

 

The classifier is a custom four-block ResNet (64, 

128, 256, 512 filters per block), not ResNet-18 or 

ResNet-50. The architecture is described fully in 

Section 3.3. The six modulation classes include 

two less common types: QASK (quadrature 

amplitude shift keying with jointly varying 

amplitude and phase, generalized from ASK) and 

QFSK (quadrature FSK employing four discrete 

frequency levels, generalized from binary FSK). 

Their signal models are given in Section 2.1. 

The main contributions are: (1) an end-to-end 

STFT–ResNet–PSO pipeline for six-class AMC; 

(2) a rigorously controlled dataset with stratified 

70/15/15 split and SNR testing from 0–25 dB; (3) 

PSO-based joint tuning of learning rate and batch 

size, with justification of PSO over alternatives; (4) 

new simulations under a two-path Rayleigh fading 

channel to assess real-world robustness; (5) 

ablation study and paired t-test confirming 

statistical significance of each component. 
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2. Digital Modulations and Time-Frequency 

Representation 

2.1. Signal Models 

Six modulated signal models are defined below. 

ASK varies the carrier amplitude across discrete 

levels, while FSK encodes information in discrete 

instantaneous frequencies and PSK encodes it in 

discrete phase shifts. QASK generalizes ASK by 

allowing both amplitude and phase to vary jointly, 

producing a multi-level quadrature constellation. 

QFSK generalizes binary FSK by employing four 

discrete instantaneous frequencies, encoding two 

bits per symbol (22 = 4 states) and thereby 

increasing spectral efficiency. QPSK is a special 

case of PSK that uses four discrete phase states 

separated by 90°: 

(1) ( ) cos(2 )ASK m cs t A f t    

(2) ( ) cos(2 ), {0,1}FSK is t A f t i     

(3) ( ) cos(2 ), {0,1}PSK c is t A f t i     

(4) ( ) cos(2 )QASK m c ms t A f t    

(5) ( ) cos(2 )QFSK ms t A f t    

(6) ( ) cos(2 ), {0 ,90 ,180 ,270 }QPSK c m ms t A f t          

where A and mA  are the carrier and message 

amplitudes; cf  is the carrier frequency; if  and mf  

are data-dependent frequencies;  , i , m are 

phase terms.

 

 
Figure 5. Spectrogram of PSK and QPSK modulations. 

 

 
Figure 6. Spectrogram of ASK and QASK modulations. 

 

The received signal under AWGN is: 
(7) 2( ) ( ) ( ), ( ) (0, )r t s t n t n t N    

Under a Rayleigh fading channel, the received 

signal becomes: 
(8) ( ) ( ) ( ) ( )fr t h t s t n t    
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where h(t) is the complex Rayleigh fading 

coefficient and ∗ denotes convolution. The two-

path channel model is configured with the 

following parameters: path delays τ = [0, 3 μs], 

path gains g = [0, −6] dB (corresponding to a linear 

power ratio of 1:0.25), and a maximum Doppler 

shift of fD = 50 Hz, which corresponds to a vehicle 

speed of approximately 30 km/h at a carrier 

frequency of 1 GHz. This configuration is 

representative of urban pedestrian–vehicular 

mobility scenarios. 

Visualization at 0 dB SNR (Figures 1–3) was 

selected because it represents the most challenging 

operating condition examined in this study. At 

higher SNR levels, channel effects become 

increasingly transparent and the inter-class 

discriminability of spectrograms becomes visually 

apparent. The 0 dB condition therefore provides 

the most informative illustration of how STFT-

derived spectrograms retain modulation-class-

specific structure under severe noise. 

 

2.2. Short-Time Fourier Transform and 

Justification 

The Short-Time Fourier Transform (STFT) is used 

to generate spectrograms from modulated signals. 

For continuous and discrete signals, it is expressed 

as: 

(9) ( ', ) ( ) ( ') exp( 2 )X t f x t w t t j ft dt



    

(10) ( , ) [ ] [ ]exp( 2 )
m

X n f x m w m n j nm



    

In 9, ( ')w t t  is the window function and 't  is a 

variable that shifts the window relative to the 

waveform x(t). This shift allows us to obtain the 

frequency information of the signal over time. The 

input signal x(t) is divided into small time 

segments, and then a window of a certain size is 

selected for each segment. Subsequently, the 

Fourier transform is calculated for each segment to 

extract its frequency characteristics. 

