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Detection of early browning inside fragrant pears based on

time-frequency images of acoustic and vibration signals
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(1. School of Mechanical and Electrical Engineering, Xinjiang Institute of Engineering, Urumgqi, Xinjiang 830023, China;
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Abstract: [Objective] To explore the detection efficacy of models constructed by combining time-frequency image features of the fragrant
pears in acoustic and vibration with machine learning algorithms. [ Methods] Acoustic and vibration signals are collected from fragrant
pears exhibiting varying degrees of internal browning using a custom-built non-destructive detection device. Time-frequency images are
transformed using the short-time Fourier transform (STFT), continuous wavelet transform (CWT), and the S-transform. Then, texture feature
parameters in 15 time-frequency domains are extracted, respectively, from 3 types of time-frequency images using the Gray-Gradient Co-
occurrence Matrix (GGCM). Additionally, correlation analysis is performed between these feature parameters and the fragrant pear
browning levels. Subsequently, 5 types of machine learning models [random forest, naive Bayes, k-nearest neighbors (KNN), extreme
learning machine (ELM), and support vector machine (SVM)] are built using the feature datasets of 3 distinct time-frequency domains for
internal browning detection. [Results] The SVM model achieves the best classification performance for feature parameters of the S-
transform time-frequency images, exceeding 90% in accuracy, precision, recall, and weighted score. Based on the model confusion matrix,
the constructed model achieves identification accuracies of 93.1% for healthy pears, 94.9% for mildly browned pears, and 92.1% for
severely browned pears. [ Conclusion] Time-frequency image information of acoustic vibration signals can be applied to the detection of
early browning inside fragrant pears.
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Figure 2 Stability deviation values of fragrant pear
detection signals under different postures and

detection points
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Figure 3 Time-frequency diagram of acoustic and vibration signals of fragrant pears with different browning degrees by

STFT, CWT, and S-transform

Z B PR A 005 AR e UL B R A s Ak L 5 3
PR AT R WG O A 1 LIRS R AR AT R R SO .

HILL T STFT, CWT B 47 R B 1505 1 L4 4 % Ak
JH A 55 56 Ak S 1 5 S I 0 i M T R ) T
B TR0 X R & AR AR IR, EE
R A4 TP AE 200,400, 600 Hz, 3 B6 090 % 1 43 g 5 38 i
FPUAE S 1 1 TP Ok R TR X 8, L AE RO A R .
B ASR AT L 200,400, 600 Hz Ak 19 45 2 5 A AT A4 5
PRl f2t 5 RS R AT T o B €0 S R 1Y DX Il A A o
A, 2R WYL IR A SR AL (4 B B AR R A5 S 9 A T
55, EERIRE T, 200,400, 600 Hz A 5 45 % 5l 2 ik
HUEG AR ] BE LT IE R . B IR X
Sl B G/, B A1 AR AR BI04y 1, FRWIME B e sl g
PRAT R b A IR PR e

K FH S AR 4 i A AR BRE B R M AR R I AR AR
SREEAME R IEE S HEMNBRP AR ELS. MT
fa e AL i 45 B2 v 400 Hz b A %58 1m0 99 5 40 HL A 48 v

4 FE kR 32 R A4 70 AL AE L 7 1) T e MR AR X DR o
[, 6k 5 AR AR AL e R R Ay L AN fE . b
A 3 Fol AN (] A A R AT BT RO 4 B 1) 25 S T e R A A
B R & AR AR A . 48 A8 Kk AR TR A S R
BB 2 ) 0 AL 8L i, T RE S 2 Bk b B A S A%
5 7RI S R
23 ESEBESHEERBTEEZEMNMEXE

P 22 2 AT, S A SR T IR O vk B 4 15 B 0 e A 1
18, T I 15 AR AE S 80T 0.01 K- T 35 75 3L 7 1)
M A AAAE S AR OCME . BSR UL, R S 808 5 &/ AL
oy 75 T B 5L 8 AF 52 (0.6<C|r<<0.8) = H 25 A1 52 (0.4<<|r|<<
0.6) o fdf HI 75 4 STFT A5 FEAGURe AR I, JCAH B A0 32 B 12
SN S E e KT K B T 2 BRSO
25 HHIC IR R B N 25 S R A A R R 5
A (0.2<C|r|<C0.4) 5 fifi I 745 Fk CWT B 55 IR FRAE 15 718
ol E AR B ROBR BE O 5 IR BE 3 AR R 3 S B A
ARS8 ) P I JE -2 B S 2 A OG IR BE TR



F&M | Vol.42, No.5

# BEETHFRESHMBGNERNMEMETKRN

R2 ARMFEGUESESHSERBETEENHEXME

Table 2 Correlation between texture feature parameters of different time-frequency images and browning degrees of

fragrant pears
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Figure 4 Performance comparison of machine learning models based on STFT, CWT, and S-transform features
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Figure 5 Confusion matrix results of the machine learning model based on S-transform feature
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