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Abstract: With the rapid development of modern communication technology, automatic modulation recognition (AMR)
has become increasingly important in spectrum resource management, and deep learning-based AMR methods have become
a current research hotspot due to their superior performance. To address the problems of insufficient multi-scale feature fu-
sion capability and the difficulty in balancing the effectiveness and complexity of feature tokenization under complex chan-
nel conditions in existing methods, this thesis proposed a modulation recognition method termed Res2-AMWP based on an
improved Res2Net and adaptive multi-scale window pooling. In the feature extraction stage, the improved Res2Net was ad-
opted to group features by channel and fuse them progressively, while the squeeze-and-excitation (SE) attention mechanism
was introduced to perform adaptive channel re-calibration. In the feature fusion stage, an adaptive multi-scale window pool-
ing (AMWP) module was proposed to transform multi-scale features into more discriminative token representations, and a
bidirectional long short-term memory network (BiLSTM) was employed to capture contextual dependencies among tokens.
The attention-based classification head further highlighted key token representations through an attention pooling mecha-
nism, and the final recognition results were obtained by fully connected layers. Experimental results on the public datasets
RadioML2016.10a, RadioML2016.10b, and RML22 demonstrated that Res2-AMWP achieved overall recognition accura-
cies of 63.51%, 65.36%, and 70.30%, respectively, outperforming multiple baseline methods by 1.01%~7.33%, 0.32%~
6.5%, and 0.75%~8.40% on the three datasets. Moreover, the model complexity remained at a relatively low level, achiev-
ing a good balance between accuracy and complexity.

Keywords: automatic modulation recognition; multi-scale feature fusion; feature tokenization; Res2Net; attention

mechanism; adaptive multi-scale window pooling
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Figure 4 Recognition accuracy of the Res2-AMWP model for different modulation signals
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Table 2 Summary of compared models.
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LSTM2 SR FH B S5 A 62 43 A SR i A P )28 LSTM AT e A6
AMC-Net BEHARSER AR 1/Q 155 25, I017 22 RUE B BRI FUS RHE J25 SR Transformer A5 #5017 I AR
WACN-T A4 VQ AR5 R1 43 Ry JR i g 11, LA BUR B 0 J il 1 12 8 0 A TR AE AR B, S R A 17 5 4 R 0 Py Mk At

ResNet 5 ABRZE L CNN AR 1VQ 55 HEAT I 2 MR AE $2 B

MCNet SRHIIAT YA XS R BUZAL 1 2 I AU LA 2 1VQ 1551 22 NUBE B 45 R DRARFAE, 38 o Bk BR3%E He il A5 7k 22 5 2,

PET-CGDNN i 1 2 U T AR O AR A HOG I 1/Q 15 5 AT AR O WAL HM, TR 2 i CNN+GRU T4 45 3R 2S I RFAE

OA 5 MA 5 51 &8 X o A 7 48 & T 1.019%~7.33% .
1.55%~10.60% . 7E RadioML2016.10b I~ , 145 %I 7F (I %
W L DX [E] 4 Ace . Macro-F1  Kappa =1~ 48 #5 43 7l HU 4%
T 0.32%~4.47% .0.28%~4.64% . 0.36%~4.96% 112 T},
TE AR MR L X R, R = AN FE A I B T4 BN
0.26%~9.11% .0.26%~9.31% .0.29%~10.13% , It 5} , OA
5 MA 23 H4E T+ T 0.329%~6.5% . 0.30%~8.89% . 1F

RML22 I, B AU 7E AR A Wt Bb X [8] P9 /9 Ace . Macro-F1
Kappa 73 51 $2 7} 0.94%~4.62% . 0.68%~5.29% . 1.04%~
5.08% ; 1 H e 45 M EL X R) Y, b 3 = 3048 A 4 i) 4R
Tt 0.519%~12.28% . 0.50%~12.36% . 0.56%~13.51% , OA
1, A0 B % b A R 42 T 0.75%~8.40% 5 MA R % PET-
CGDNN I i 0.07% 4b , A X H: 4x #5580 42 T+ 0.13%-~
13.13%.
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Table 3 Performance comparison of different models

el — SNR<0 dB SNR=0 dB oA/ | MA%
Acc/% | Macro-F1 | Kappa Acc/% | Macro-F1 | Kappa

