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Improved MFCC feature extraction method based on
PCA and nonlinear mapping
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Abstract: When using traditional Mel-frequency cepstral coefficients (MFCC) as features for target recognition in wild
filed environments, their sensitivity to environmental interference often leads to a decline in recognition accuracy. To
address this issue, this study proposes replacing the discrete cosine transform used in the MFCC extraction process
with principal component analysis (PCA) and applying a nonlinear function to map the logarithmic energy obtained
after Mel filtering. The improved MFCC are more aligned with actual data, can enhance the weighting of frequency
bands containing the target’s signal, and have better separability and robustness. Experimental results show that using

the improved MFCC based on PCA and nonlinear mapping as classification features achieves an accuracy of 93.36% ,

surpassing the performance of traditional MFCC.
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Fig.1 MFCC extraction flowchart
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Fig. 2 PCA-improved MFCC extraction flowchart
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Table 3 Optimal parameter combinations for different features

FRAEZE R a b c
MAP1-MFCC 0.52 8.97 20. 08
MAP1-PCA-MFCC 0.91 10. 00 24.00
MAP2-MFCC 0. 46 0.63 4.23
MAP2-PCA-MFCC 5.00 2. 64 0.53
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Table 4 classification results for different features %
FREAE 27 IR iR ES o=
MFCC 86. 24 12. 96 13.76
Hk[12] 86. 70 12. 45 13.3
Hk[13] 86. 94 12.03 13.06
Hk[14] 87.25 12.4 12.75
PCA-MFCC 93.12 6.61 6. 88
MAP1-MFCC 88. 50 10. 75 11.50
MAP2-MFCC 86. 49 13.01 13.51
MAP1-PCA-MFCC 93. 36 6. 40 6. 64
MAP2-PCA-MFCC 93. 32 6.42 6. 68
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MAP1-PCA-BEST

MAP2-BEST

MAP2-PCA-BEST

= %, MAP1-PCA-MFCC 9 # i % . MFCC ¢ fE &
7.12%, It PCA-MFCC $#1F 2 0.24%. [t MAP1-MFCC
FAF S 4. 86 % , MAP2-PCA-MFCC 1% #E i % [t MFCC %
fE w5 7.08%, b PCA-MFCC #% 1F %5 0.2%, [t MAP2-
MFCC ##1E % 6. 83% ., 1] LALEBH 225 PCA AR £k 1 ke 55
etk ) MECC J& e A 200 . 9F H MAPT (9 B 2GR 47,

M 4 AT LVE A Sk [12], ek 18], k[ 14 ]
B S5 B9 MFCC RRAE 4 T8 50 o B 3R 34 5 T 14 48 (1 MFCC
AR, B R MR R L T 5 1) MFCC R+ 1iE.  H Uk
Scwk[12] 3cmk[13], Scmk (14 ]2k 5 B9 MECC 454 1937
T AR T A SCHR AR MAP2-MFCC LA ik A 2 3t
W REIMER R — L E T 2 PCA FAE 48 1 i 5 e it
J5 1 MFCC (4G %50t MAPT e 5 ok 55000 88 £ s

4 2 it

BEXE MECC $#1iE 5 32 #0345 T 90 5 BOEF 1 H AR LU0 e
W RARAE A, A MFCC 8 U A T 2 T PCA Ak
2 R S5 PR BN MFCC 47 80t PCA 78 2541 3¢ 14 [a] I £
MEFCC i A 5 s 305 S B 5500 0 Re A0 o 385 58 1 8 AE X 52 B
FEA B3 NP S A e 1 WS BR B RE 6 TR A B AR 7S & AR BT
TE ARSI S 43 B RPAE 50 T 75 2R IE ARt =L T H
PRA5 5 T e A BE L 75 A i Kot 4R L it S8, i MFCC
FEAE AR B MEFCC FRAEXT B bR #EAT 43 38, 52 30 25 3 5 ]
Tk R B o O R R A A sk, B
MAP1-PCA-MFCC i i E 1 35 5 T 93.36% . 765
S WE ST T LA R AR S AT R R S — B XU T
L, SR THEF A B AR U I HE R R
5% 3k
[1] QIAN Y L, TANG H Y, RAN Y, et al
classification in unattended ground sensors with a two-
network [ J]. IEEE Sensors
Journal, 2022, 23(4) . 3747-3755.
[2] PANDEY M, MISHRA G. Types of sensor and their

Target

stream convolutional

« 97



448 % v 7o ¥ o3 A
applications, advantages, and disadvantages [ C ]. improved  feature extraction [ J J].  Electronic
Emerging Technologies in Data Mining and Measurement Technology, 2024, 47(12) . 140-147.
Information Security: Proceedings of IEMIS 2018, [11] ZHAO Q, GUO F, ZU X SH, et al. An acoustic
Volume 3. Springer Singapore, 2019: 791-804. signal enhancement method based on independent

[3] SUNU J, PERCUS A G. Dimensionality reduction for vector analysis for moving target classification in the
acoustic vehicle classification with spectral embedding[ C]. wild[J]. Sensors. 2017, 17(10): 2224.

2018 IEEE 15th International Conference on [12] F@#yT, Mrdead, R E, %, 3£ T MFCC-IMFCC 1R &
Networking, Sensing and Control (ICNSC). IEEE, 3 B FE AR G R BB 2 T[T ). AL TR, 2024, 41(7) .
2018: 1-5. 1215-1222.

