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A TCN-Based Modulation Signal Recognition Algorithm for USRP
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Abstract: To address the low recognition rates due to the insufficient utilization of original signal timing
information in automatic modulation recognition (AMR), this paper proposes a signal pattern recognition
algorithm based on frequency domain denoising and temporal convolutional networks (TCN). Experiments
are conducted using the standard dataset RML2016.10a, and a frequency domain denoising module
(FDDM) is introduced to effectively suppress environmental noise. The I/Q components of the signal are
converted into A/P components, followed by vector normalization to enhance stability. Finally, the
preprocessed signals are fed into the TCN network for classification recognition. Results indicate that this
algorithm achieves an average recognition rate higher than those of models such as gated recurrent unit
(GRU), convolutional long short-term memory (LSTM) , memory-cost-efficient convolutional neural

network (MCNet) , cost-efficient hybrid deep learning network (CGDNet) , and denoising auto-encoder
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(DAE) when processing complex modulation schemes like 16 QAM and 64 QAM. Additionally,
validation using actual 1/Q data collected through the universal software radio peripheral (USRP)
demonstrates that the algorithm exhibits good robustness and application potential under additive white
Gaussian noise (AWGN) channels.

Key words: automatic modulation recognition (AMR); temporal convolutional network (TCN); frequency

domain denoising module (FDDM); pretreatment
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Table 1 Dataset parameters

pIE) e S RML2016.10 a
B H  BPSK, QPSK, 8 PSK, 16 QAM, 64 QAM ,CPFSK,GFSK,4PAM
A il s A FERLIE 6l : WBFM , XU 47 3 1% (Amplitude modulation-double sideband , AM-DSB),
PR PR (Amplitude modulation-single sideband , AM-SSB)
FEA S H/10° 220
KA /kHz 200
SR AE A B b HE i 25 /Hz 0.01
e IRAE A Am % /He 50
BB R B b E 25 /Hz 0.01
T R B i # /Hz 500
(ERELIF:N ) AH 43 1E 22 40 (1/ Q) [128, 2]
5 H L [l /dB [—20,—18,-,18]

FivE 3 P 2 A (Additive white Gaussian noise, AWGN) ,

(EBIEZR: e
3 7 22 7% (Rician) , it A1 32 75 (Rayleigh)

®2 LWlHESH

Table 2 Experimental training parameters

ARSCTA L H S BB E AR . Bl 6:2:2
CONRA BB RIRER SN F v Sp SR TIos: SRl B2 R o

" . o L LT FDDM-TCN
B (Epoch) 2k 150, 4t & K /)N (Batch size) & 400, B B4 H 6120
K FH AT REALAES T B Adam £ 1k &% , I 48 H Batch size 400
A UK B IR 2 3T 3 0.001, 45 Epoch 150
‘ R Adam
Zr 20 R S R . BRIRM TGS 1 Uy 2 > R 0.001

W2, IR Softmax
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Table 4 Parameters and experimental results of each model

S/ PR/ Il 2k Acc low [ Acc_high ¥
Fi 7 B B ‘ Acc_all/%
(FLOPs*Mb ™) (s*Epoch™) B /s SEPERBIR/ % SEERBIR/ %

GRU 151 179 38.02 9 31.59 87.03 59.31
LSTM 201 099 25.62 11 30.54 88.84 59.69
MCNet 121 611 1.11 8 30.98 83.39 57.19
CGNDet 124 676 213.5 11 30.35 85.87 58.11

DAE 15085 1.76 7 30.40 87.55 58.98

TCN 457 707 7.83 21 33.68 92.10 62.89

JRUE TCNBEB B S 80 T H AR (B RS 2% 8% O 7.83 FLOPs/MB, 4k F i 45 K-, 32
A RYAE 25 B R S B O [ I A3 PR A AR A 3T 5 G 4H . A, TON B BY iy 43 A S I 2R [6] 0 21 s,
F U AOR 5 5 ORIV RE I R AP, 38 5w 3UfE 5 AL BRAE 55«

PE— 25 or Hr s, TON B8 R 7 AR SNR {5 Rl A A% S 2391 550 5 I 35 v 7 LAl B0, 0 2 i 1
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Fig.8 Confusion matrix of each algorithm
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FDDM-TCN & 3% 76 & T it ip #4548 F B 4R TCN FDDM-TCN 33.68 92.10 62.89
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Table 5 Comparison of ablation experimental data
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