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Fig.1 Stability lobe diagram for milling processes

IUA O T B H] 25 R0 ) B 1 SCk [ 13-15 Ixf
A6 5 00 AR R 22 IR T R PR A, R BB
W AR LRI S0 O . BT AT R
R T B A U ) £ SR AR A A TR
SE T B Nyquist 48 5 0 B S e - I
Newmark-B % A BRIC /A 00 g b o7 ids , ¥5 Mk w05
KRS M55 0P RRIE SR IS B0 2R e )y ik
AT AT A BOR BEZR ) SR BRAE 18 T 81 i T 72
B A I AL % R RAERT T £ 8 pish
BRI B 7 N8 - R e L
T IR sh i R RGeS

1 BiRiG MR A

1 41 A 00 A 5 S R 3 S e T 1 AR ek R
AR, F AN CEGEATE R R G R T ARy
BT SR S H AR BRE
1.1 SHER

B R B 5 R 0 BT T AU L R s £ by 118
TR o AR T (R Pk I I 1E]  Nyquist 45 5 4 A i

B A ) MBI (e Mg - E S 12 \Newmark-B 725 A FR T
I3 SR I EOR B R SR P 8z
KA ASOW H R 5 0 H RISk .
111 SRR

e M- [ (Stability Lobe Diagram, SLD ) J& 4
BARATT IR ) 2 BT 1 T A R B e 3 S AR
1328 PRESCR A I DT HI TR B 5 Wb M As e th 7,
AT 3 UTH T 25 R G i e e XA AR E Xk
kT AT DL R B IE Y A B I T2 S AL A Bk S
P AR = DI HBCR A I T i H Y. LIU S0
PR P I PRI ot 4 LR 0 e SOR R DX, T
oy XONFEE X K . HASHIMOTO %176 SLD 43
SR 34 v TAESE B E X AR A B A X B
PRIXIH . YAN S50 o RRAFE RO 2 I 30 5, 3RS T
AR JR A 5 i B[R] % SLD . TOTIS 551004
RSO BEHLAR 5, 5387 1 ANEA S 2 25 B I A A
Byfa e PE, 538 THER SLD, IR T 3R T £
T XV TR v B 4 A B AU A ME S o A vk
ZHANG ZE2 B T — i 0 S BOA I 5 M 1Y) 3 2
FEPRACTT 5, 91% SLD B N FE DAL 29 ORI 29 B 5%
. TURKES 462 H T — Bl bt (0 i b7 2o A BH e A
A1 (Process Damping Model, PDM) , 341 % 7= Hil #: 4F
oIS U0 ) R Y B R E AT T A AR B JE L (Process
Damping Ratio, PDR) (1315, F|F SLD i & [1i5 1743
Hrit 572 % PDR ()28 A0 RNl AT 000, S 30 %F 1)
HIl 2 G50 ER 1) 3l ) 22 4 R . SLD AR Sy 1o 0 5 )
T R AR M DX el LA R T i, MBS IR 2 R b -
TA-Je FLAF SR, BEARAT P OR R 122 B TR S AR s
HI D FE 32 b e - B R B 4 T 22 8L e . SR,
EAAFE R W R FR M, SLD H e T H T & o 72
fdFH A 5 RT3 BRI T HAl AN Rl T3 5% 1
B SO B S A RE T 5 SLD 4 R Gefi i A etk isf
ARG, ZRAEL MR 5 ) BN, i YIH) T
LRGSR N ZNEMEMG AR RS, T
BOHLG SR T2 MR 22 80K s HeAh , SLD FZAUES
AP AT HT T X BRI T A T SR T Y fig

Nyquist F 4 18 i T A% 156 pREL Y Nyquist B0 I
(=1, 5,) B A [ B0 A0 W P 38 R ge e e ML Y
Nyquist [ 238 ip st BBl A (- 1, ji, ) RS T 134
153 PRESAT 1 TR SRS S DU P 3R R 4588 « Nyquist
s BA B AR S M B fe AL AN 2 PR B R G
P RN T3 R SE AR E PR B v o — R
MR UL . SNOEYS %) HASHIMOTO %:2/[f]
25 08 T T AR RS 1 P A B R BEIE , IR 455 Nyquist
KA 7B R P OB . EYNIAN G520y 1 Jk



148 HL Ui

Cii s

2025 4%

R AU T A SR BT R AR SRR A AR

Tab. 1

Comparative analysis of analytical and test methods for chatter detection in machining operations