The process of preparing a spectrogram involves 

dividing the signal into small time windows (with 

overlap) and performing a Fourier transform on 

each segment. This transform transfers the signal 

from the time domain to the frequency domain, and 

finally, by sampling in the frequency domain, the 

spectrogram is obtained as a time-frequency matrix 

that displays the magnitude variations of the 

function described in 11: 

(11) 
1

0
( , ) [ ] [ ]exp( 2 / )

N

m
X n k x m w m n j km N




    

STFT was preferred over alternatives such as the 

Wavelet Transform (WT), Wigner–Ville 

Distribution (WVD), and Choi–Williams 

Distribution (CWD) for three reasons. First, STFT 

produces a non-negative, rectangular time–

frequency grid that maps directly to a standard 2-D 

image tensor, simplifying input normalization for 

ResNet without cross-term artifacts. Second, WVD 

and CWD suffer from cross-term interference 

between signal components that can degrade inter-

class discrimination for multi-level modulations 

such as QASK and QFSK. Third, STFT is 

computationally efficient  (   O N log N per 

frame) and widely used as a baseline in AMC 

literature [3], [5], facilitating reproducibility and 

fair comparison. Wavelet-based spectrograms are 

acknowledged as a promising extension, 

particularly for non-stationary or wideband signals, 

and are listed as future work [12]. 

 

2.3. Spectrogram Generation Results 

Spectrograms were computed with a 128-point 

Hamming window and 50% overlap, producing a 

64×64 time–frequency image (resized from the raw 

STFT output) fed as a single-channel input to 

ResNet. The SNR of 0 dB was used for 

visualization to highlight class-discriminative 

features under the most challenging conditions 

examined (see Section 2.1 for rationale). 

The spectrogram of FSK modulation (Figure 4) 

displays two distinct horizontal frequency bands 

that alternate over time, corresponding to the 

binary frequency transitions. This creates a two-

striped pattern that is qualitatively unique among 

the six classes: unlike PSK, whose energy remains 

confined to a single band (with short-duration 

phase-transition transients visible as brief spectral 

broadening), and unlike QFSK, which produces 

four bands rather than two. The key discriminative 

feature of FSK is therefore the presence of exactly 

two narrow, time-continuous horizontal bands. 

QFSK (Figure 4) shows four distinct horizontal 

frequency bands with rapid switching, yielding 

higher spectral occupancy and shorter per-symbol 

dwell time than FSK. The increased number of 

bands and the more rapid temporal variation are the 

primary features that separate QFSK from FSK in 

the learned representation. 

PSK (Figure 5) concentrates energy in a single 

narrow frequency band, but exhibits brief, 

broadened spectral excursions at symbol 

transitions where the instantaneous phase change 

causes momentary bandwidth expansion. QPSK 

displays similar behavior with more frequent 

transitions per unit time due to its higher symbol 

rate, producing a denser pattern of transient 

spectral broadenings. 

ASK (Figure 6) exhibits amplitude modulation as 

vertical variation in spectral intensity at a fixed 

carrier frequency: high-amplitude symbols appear 
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as bright (high-energy) segments and low-

amplitude symbols as dark (low-energy) segments 

along the carrier frequency line. QASK combines 

this amplitude variation with phase variation, 

producing a richer energy distribution across both 

amplitude and phase dimensions and a more 

diffuse spectral pattern relative to ASK. The joint 

amplitude–phase variation is the primary reason 

QASK is the most difficult class for the classifier 

at low SNR. 

3. Proposed Method 

This research presents a framework for digital 

modulation recognition based on the ResNet deep 

neural network and the PSO algorithm. As 

illustrated in Figure 7, the overall pipeline consists 

of three stages: (1) signal generation and AWGN 

channel simulation, (2) STFT spectrogram 

extraction, and (3) ResNet classification with PSO-

based hyperparameter tuning. 

 

 
Figure 7. Block diagram of the proposed method. 

