H39% HoM HL T 5 AR 2 4R Vol.39 No.2
2025 4E 2 A JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION .83 -

DOLI: 10. 13382/j. jemi. B2407778

EF MFCC 70 PSO-SVM R EIR R FiE "

YT A BERE Zok s

(1. R EE TR EH T 5EE TR fE 210044;2. Bl T2 RS 56000 TR3p i@ 226001)

OB A I TR A D B b 2T 5 R A R R VU A AR AT A R A S e AT R A S R R DI R A
PR BB R B A S B AR B T — Pl R (B R B (MFCC) S5 R T BB VA AL SRR [l BB ( PSO-SVM) AHZE & (1 R it
WOk o AR R P 05 5 19 MFCC #2855 Sh 28R AE , AT BEBLAR AREE 2k P4 B 1) S PR DA AL BEA TR B 4, 51 A PSO
SEXT SVM BYIETT SR ¢ LR RS g HEATIOA , TR IS 8L, SeBUR ER T BRI, SCBR 45 SRR W], MFCC ik
5 FCABARAEAR L BE AT AL R AR R I P S0 SRR , 2o BEALARARAR AE e85 1 B ATt ORI R P 1 5% S e k)
(9 PSO-SVM ##E47 W F 3R, s A R B PR SRR B T 91, 19, FLrp K /INTR A 8 R T3 i B R A 355 T 90% , RN Y
e TR TR A A R I, IH IR 3 T 86. 5%

KGR MR ENE RGBT R SRR L R R

HESES: TN 72 XEARIRE: A ERRAEFR LR 510.4099

Rainfall recognition method based on MFCC and PSO-SVM
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Abstract: Aiming at the problem of low accuracy in rainfall recognition based on rain sound signals and machine learning methods, this
paper analyzes the frequency characteristics of rain sound signals, studies the static and dynamic features of Mel frequency cepstral
coefficients of rain sound signals, and proposes a rainfall recognition method that combines Mel frequency cepstral coefficients (MFCC)
with particle swarm optimization support vector machine (PSO-SVM). By extracting the static and dynamic features of MFCC from rain
sound signals, using the importance evaluation mechanism built into the random forest algorithm for feature selection, and introducing
PSO algorithm to fine tune the penalty parameter ¢ and kernel function parameter g of SVM, the optimal parameter combination is found
to achieve accurate rainfall identification. The experimental results show that MFCC features can more effectively characterize the
characteristics of raindrop voiceprint signals compared to other features. After random forest feature selection, the overall accuracy of
rainfall recognition increased by 5%. Combined with optimized PSO-SVM for rainfall recognition, the overall accuracy of rainfall
recognition reached 91. 1%. The accuracy of rainfall recognition for heavy and light rain also exceeded 90%, while the accuracy of
rainfall recognition for moderate rain was slightly lower, but still reached 86. 5%.
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Fig. 6 Accuracy of PSO-SVM model for rainfall identification
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Table 2 Rainfall identification results of different models

(%)
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Table 3 Comparison of average recognition accuracy of

heavy, medium, and light rain under different models

(%)
i JINFT i PN
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