4t i Dimension iM% Analytical method

jR 5675 Experimental method
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PERIERE MHRA Nyquist FI 4 -5 B 0 e 5 BT SBR N TRGE , IREE S R SRR S
Theoretical Based on mathematical models and dynamic theories, such as ~ Based on actual machining data, such as vibration signals, acoustic
foundation frequency domain analysis, time domain analysis, stability lobe emission signals, and cutting force signals
diagrams, Nyquist criteria, and pole placement
= 5 B 11K 4 2T o A o et AL el B
SHTA A AT, SN T ey AR R A i DRI R L)
Implementation It is achieved through theoretical modeling and numerical sy L . .
. . . .. . Sensors and data acquisition equipment are required, such as
methodology  simulation, without the need for actual machining equipment . L.
accelerometers, acoustic emission sensors, and force sensors
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TUMAS OO ) B, X A R G T AR A AR IR 2 A
Prediction It relies on the accuracy of the model and may have errors for It is directly based on actual data and has high reliability, but is
accuracy complex systems influenced by the precision of sensors and signal processing
techniques
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Applicability It is applicable to the optimization of machining parameters It is suitable for real-time monitoring and chatter detection during
scenarios and the prediction of chatter, and is commonly used in actual machining processes, and is commonly used in industrial
theoretical research and the development of new processes production environments
EMINELS LT, e PR T SEBLSEIN WE T T2 BRI D
Real-time It is typically conducted as offline analysis, with poor real-time It enables real-time monitoring and is suitable for online chatter
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Theoretical modeling and simulation calculations, lower cost

relatively high costs
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Fig. 2 Flowchart for chatter detection process
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Tab.2 Comparative analysis of heterogeneous sensor signal characteristics
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Tab.3 Overview of primary signal processing techniques
777 Method It 45 Advantages #t 45 Disadvantages SCHK Literature
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isti S 3y A 2 G it b 2 WS T AN
Statistical feature analysis PR R SR T e fﬁig‘gmaﬁr}ﬁ;ﬁ% 4
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FFT
sk e N— "
. IR TR M A .
Frequency- . . . . e s A AEIE S
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domain HHT can provide both time and frequency information to parameter selection
method simultaneously, making it suitable for analyzing P
VMD the transient characteristics of flutter
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Tab.4 Comprehensive summary of chatter feature extraction algorithms
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Method Fundamental principle Application scope Advantage Disadvantage
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. . . . L . High computational effi- #2H]
Short-time Based on short-time energy calculation Online monitoring scenarios that . . .
L . . . . ciency and strong real-time Low sensitivity to non-
energy and threshold determination, the signal require high real-time perfor- . . .
. . . . .. . performance; simple thresh- stationary signals; threshold
threshold  is segmented using a sliding window, mance and have significant signal . . . . .
. . . . . old setting, suitable for selection relies on prior expe-
method and chatter is identified by statistical characteristics (such as obvious . o . ..
. L s online monitoring rience, prone to misjudgment
energy mutations characteristics periodic impacts)
/N e el BN AR 5 BEAT 2 R TR BT 3 2 0 ISP o3 B AT, 5 1) e B /0N I v IR 2 it )= K
Syt SRR LA N R ST S LR RS AR RIS S AT B 1
AR B P2 B AT %j]‘%) ) FHIERLS AT A S T
/NI Utilizing wavelet basis functions to . . . Time-frequency resolution The wavelet basis function
X L. Non-stationary — signal analysis, . . ) ..
Wavelet perform multi-scale decomposition of . . . is adjustable with excellent and decomposition level
. . applicable to medium-to-high fre- . S
transform  the signal, and capturing chatter char- directional selectivity; it can need to be manually set, lack-
. ‘ quency chatter (such as sudden . . .o . Lo
acteristics  through  time-frequency .~ . o . be combined with multi- ing adaptability; noise inter-
. vibrations in milling and turning . . .
energy entropy or the modulus maxima rocesses) feature fusion such as ference in high-frequency
of wavelet coefficients P energy entropy components is significant
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.. Adaptively decompose the signal into Analysis of complex nonlinear ., @ ° . . Severe mode mixing phe-
Empirical o . . . . Adaptive signal decomposi- .
Intrinsic mode functions (IMFs), and vibration signals, suitable for . . nomenon; endpoint effects
mode . . . tion without preset parame- . .
... determine chatter by screening the detecting weak chatter under . . and computational time con-
decomposition ters; suitable for nonlinear