 

3.1. Dataset and Channel Simulation 

A balanced synthetic dataset of 6,000 samples was 

generated: 1,000 per class, each consisting of 1,024 

time-domain points at fs = 100 kHz, fc = 10 kHz. 

Stratified splitting yields 4,200 training, 900 

validation, and 900 test samples (70/15/15). 

AWGN is applied at SNR ∈ {0, 5, 10, 15, 20, 

25} dB. No overlap was introduced between 

partitions. Generalizability to real over-the-air 

(OTA) signals is a known limitation of synthetic 

datasets; benchmarking on RadioML 2016.10a and 

RadioML 2018.01a is planned as a priority next 

step.  

For the Rayleigh fading scenario, a two-path model 

(delays τ = [0, 3 µs]; gains = [0, −6] dB; 

fD = 50 Hz) is added on top of AWGN using 

MATLAB’s Rayleigh-channel object. The same 

6,000 samples are re-passed through the fading 

channel before classification.  

 

3.2. Spectrogram Extraction 

A random binary sequence is generated and 

modulated using one of the six schemes. AWGN is 

added at the specified SNR level. For each signal, 

the STFT is computed with a 128-point Hamming 

window and 50% overlap. The resulting 

spectrogram is resized to 64×64 and treated as a 

single-channel image [3],[12]. 

 

3.3. ResNet Architecture 

The classifier is a custom four-block ResNet, 

distinct from the standard ResNet-18 and ResNet-

50 architectures [13-18]. It comprises four residual 

blocks with filter counts of 64, 128, 256, and 512. 

Each block applies batch normalization, ReLU 

activation, and a skip connection that matches 

channel dimensions with a 1×1 projection 

convolution when the number of filters changes. 

Global average pooling reduces spatial dimensions 

to 512×1; two fully connected layers (512 → 128 

→ 6) with Dropout (p = 0.4) and Softmax output 

follow. The dropout rate was set to 0.4 (up from an 

initial 0.3) based on ablation experiments that 

showed improved validation loss convergence. 

 

3.4. PSO Hyperparameter Optimisation 

The PSO algorithm tunes two hyperparameters: 

learning rate η ∈ [10⁻⁴, 10⁻²] (continuous) and batch 

size B ∈ {16, 32, 64} (discrete). PSO was chosen 

over grid search because the combined search 

space has 3 × (grid resolution for η) evaluations for 

grid search versus 10 iterations × 20 particles = 200 

evaluations for PSO—a comparable cost with 

adaptive focusing (multiplication signs shown as 

×). PSO outperforms random search by exploiting 

swarm memory to concentrate evaluations in 



Automatic Digital Modulation Classification Using STFT Spectrograms,Residual Networks, and PSO-Based Hyperparameter 

Optimization 

promising regions. Bayesian optimization is an 

alternative; however, its surrogate model overhead 

and implementation complexity were judged 

disproportionate for a two-dimensional search 

space. The optimal values found were: η* = 0.0015, 

B* = 32 (Figure 8). 

 

 
Figure 9. Training and validation loss convergence. 

 

 
Figure 8. PSO convergence diagram. 

 

4. Experimental Results 

All experiments run on MATLAB 2023a, Intel 

Core i7-7400, 8 GB RAM. 

 

4.1. Evaluation Metrics 

To evaluate the proposed method, we used the 

criteria of accuracy, precision, recall and F1-score 

[19]. 

A) Accuracy in classification models 

indicates the ratio of correct predictions to total 

predictions and expresses the accuracy of the 

model's performance: 

(12)    /Accuracy TP TN TP TN FP FN      

B) Precision shows the percentage of the 

model's positive predictions that were actually 

correct and is particularly important in problems 

with imbalanced data: 

(13)  /Precesion TP TP FP   

C) Recall indicates the model's ability to 

correctly identify all actual instances of a particular 

class: 

(14)    /Recall TP TP FN   

D) F1-Score is an evaluation metric in 

machine learning that computes the harmonic mean 

of precision and recall: 

(15)    1 2
Precession Recall

F
Precession Recall





 

where TP, TN, FP, and FN denote true positive, 

true negative, false positive, and false negative, 

respectively. 