MCLDNN 37.92 03975 | 03171 90.67 09024 | 08973 | 61.83 92.27

LSTM2 37.00 0.3822 | 0.3070 91.07 09066 | 0.9018 | 61.58 92.50

AMC-Net 38.85 04066 | 0.3274 91.13 09071 | 0.9024 | 62.50 | 92.00

RadioM1 2016.10 WACN-T 37.30 0.3830 | 0.3103 85.08 0.8450 | 0.8359 | 58.92 86.59

ResNet 37.35 0.3842 | 0.3109 90.18 0.8980 | 0.8920 | 61.34 | 9195

MCNet 35.12 03603 | 0.2863 81.35 08056 | 0.7948 | 56.18 83.45

PET-CGDNN 35.38 03655 | 0.2892 86.73 08632 | 0.8540 | 58.75 88.32

Res2-AMWP 39.29 0.4099 | 03322 92.82 09240 | 09210 | 63.51 94.05

MCLDNN 40.76 04140 | 03418 93.14 09265 | 09238 | 6444 | 93.73

LSTM2 41.05 04143 | 03450 93.40 09292 | 09267 | 64.70 | 94.12

AMC-Net 41.54 04216 | 03505 93.33 09287 | 09259 | 64.93 94.03

RadioML2016.10b WACN-T 41.74 04226 | 0.3526 93.37 09289 | 09264 | 65.04 | 93.93

ResNet 40.69 04106 | 0.3410 93.36 09297 | 09262 | 64.48 94.09

MCNet 37.59 0.3790 | 0.306 6 84.55 0.8392 | 0.8283 | 58.86 85.53

PET-CGDNN 39.94 04015 | 0.3327 92.71 09225 | 09190 | 63.83 93.68

Res2-AMWP 42.06 04254 | 0.3562 93.66 | 09323 | 09296 | 6536 | 9442

MCLDNN 45.70 04427 | 0.4027 94.35 09433 | 0.9378 | 69.45 99.05

LSTM2 43.90 04398 | 0.3829 92.75 09274 | 09202 | 67.72 97.75

AMC-Net 45.80 0.4485 | 0.4037 94.43 09439 | 09387 | 69.50 | 98.80

WACN-T 44.73 0.4305 | 0.3920 87.36 08726 | 0.8610 | 6543 90.91

22 ResNet 44.72 0.4359 | 0.3919 90.02 0.900 1 0.8902 | 66.71 93.34

MCNet 42.12 0.4024 | 03633 82.91 0.828 1 0.8120 | 61.90 86.05

PET-CGDNN 45.63 0.4409 | 04019 94.68 09467 | 09415 | 69.55 99.25

Res2-AMWP 46.74 04553 | 04141 95.19 09517 | 09471 7030 | 99.18

TE ORI o B A X 4 b i de g R



o2 M E PP T Res2Net 5 H 38 W 22 )R BT 1Ak A U8 IR 50 7 ik 571
A BE X EE S0 Y 25 S R W AR SR H Res2-AMWP 7E—10 dB 19 SNR B Uz f# fite 15 47 5 v 1R 1)

Res2-AMWP i i 2 ¥E i) Res2Net £ R 5% 22 457 1F 312
I AMWP [ 3E 0 2 RO % 10 Ak BiLSTM i J
B A B RIS B TR AR (1) i M
e 77, IR W B 4B L BUS & e v e, B A
O (1 i R AR v AR RE T o DO R R EL X JA] A X
FL 45 Ok, Res2-AMWP [ £t 38 0 Z2 1 B A6 v v 1
M b DX TA] 5k = B0 92 DX [R] P R 7 00 55, A
RIRE W 7T 43 FI FH 22 IXBE R A1 18 B0 % it IR il 525 ok
B PR, DA T A5 2 BN AS S B ) I AR AIE

& 6~ 8 s Bl JB/R T =8 a4 AN [RIAS Y 1R
WIER R M 2k . 7E RadioML2016.10a I, FF #2851 4
SNR M1 -6 dB Ji5 8 FF 45 J 80 HS 55 o B S A 1k e 4 o
i, T 7E RadioM1.2016.10b |, iZ L # M —4 dB 247
Fhs BB, HeAh, 7E NGV PR S 5t a9 RML22 [,

HERfR . Res2-AMWP P RE UL 35 i £ 148 L IXC 8] P ik
5 A0 R 5 i 286 mpmT LS O b R B S Ok
PLEA MR 0 dB R ], rf2 AL 7E 138 = A Bdis
£ L HIETF MCNet 20 34T T 10.23 14,18 13.98 1N F
O3 WA AR SORIFH AT 78 2R ARG 2 i 2 21 i 45 A5 76
KB Ace BIELIT TS 22 (4 5K SNR, 7E Acc=80%
BT BL T, BT 4R A% 780 K 31 9% 1 {8 T 75 B SNR ¥ 4
SN GTE A EAEAE L BT A AR Y 24 0.2~5.37 dB
0.15~2.79 dB.0.19~4.83 dB, i% % 1] Res2-AMWP 7E4 (%
{5 W AP BRI 35 28] 5 Al A AR T 0 £ W 1L T A
PR R, BEAS 7E HCIR TP AR BT S A AL
P, FIRGEFE W] Res2-AMWP X A5 48 5 24 5 18 3
B B S S B SRR H N BE T AR B T R
W BRI fh g

