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Abstract: Deep learning methods have been proved to significantly improve the performance of Sound Event Location and Detection (SELD ).
However, deep SELD models based on Convolutional Neural Networks (CNNs) often rely on multiple convolutions and down—sampling to ex-
tract high—level feature representation, which blurs the fine information hiding in the signals, especially for those with the short duration, and
results in the degraded estimation of location and categories. To solve the problem, this paper proposes a SELD model based on multi—scale fu-
sion of attention mechanisms (EINV2-MsAFM ), which follows the state—of—the—art framework EINV?2 and calculates the different scale atten-
tion weights to implement the weighted fusion of different scale features. Experimental comparison was conducted on different multiple—scale
feature fusion strategies, where the atlention—based fusion method (AFM) shows the better fused performance. Thorough simulation experi-
ments results show that the proposed EINV2-MsAFM model performs better in detection and localization on the TAU 2020 dataset compared
with the baseline method. In the multi-source scenario, the detection error rate is reduced by 0.02 , the localization error is reduced by 1.1°.
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Fig. 1 Multi-scale addition fusion mode structure
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Fig. 2 Multi-scale splicing fusion mode structure
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Fig.3 Multi—scale attention fusion mode structure
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Table 4 Performance comparison of top—down and bottom—up fusion
modes in EINV2-MsAFM model
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Table 5 Performance comparison of different models on TAU2020

dataset
x5 FEEBAETAU2020 #1356 FHEEE LR
n i SELD 43¢
il ER,y | Fl, T LE, L/ LRy,1T |

EINV2-MsAFM 0.32 0.76 8.90 0.80 0.205
CECANet 0.33 0.76 9.32 0.80 0.206
MV ANet 0.32 0.76 8.74 0.80 0.203
EINV2-CMA 0.36 0.71 12.2 0.86 0.231

MFE 5 G5 AT LIE Y, EINV2-MsAFM 58 H 45 T CE-
CANet Fl EINV2-CMA ##  ER_, 36 b5 Al LE ., #8458 B & T
W, 39 T BRAFRCE . 5 MVANet BERUAH LG, H LE 45 5
FISELD 43855 H 0.16 £10.002, 2 BLms 22 , HoAl 5 brF5F
SEER I EINV2-MsAFM R A SELD F) i o7 AR 4 B
e I SO R
35 AEZEHEIBHERE S

T AR AL TE R [ 37 S 8 4R ERRCR , 437E
T EH SR TAU 2020 215w B8 46 fn e & T30 0410
TAU 2021 $e¥m 4" FabA7 1 525, ) F 875 R L 2 75 I
DR B X EINV2 #5255 F EINV2-MsAFM $EA7 1 I3, 52
s RN 6 iR .

MF 6 45 R LLE L, EINV2-MsAFM £ I 78 A 7] 3
SRR I, JOR A TR AR 0 2 2 R TR R Y
PEREZRIA WAL T EINV2 AR, L HBEHEZ SR T,
EINV2-MsAFM R ER . 48 #5:7E TAU 2020 A1 TAU 2021
Bl LR EINV2 AT [E T 0.02.0.07, LE, 845 FRE T
1.1°.1.79° ,SELD 43 B N F% 1 0.013 #10.03 X Ui B R H]
Z RUBEVE R TRl A A, e AT R0 = 35 U8 1 2 o Ak
MIPERE
3.6 ESHENERDH

h T A R BRI A 2 RE MG =B T £
G L€ I B RN E i LR R (e T S N R s
TAU 2020 % #5 4 H mix017 Fl mix012 W5 A4~ ¥ 5 3C 14 78
EINV2 #550 Fil EINV2-MsAFM #5559 |- i a] 001k 25 31 e 4%
mix017 J&— Bt HLA PR A 500, mix012 24 & Z FH P E SR
(A o AN [R) 75 4 FHAS [R) 268 3R 7, T4 68 92 7 AR 5
P LRI LI Ry 0 R B R RN
Bk R R ORI B



34 L QRO | 2026 4
Table 6 Performance comparison of EINV2 and EINV2-MsAFM models on different scenario datasets
%6 EINV2# EINV2-MsAFM # 2 R EIH SRS LRI MERE LB
HEAY peES AR ERy | Fl_y 1 LE., |/ LR, 1 SELD 4%k |
EINV2 TAU 2020 PR 0.27 0.80 6.57 0.79 0.169
2Rl 0.45 0.65 11.10 0.72 0.286
EINV2 TAU 2021 PR R 0.36 0.72 9.10 0.71 0.245
Zri 0.55 0.58 14.92 0.64 0.353
EINV2-MsAFM TAU 2020 AR R 0.25 0.80 6.42 0.80 0.162
Z 0.43 0.67 10.00 0.73 0.273
EINV2-MsAFM TAU 2021 PR 0.33 0.72 8.93 0.73 0.232
Z 0.48 0.60 13.13 0.66 0.323
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Fig. 6 Comparison of EINV2 and EINV2-MsAFM s reference and predicted values of detection, azimuth and elevation on mix017 data
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