energy entropy or correlation of high-
frequency IMF components

multi-source interference

and non-stationary signals

sumption limit its engineer-
ing applications
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. high-noise environments (such  enhance decomposition L .
mode added to suppress mode mixing, and multiple iterations of EMD);

decomposition

after reconstructing the signal through
ensemble averaging, the Intrinsic mode

function (IMF) features are extracted

as heavy cutting) requires
balancing noise suppression

and computational efficiency

stability; improve feature
robustness through noise-

assisted techniques

the introduction of white noise
may affect the accuracy of

high-frequency features

AEGI RS
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. into multiple Intrinsic mode functions ~ multi-component coupled . preset, and parameter
decomposition » L . controllable, resulting in L . .
(IMFs), and the decomposition process  vibration signals (such as those K selection is sensitive; there is
) X . ) good modal separation; . . .
is constrained by center frequency and  arising from multi-tool o insufficient ability to capture
X . . parallel computing is . .
bandwidth parameters collaborative machining) sudden transient signals
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— R N . ) e AL g KL AR X DN IEREAVN LS s
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. . . Transient signal analysis (such  efficiency with intuitive . .
Local mean  into product functions (PFs), extracting . . boundary distortion; mode
. . . as tool breakage accompanied  representation of L
decomposition the instantaneous amplitude and . . . mixing issues are not fully
. by chatter) requires addressing  instantaneous frequency .
frequency characteristics, and . . . resolved and require
. . R o endpoint effects and mode and amplitude; suitable for o o
combining the non-stationarity criteria L X . optimization in combination
. . mixing issues rapid analysis of non- .
of the PF components to identify chatter . . with other methods
stationary signals
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Tab.5 Summary of the advantages, disadvantages and applications of various chatter identification methods
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Chatter detection . Accuracy . . .
. Fundamental principle Applicable scope Advantage Disadvantage Literature
algorithm range
BT A5 U e MU SE i A% o AR A 12 -
e Y. o IINREABRE AR Z PR o . X KRB I
PREICYCSRS 2 o A s (AL A e e 2 e e e PEPERERS R BOTAL ) e
- I e BT A I PR - G B
FHTA I SR IR AR LA ) R b A 1o PR 7] .
o RPN . PEFERUR
e Based on the principle of structural Strong adaptability to .
SR L . . . Small sample data; . . . Low training
risk minimisation, the optimal . . high-dimensional data . [103-
Support vector . . . 85%~95%  classification of efficiency for
. classification hyperplane is . . . and good 106]
machine . nonlinear vibration o large-scale data;
constructed by mapping the kernel generalization