 

4.2. Training Curve 

Figure 9 shows the neural network training 

diagram, illustrating the convergence of training 

and validation loss over epochs. The model 

converges smoothly without overfitting, 

confirming that the PSO-tuned hyperparameters 

(learning rate = 0.0015, batch size = 32) yield a 

well-calibrated training process over 100 epochs. 

 

4.3. Cross-Validation (AWGN) 

To ensure reliability and prevent overfitting to a 

single split, 5-fold cross-validation was applied to 

the training data. Table 1 reports the average 
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accuracy and standard deviation across folds at 

different SNR levels. These results suggest that the 

model’s performance is stable on the synthetic 

dataset and that the learned representation 

generalizes well across the considered folds. 

 
Table 1. 5-Fold Cross-Validation Results (AWGN). 

SNR (dB) Accuracy (%) F1-score (%) Std Dev 

0 97.8 97.5 ±0.9 

5 98.6 98.4 ±0.7 

10 99.3 99.2 ±0.4 
15–25 99.5 99.4 ±0.2–0.3 

 

4.4. Confusion Matrix (AWGN, 0 dB SNR) 

Table 2 shows the confusion matrix of the proposed 

classifier on the held-out test set at 0 dB SNR, in 

agreement with the per-class results reported in 

Table 3. The classifier achieves 100% recall for 

FSK, QFSK, PSK, QPSK, and ASK, while QASK 

achieves 90% recall, with 15 out of 150 samples 

being misclassified. Most of these errors are 

assigned to ASK and QPSK, indicating partial 

spectral overlap under severe noise. The high 

performance at low SNR is mainly due to the 

ability of STFT spectrograms to preserve 

modulation-dependent time-frequency structures, 

enabling the ResNet model to distinguish most 

classes reliably even in noisy conditions. In 

particular, FSK and QFSK remain highly separable 

because of their characteristic frequency-bin 

energy distributions, while PSK, QPSK, and ASK 

also show distinctive spectral patterns. The lower 

performance of QASK is attributed to the joint 

variation of amplitude and phase, which leads to 

greater similarity with other quadrature-based 

modulations under noise. Overall, the model 

achieves 98.3% accuracy at 0 dB SNR, although 

this result should be interpreted within the 

controlled synthetic AWGN setting adopted in this 

section. 

 
Table 2. Confusion Matrix, AWGN, 0 dB SNR (900 test 

samples). 
True \ 

Pred 

FS

K 

QFS

K 

PS

K 

QPS

K 

AS

K 

QAS

K 

Recall 

(%) 

FSK 15

0 

0 0 0 0 0 100.0 

QFSK 0 150 0 0 0 0 100.0 

PSK 0 0 15

0 

0 0 0 100.0 

QPSK 0 0 0 150 0 0 100.0 

ASK 0 0 0 0 150 0 100.0 

QASK 0 0 0 6 9 135 90.0 
Prec. 10

0 

100 10

0 

96.2 94.

3 

100 Overall=9

8.3% 

 

4.5. Per-Class Accuracy vs. SNR (AWGN) 

The detection accuracy of the model for six types 

of digital modulation is analyzed and examined at 

various signal-to-noise ratios. Table 3 shows the 

model's accuracy for each modulation class at 

different SNR ratio values from 0 dB to 25 dB. 

The model's detection accuracy for various 

modulations has been examined at different signal-

to-noise ratio values. The model demonstrated 

100% accuracy in identifying FSK, QFSK, PSK, 

QPSK, and ASK modulations across all signal-to-

noise ratio values from 0 to 25 dB. For QASK 

modulation, the detection accuracy at low signal-

to-noise ratios (0 and 5 dB) was 90%, but at higher 

signal-to-noise ratio values, the accuracy reached 

97%. The overall average accuracy of the model 

was 99%, indicating very good performance and 

high generalizability in various noisy conditions. 

 
Table 3. Per-Class Accuracy (%) — AWGN Channel. 
Class 0 

dB 

5 

dB 

10 

dB 

15 

dB 

20 

dB 

25 

dB 

Avg. 