(4] whA 8, BRANZL ., BB SCAF. B T3 35 SO B OURE 5 1 TAO H Y. CHEN H G, PENG CH CH. et al. Fault
JEAR BRI, H LR T ,2025,45(4) :1025-1034., diagnosis of idler bearings based on MFCC-IMFCC
HAN L M, CHEN X H, XIONG W M. A survey of hybrid cepstrum [ J ]. Mechanical &. Electrical
bimodal emotion recognition based on speech and text[ ] ]. Engineering, 2024, 41(7). 1215-1222.

Computer Applications,2025,45(4) :1025-1034. [13] kM. 42k G & 4e, 5. 3 F it MFCC 5 IMFCC

[5] KUMARAN U, RADHA R S, NAGARAJAN S M, 035 oy 2E BT 58 [T . 3 5 HL 05 1, 2023, 40 (10D -
et al. Fusion of mel and gammatone frequency cepstral 346-352.
coefficients for speech emotion recognition using deep ZHANG W, YANG H B, PAN J H, et al. Research
C-RNN [ J ]. International Journal of Speech on heart sound classification based on improved MFCC
Technology. 2021, 24(2) . 303-314. and IMFCC[J]. Computer Simulation, 2023, 40(10) ;

(61 EREHL, e, BERM, 55, T 1645 o A I A 30 25 346-352.

U R AR ] Mot 5w Pt g, [14]  HAEAE, 8 P, B s, kT AR 4 1k R ok 0 W A R AE
2022, 59(13): 205-212. RIPTER L] B 722 535 L. 2015, 32(6)
WANG Y K, LONG H, SHAO Y B, et al. Language 163-166.

recognition based on joint endpoint detection and YUE Q Q. ZHOU P, JING X X. Research on
dynamic range control[J]. Laser & Optoelectronics auditory feature extraction algorithm based on
Progress. 2022, 59(13): 205-212. nonlinear power function [ ]]. Microelectronics &

[7] SHARMA R, VIGNOLO L, SCHLOTTHAUER G, Computers, 2015, 32(6): 163-166.
et al. Empirical mode decomposition for adaptive AM- [15] PALO H K, CHANDRA M, MOHANTY M N.
FM analysis of speech: A review [ J]. Speech Recognition of human speech emotion using variants of
Communication, 2017, 88: 39-64. mel-frequency cepstral coefficients [J]. Advances in

(8] JKREF APEM, KEME 2. T 7SR T iE R R Systems, Control and Automation, 2018; 491-498.
WE GFCC st B[] zm R¥E¥M(AKRR¥ [16] HIZLISOY S. ARSLAN R S. Text independent
fR) ,2024,46(2) :246-254. speaker recognition based on MFCC and machine
ZHOU D CH, SHAO Y B, ZHANG H G, et al. An learning[ J]. Selcuk University Journal of Engineering
improved GFCC algorithm for language recognition in Sciences, 2021, 20(3): 73-78.
noisy environments[ J]. Journal of Yunnan University [17] GREENACRE M, GROENEN P J F, HASTIE T, et
(Natural Sciences), 2024, 46(2);: 246-254. al. Principal component analysis[]J]. Nature Reviews

[9] MASUMURA R, ASAMI T, MASATAKI H, et al. Methods Primers, 2022, 2(1): 100.

Parallel phonetically aware DNNs and LSTM-RNNs [18] MARINI F, WALCZAK B. Particle swarm
for frame-by-frame discriminative modeling of spoken optimization(PSO). A tutorial[ J]. Chemometrics and
language identification [C]. 2017 IEEE International Intelligent Laboratory Systems, 2015, 149, 153-165.
Conference on Acoustics, Speech and Signal Processing [19] SkEFR. 7155 89 o0 R 7k S H e 42 70 43 25 v i/ o7
(ICASSP). IEEE, 2017: 5260-5264. WEFE[D]. FPK . HRAE K%, 2020.

[10] KA. PRIELE. PREEAR, . 3T LMD Stk fRAiF $2 ZHANG Y X. Decomposition methods of acoustic
W= E R0 B 7 E AR, 2024, signals and their application in vehicle type
47(12) : 140-147. classification [ D]. Chongging: Chongqing Jiaotong
ZHANG N, CHEN Y Y, CHEN X Y, et al University,2020.

Pathological speech recognition based on LMD [20] DING L, XIAO L, ZHOU K Q, et al. A new RNN

98



MIERE F .8 T PCA FaE & Mk 4 ik it 69 MFCC #4242 75 % 55 10 )

model with a modified nonlinear activation function
applied to complex-valued linear equations[J]. IEEE
Access, 2018, 6: 62954-62962.

[21] CHEN T Q, GUESTRIN C. XGBoost: A scalable tree
boosting system [ C ]. 22nd ACM SIGKDD
International Conference on Knowledge Discovery and
Data Mining, 2016 785-794.

EZ & v

FIEE GEEEE LA, EEP I 0 N A 5

S5 BHARIR,
E-mail: futiantian22@ mails. ucas. ac. cn
BSOS R Nl [ 1 o i [ I S X A [ K
it oL A% P WF 5T
E-mail: bgzheng@mail. sim. ac. cn
=R, TR LRI, FEHITT I AT E S b,
E-mail: lichengjuan@mail. sim. ac. cn
BRI E R TRRI, EEAT T WA

E-mail: xialj@mail. sim. ac. cn

« 909 .



