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Time series classification and recognition method for
zanthoxylum bungeanum maxim based on multilevel wavelet decomposition
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Abstract; To improve the accuracy of zanthoxylum bungeanum maxim image classification and recognition, the Adaptive Multi-
level Wavelet Decomposition based neural network( AMWDNet) model is utilized to focus on the frequency domain information in
this classification model, overcoming the bottleneck of missing frequency domain information caused by modeling the target
sequence from the time domain. This study draws on wavelet decomposition technology and combines long and short—term time
pattern extraction methods to construct the more accurate and real —time time series zanthoxylum bungeanum maxim recognition
model. After comparative experimental research, it is found that the AMWDNet model demonstrates excellent classification
performance and strong generalization ability on four datasets tested in the UCR database, surpassing the other three benchmark
models. This research improves the accuracy of zanthoxylum bungeanum maxim image classification and recognition.

Key words: zanthoxylum bungeanum maxim image classification; time series classification; wavelet decomposition; time —

frequency information; accuracy rate

TAE EEREEAL T T HR AT, # 0 L AERUR B L A

051 = SR FLRET 2L B 5 v WA JE AR I A
BEZ O THEE AR MR R S T AT A B A IS

M 4B 2z R AR AR A 5 L 2 i e
AN =TI Q=N [ 12 O < O L £ 2
( Zanthoxylum Bungeanum Maxim, ZBM) 1~ —Fh &
WHZBTREY, A B EZL LIS, By

EETH: SMNARHOHITE (BFHS 3% 2021] —# 176)

FAEFEM Lt | F B el A AR AN A AR,
HWsi et inlEl 1 froR, BT I, BE B % EoR 1y
TR, Rt L G G IR R] 81 232K ) REUA
TEAEMREIR PP A T2 500, A 21 &

TEEBN: 2 0(1984-) , 5 4 BIZEZ, 20507 1) Hlde2 ) B pe ER AL B
BIREE . £ X(1997-) 5 By TRR0M , FEZ0F55 05 ) . B 618, Mlae=% > . Email ; ywang_gzu@ 163.com

KB HEA: 2024-03-06

Ve B E RN o744 4l L 5 & A




236 B o /5 M5 MM

14 3%

L, SR, INFR] 812 — P b AR R R B 2R 2
Je U RIS TR ML o WL 28] Ay el s A T RS, it
WL <yt 1] A A I B A P REA S

B 1 RS
Fig. 1 Samples of zanthoxylum bungeanum maxim planting of

mountains in Guizhou Province
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Fig. 2 Mallat decomposition process
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Table 1 Detailed information of the dataset
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Table 2 Hyperparameter settings for individual datasets
Fs Bl a B l coef —-— h N
1 FordA 0.2 0 1 db4 32 4 1
2 PhaCorr 0.2 0.2 4 dbl 32 4 1
3 NonThl 0.1 0 3 db8 8 4 1
4 MelPed 0 0.2 3 db3 16 4 2
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Table 4 Accuracy of different models
¥ X} R FordA PhCor NoThl MelPed
1 FCN 90.4 82.0 95.6 91.2
2 LSTM 78.1 70.4 52.5 89.1
3 MCNN 51.3 61.3 65.1 48.9
4 mWDN 92.6 83.9 95.7 89.2
5 AMWDNet 94.8 84.0 96.2 90.9
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