FSK 100 100 100 100 100 100 100.0 
QFSK 100 100 100 100 100 100 100.0 

PSK 100 100 100 100 100 100 100.0 
QPSK 100 100 100 100 100 100 100.0 

ASK 100 100 100 100 100 100 100.0 

QASK 90 90 95 95 97 97 94.0 
Avg. 98.3 98.3 99.2 99.2 99.5 99.5 99.0 

 

4.6. Performance under Rayleigh Fading  

To address real-world deployability—a key gap 

identified during peer review—the framework was 

evaluated under a two-path Rayleigh fading 

channel (fD = 50 Hz) combined with AWGN. 

Fading introduces amplitude variations and inter-

symbol interference, substantially increasing 

classification difficulty. Table 4 reports the results. 

Accuracy drops to 81.2% at 0 dB but recovers to 

97.5% at 25 dB (average 91.5%). QASK remains 

the hardest class (avg. 79.0%) due to its joint 

amplitude-phase sensitivity. FSK and ASK benefit 

from spectrally stable patterns, achieving ≥94% 

average accuracy. 

 
Table 4. Per-Class Accuracy (%), Rayleigh Fading + 

AWGN. 
Class 0 

dB 

5 

dB 

10 

dB 

15 

dB 

20 

dB 

25 

dB 

Avg. 

FSK 85.3 89.1 95.2 98.1 98.5 99.0 94.2 

QFSK 84.1 88.5 94.6 97.4 98.1 98.8 93.6 
PSK 86.5 90.2 96.1 98.5 99.0 99.2 94.9 

QPSK 82.0 86.4 92.0 95.5 96.2 97.1 91.5 

ASK 88.2 92.0 97.5 99.1 99.4 99.5 96.0 
QASK 61.0 68.5 79.4 85.2 88.5 91.4 79.0 

Avg. 81.2 85.8 92.5 95.6 96.6 97.5 91.5 

 
Table 5. Ablation Study — Accuracy (%) at 0 and 10 dB 

SNR. 
Configuration 0 dB 10 dB 

Spectrogram + ResNet (fixed HP) 95.2 97.8 
Raw I/Q  + ResNet + PSO 88.7 94.1 

Spectrogram + ResNet + PSO (Proposed) 98.3 99.2 

 

4.7. Ablation Study 

Table 5 isolates the contribution of each 

component. Removing PSO reduces accuracy by 
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≈3 pp at 0 dB. Replacing spectrograms with raw 

I/Q causes a ≈9.6 percentage-point drop, 

confirming that the time-frequency representation 

is the dominant factor. 

4.8. Statistical Significance 

A paired t-test across 5 cross-validation folds at 0 

dB SNR yields t = 4.87 and p = 0.008 (< 0.05). 95% 

CI for accuracy improvement: [1.4%, 4.6%], 

confirming PSO-based tuning provides a 

statistically significant benefit. 

 

4.9. Comparison with State-of-the-Art 

Table 6 compares the proposed method with 

representative state-of-the-art approaches. It 

should be noted that this comparison may not be 

entirely fair: the compared methods were evaluated 

on different datasets, under different channel 

conditions, and with different experimental 

protocols. Numerical differences should therefore 

be interpreted as indicative rather than conclusive. 

 
Table 6. Comparison with State-of-the-Art Methods. 

Refere

nce 

Method Channel High 

SNR 

Acc. 

Low 

SN

R 

Acc. 

Propos

ed 

ResNet+PSO+Spect

rogram 

AWGN 99.5

% 

98.3

% 

Propos
ed 

ResNet+PSO+Spect
rogram 

Rayleigh+A
WGN 

97.5
% 

81.2
% 

[20] Combinatorial DL AWGN 94.39

% 

93.0

% 
[21] CNN-based AMC AWGN 93.5

% 

92.0

% 

 

5. Conclusion 

This paper presented an AMC framework 

combining STFT spectrograms, a custom four-

block ResNet, and PSO-based hyperparameter 

tuning. The ablation study confirmed that STFT 

spectrograms are the dominant component 

(+9.6 pp over raw I/Q), while PSO-based tuning 

adds a statistically significant +3 pp improvement 

(p = 0.008). The proposed system achieves 98.3% 

accuracy at 0 dB SNR under AWGN, tested across 

SNR levels of 0, 5, 10, 15, 20, and 25 dB. 