function to a high-dimensional
space to solve the small-sample

nonlinear problem

signals; scenarios with sensitive to
. performance; kernel

moderate real-time . parameter
. functions can handle .
requirements selection

nonlinear problems
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n ntegrate earning frame- 1gh-dimensiona eature Strong resistance to .
FfAILARAR An i d learning i High-di fonal ~ f S . Hi h/\model complex
Ran dom*forest work that generates multiple deci- 90%~98% data (such as multi-sensor overfitting, support it gan d weak intep et [107]
sion trees through Bagging, trains fusion signals); complex for parallel comput- alz/ilit . srone fo r:ner
in parallel with a subset of sam- working conditions with ing; intuitive evalua- atin y,rep dun. dantgtrees
ples based on a subset of features, high  requirements  for tion of feature impor- wh i nsitive o o
and aggregates results through a noise robustness tance en sensiive fo noise.
voting mechanism
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S Nonlinear,  high-dimens- Extremel stron; Training relies on a
28 ) 245 Automatic  feature  decoupling 929%6-99%  ional vibr’ation ii nal pat nonlineary modeling large amount of la- [108-
Neural network and higher-order abstract repre- v v .. ¢ p. . € beled data; consumes  111]
. . . . tern  recognition  with capabilities, suitable . .
sentation learning via nonlinear significant computa-
L. . strong temporal dependen- for large-scale com- . }
activation function based on mul- . . tional resources; the
. cies, requiring large plex data; end-to-end
tilayer perceptron and backpropa- . . black-box nature of the
: . amounts of training data learning reduces hu- .
gation algorithm . . model affects interpret-
man intervention -
ability
e 1 . BT S5 40 ] 5, U 2
HETE BB 45 BOAE e 45 B0 7 , J— . e
o R g AL e AL SN IR RO RE
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s EPRBNE 02 B g
e Real-time monitoring; sce- Simple model struc- BfiE
YL Recursively partitioning the fea- 80%-90% natios with high d%mand turep fast  training PO t© overfitting,  [112-
Decision tree  ture space based on information v v . g . ’ .. & requires pruning opti-  113]
. L . for interpretability, suit- and prediction " .
gain or Gini index, generating a . . . mization; low sensitiv-
. L able for low-complexity speeds; visualization . .
tree-like rule set, and achieving . . . R R ity to continuous fea-
K . vibration signal classifica- of feature impor-
classification through leaf node . . tures
catesory votin tion tance is easy to un-
gory g derstand
BETJm i BE A B, AL TR A
TR AR L5 1 25 B A IR I B 5 (B R AERAAE s FEA S A AL e I ZRid 7, 523
LG R BT 2R 2 WY g5t 0 T ARk R 00 XM P RO TR R s A
K40 Based on the local density W F 58 (2 Exyas Ptk BRI
K nea:est assumption, majority voting clas- 7505881 Low-dimensional features; No training process High computational [114]
neiehbors sification is performed by calcu- v " scenarios with obvious required, simple to complexity; perfor-
& lating the Euclidean distance (or sample distribution pat- implement; good mance plummets with
the Mars distance) between the terns, suitable for online robustness to noisy high-dimensional data
samples to be tested and the train- monitoring systems data
ing set
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Welch B kUL 250 B BE ) N ATRETIA T 22 5 V1l
PR Based on state-space modelling, SR . i . HENEE
- . Vibration signals with sig- Strong modeling
e the system state is assumed to . - The number of states
. . 83%~94% nificant temporal charac- capability for tempo- [115]
Hidden Markov obey a Markov chain, the obser- feristics (such as chatter ral dynamic charac needs to be preset,
model vation sequence is independent of i which may introduce

the state conditions, and the
parameters are optimised itera-
tively by the Baum-Welch algo-

rithm

events with strong period-
icity and clear state transi-
tions)

teristics; supports
physical interpreta-
tion of state transi-
tion probabilities

subjective bias; high
training complexity
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Fig. 4 Chatter suppression strategy
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Tab. 6 Summary of the advantages, disadvantages and application of different chatter suppression strategy
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Chatter suppression strategy Advantage Disadvantage Applicable scenarios
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A review of machining chatter detection and suppression research

CHEN Haoran"? SHI Qinghua' WANG Chao'*

GUO Xiangfu"® YIN Zuosheng' SAI Yunxiang’

(1. Yunnan Branch of China Academy of Machinery Co., Ltd., Kunming 650031, China)

(2. Yunnan Provincial Key Laboratory of Mechatronics Application Technology, Kunming 650031, China)

Abstract: As a typical self-excited vibration phenomenon in metal cutting processes, chatter leads to deteriorated

machining surface quality, manifested by texture fluctuations, increased dimensional errors, and compromised surface

integrity. Effective detection and suppression of chatter is crucial for ensuring machining efficiency and enhancing component

performance. Current research has established a multi-dimensional technical framework encompassing physics-model-based

offline prediction methods, multi-sensor signal-dependent experimental detection schemes, and intelligent algorithm-integrated

online monitoring frameworks. However, existing review literature lacks in-depth dissection of this domain. Addressing this

gap, this study conducts a systematic technical review and analysis focusing on chatter detection and suppression technologies.

For chatter detection, an analytical-experimental dual methodological framework is established, emphasizing the dissection of

applicability scenarios and performance boundaries of various techniques. In terms of chatter suppression, a triple control

strategy classification system integrating active-passive-parameter adjustment is constructed, comparing implementation costs

and vibration attenuation effects of different solutions. Based on multi-dimensional technical comparisons and cross-

disciplinary method integration, existing challenges and potential solutions in this field are explored, providing comprehensive

theoretical support and technical references for subsequent research.

Key words: Cutting process; Chatter detection; Chatter suppression; Intelligent algorithm

Corresponding author: SHI Qinghua, E-mail: ynflm@sina.com

Fund: Major Science and Technology Special Project of the Department of Science and Technology of Yunnan Province

(202402AC080005)
Received: 2025-04-02