94

0 2 4 6 8 10 12
{51 Lh/dB

(b) FH s R I L DX A RCR I T s 25 i £

(b) Enlarged accuracy curves in the medium-to-high SNR region

14 16 18

-5 -4 -3 2 -1 0 1 2 3 4 5
{5 LL/dB
(c) FIARZIBIEE A 80% 1A iH il w2 2k

(¢) Accuracy curves with 80% recognition threshold

16 RadioM1.2016.10a | AS [l B 7Y fitg 1 S50 s o5 il ¢

Figure 6 Recognition accuracy curves of different models on RadioM1.2016.10a
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Figure 7 Recognition accuracy curves of different models on RadioM1.2016.10b
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Figure 8 Recognition accuracy curves of different models on RML22
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Figure 9 t-SNE visualization comparison of different models on RadioML2016.10a at SNR=0 dB
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Figure 10 Confusion matrix comparison of different models on RadioML.2016.10a at SNR=0 dB
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R4 HAEESZEITEE(A:RadioM1.2016.10a, B:RadioM1.2016.10b, C:RML.22)
Table 4 Model complexity comparison(A:RadioM1.2016.10a, B:RadioM1.2016.10b, C:RML.22)

(el Parameters/M FLOPs/M Train time(A, B, C)ms/FEAR) | Inference time(A, B, C)ms/FEAS)

MCLDNN 0.41 97.39 (0.209, 0.183, 0.181) (0.062, 0.060, 0.058)
LSTM2 0.20 50.92 (0.103, 0.099, 0.090) (0.039, 0.038, 0.035)
AMC-Net 0.47 93.05 (0.273, 0.248, 0.243) (0.061, 0.063, 0.065)
WACN-T 3.39 48.27 (0.973, 0.965, 1.019) (0.149, 0.188, 0.167)
ResNet 3.85 87.40 (0.291, 0.278, 0.290) (0.065, 0.063, 0.077)
MCNet 0.12 2.87 (0.284, 0.275, 0.291) (0.062, 0.061, 0.072)
PET-CGDNN 0.07 16.36 (0.070, 0.076, 0.073) (0.018, 0.020, 0.021)
Res2-AMWP 0.27 48.99 (0.258, 0.243, 0.266) (0.054, 0.056, 0.056)

TE IORLEC A R U 4s

%5 RadioML2016.10a _EAEHRE BT bE
Table 5 Ablation comparison of modules on RadioML.2016.10a

RI R2 MP AP SNR=0 db SNEZ0 4B O0A/% | MA/% | Parameters/M
Acc/% | Macro-F1 Kappa Acc/% | Macro-F1 Kappa
x N N N 3835 | 03987 | 03219 | 9205 | 09164 | 09125 | 6268 | 9341 0.25
x x N v 37.14 | 03841 | 03086 | 9124 | 09080 | 09036 | 61.66 | 92.64 0.23
v N x v 3824 | 03954 | 03206 | 9176 | 09133 | 09093 | 6251 | 93.36 0.27
v N N x 38.65 | 04028 | 03251 92.17 | 09176 | 09139 | 6288 | 93.50 0.25
N N N 3929 | 04099 | 03322 | 9282 | 09240 | 09210 | 6351 | 94.05 0.27
T A BT A s 4
%6 RadioML2016.10a_E token £ 77 & BEXT L
Table 6 Ablation comparison of tokenization methods on RadioML2016.10a
SNR<0 dB SNR>0 dB , Train | Inference
token fb 772 OA/% | MA/% | Parameters/M
Acc/% | Macro-F1 | Kappa | Acc/% | Macro-F1 | Kappa time time
Ftokenft | 3824 | 03954 | 03206 | 91.76 | 09133 | 09093 | 6251 | 93.36 0.27 0.246 0.052
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LA 38.68 | 04042 | 03255 | 91.85 | 09144 | 09103 | 6277 | 9323 0.40 0.310 0.065
AMWP 3920 | 04099 | 03322 | 92.82 | 09240 | 09210 | 6351 | 94.05 0.27 0.258 0.054
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