Evaluation under a two-path Rayleigh fading 

channel (fᴅ = 50 Hz; delays [0, 3 µs]; gains [0, 

−6] dB) demonstrates robust generalization, 

achieving 91.5% unweighted average accuracy 

(ranging from 81.2% at 0 dB to 97.5% at 25 dB). 

Limitations include reliance on a synthetic dataset, 

which may not fully capture real OTA channel 

variability. Future work will: (i) benchmark on 

RadioML 2016.10a and RadioML 2018.01a; (ii) 

compare PSO with Bayesian optimization; (iii) 

extend the framework to higher-order modulations 

and MIMO systems; (iv) explore wavelet-based 

time–frequency representations as an alternative to 

STFT. 
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 .x x x xسال  ،xشماره  ،کاویمجله هوش مصنوعی و داده                                                                                                            احمد هادی  زینلی و

 

و  ماندهیباق یها، شبکهSTFT ینگارهافیبا استفاده از ط تالیجید ونیخودکار مدولاس یبندطبقه

  PSOبر  یمبتن یفراپارامتر یسازنهیبه

 

  1،2محمد احمد هادی و*،1،2منصور زینلی

 ن.راینجف آباد، ا ،یآزاد اسلام دانشگاه ،برق، واحد نجف آباد یگروه مهندس 1

 . رانینجف آباد، ا ،ی، واحد نجف آباد، دانشگاه آزاد اسلامنیماش یینایب و تالیجیپردازش د قاتیمرکز تحق 2

 10/07/2026 پذیرش؛ 06/06/2026 بازنگری 04/10/2025 ارسال

 چکیده:

و  یچهاربلوک ResNet یمدل سفارش کی، که اسپکتروگرام کندیم یمعرف (AMC) ونیخودکار نوع مدولاس صیتشخ یچارچوب برا کیمقاله  نیا

 یسازنهیبه یکپارچهی بیمقاله، ترک یاصل یکرده است. نوآور بیمدل با هم ترک یپارامترها میتنظ یرا برا (PSO) ازدحام ذرات یسازنهیبه تمیالگور

 ResNetو  STFTبر  یمبتن یقبل یهاکه در پژوهش یبیاست؛ ترک یلرای و شونده¬جمع زینو یهامدل در کانال یابیو ارز شیافرس لیتحل ،یفراابتکار

دهد.  صیرا تشخ QFSKو  ASK ،PSK ،FSK ،QASK ،QPSK تالیجید ونیشش نوع مدولاس تواندیچارچوب م نینشده بود. ا یزمان بررسطور همبه

گسسته و  یپارامترها یِبیترک یوجوجست یفضا تواندیاند، چون مانتخاب کرده یزیب یسازنهیو به یاشبکه یوجوجست یجارا به PSO سندگانینو

 کیمدل،  شیآزما یبرا برسد. ییکند و تنها در ده تکرار به همگرا تیریمد انیبه اطلاعات گراد ازیو اندازه قطعات، را بدون ن یریادگیمثل نرخ  وسته،یپ

 100 یبردارنقطه در حوزه زمان و فرکانس نمونه 1024نمونه، با  1000 ونیهر نوع مدولاس ینمونه )برا 6000و متعادل شامل  یمصنوع تاستید

 شیواحد درصد افزا ۹.6 ادقت ر STFT شیانجام گرفته نشان داد که استفاده از نما یهاشیو آزما ییتاپنج یاعتبارسنج جی( ساخته شد. نتالوهرتزیک

 شونده¬جمع زیدر کانال نو یشنهادی. مدل پکندیم جادیدرصد بهبود معنادار ا ۳بر اسپکتروگرام،  یفقط مبتن یهیهم نسبت به مدل پا PSOو  دهدیم

 در ٪۹7.5به  بلدسی صفر در ٪۸1.2 از دقت و بود ٪۹1.5دقت آن  نیانگیم زین یلی. در کانال رادرسی ٪۹۸.۳به دقت  بلیبرابر با صفر دس SNR در و

 مقاوم نشان داد. اریبس یعملکرد یو محوشدگ یزینو طیمدل در شرا نیکرد؛ بنابرا دایپ شیافزا بلدسی 25

 .یگوس زینو ،یلیرا ،اسپکتروگرام ،ونیمدولاس :یدیکل کلمات


