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Local feature enhancement-based improved semi-supervised condition
recognition method for flotation process
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Abstract: Deep learning methods have gained increasing attention in froth flotation monitoring. However, such
methods face challenges in perceiving key feature areas and obtaining a sufficient amount of high-quality labeled froth
images. To address these issues, a local feature enhancement-based improved semi-supervised condition recognition
method (LFE-ISSM) is proposed. First, a local feature enhancement module is constructed by cascading ResNet18 with
a convolutional block attention module (CBAM). This dual-attention mechanism, incorporating both channel attention
and spatial attention, enhances the expression ability of local features in froth images. Then, an improved semi-
supervised algorithm is used to train the condition recognition model, which integrates a threshold-based pseudo-label
regularization strategy and a feature similarity alignment strategy within the Mean-Teacher framework to ensure the
reliability of pseudo-labels and effectively guide the model to learn the latent structural information in the data.
Experimental results show that the proposed method can effectively extract features from froth images and outperforms

comparative methods in classification performance on practical industrial zinc flotation datasets.
Keywords: condition recognition; feature enhancement; semi-supervised learning; dual attention mechanism;
pseudo-label regularization; feature similarity alignment
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W0 AR RE ), BUEVRIR TEE T, e A
B4R S E6 BUHE 2B 60000 5K 43 #E 2K A 400 x
400 1) V8 FUG . B B mh i) 425 43 ) 4 G 43 )
g Fod: 90% IR AE N IIZREE, 10% MEHE1E A
AR, NGRS s 3 — 2P 20 7 I e )
I3 R A R AN T b 2 H . B G i SR SR
TEARS RN L R e, B4t 3 5 AR FH BE L BT L
CoFR B NI BE R FKSF B . BRI R
S JE 46 1) 400 x 400 BEZ 6 B BY S 256 x 256,
AT RO T 15 51224 x 2241 BIME; SR 5 hEE
TEAT KT B0 2 0N R T 2 A B bR T B e R
VE FAL B AR A 2 AN, [l — B G 2 A2 iAs R 3
BIRRA.

(b) KA1 ©
B4 3‘ ";“'.‘. ol N
AT G

(d) %‘é%IJI | (f)
E5 6 LHA TR THEAEIS

TENGR B, AR SCH 5 2] 22 1% O 0.000 1, R4k
#3i% F SGD, sl RN 0.9, BUE RN le-4,
EMA Z¥08 0.99. b 5k KIS HEE S %
CLA 1R 2 W B o 1 07 v 2 B A B s 2% 1E U
A0 S F ) B A R L 7 RO R AR 3 5 o 3

FAVI
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FrCRRASLEG (OB 4. 47 BLAS P E 7 e 1K,
W25l 2 R s ez, 2 3 SO AL TobR 2
om0 A H 2T B, AR SEI R H R B N 0.9. 14
FECH R e T S B0 sk R OO RE AR R AIE 18] 2R 25 A
%, (/A RE 2 SRR A Tk, a3k T 5
Wi 5 28 B3 32 AR RE 775 T K U AT g 2= 5 35l )
()73 SRk T A, A A AR 2R 0 T i R UK, PR I AR S
I F BN 1. IR IE3E1T 500 epoch, Ff5I N T H
5 W, RO 20X A A4 B A2 3 2 50 epoch W TG
A 2 Y2k, Ayt s RUE ToAR AR H e b LB
WIZRE 72 A AR 1 2 SRS, SR “Tla” SR,
RPLEVIZRAT 10 epoch A AE A b 2 25 24T W15 I
25, W5 122 5| Nk B EE 2 5 Il 2k, SEIR A AT
FHER 2 AN By 73 BOX A8 S, A
TP + TN

Accuracy = ) (13)
TP + TN + FP + FN
TP TP
2X TP+ FP * TP + FN

TP + FP T +FN

H o TP, TN, FP. FN 43 5 BCBH M FCBA 1 B FH
P BRI .

6 S IA BER 1 o0 R HETR R A0 2% 1 Bk, Hod:
F 12K N 97.00%, & 11254 88.50%, 5 11125 N
79.10%, S IVEA 80.30%, 25 VN 77.90%, 55 VI
N 91.30%. HIFE 1 45 F 0] WL: o Sk il 2R 40 o 1 2
SR T SR TTAIZETI VI, R HIX 3 K THLriE
TRV IE B W S, B AT DU B b i) VRV 1%
SR P EE I 9 2 IV A2V, 2R BH I 7 4 285 ] (1

FREAR LB .
=1 6 KABEIGHM P LERE %
i e
I 11 111 v A\ VI
1 97.00 2.10 0.80 0.10 0.00 0.00
11 2.20 88.50 7.00 2.20 0.10 0.00
111 2.30 7.30 79.10 6.20 3.10 2.00
v 0.00 2.60 8.30 80.30 8.80 0.00
Vv 0.00 0.00 4.00 9.70 77.90 8.40
VI 0.00 0.00 1.20 0.00 7.50 91.30
3.2 XTHszR

NEUE LFE-ISSM A 241, A SOR 42 i B 77
FAE R E ST, BV A I ZRER 42 I 2 0 7 [ L
HATRI Gy, BB A IIZREE H T Il 2% ResNet18 Fll
CBAM HI AR R AT Tl 5325, [FIRE, K it
J7 1% 5 b5 1 Mean-Teacher 7772 UL K& 51 5 1 $2 2 1)
W58 777k, B Fixmatch. Freematch. UDA. Dash
Pseudo-Labeling 55 H#E AT LB, AR UE S50 1A

P, AHIE SN B 1) 2 B 7 3 R F 4R A CBAM 1)
ResNet18 454 N HRFAIEHE HUBL Y.

Xf b SEEG S5 R SR 2 FroR. AR By K5
HH: Freematch 18501 i A, Foor R RN
69.23%, F\ 4> %N 0.6883, JA AILE T 1% Bk 10 A &
JSO7 5] L 1 % S % A T ABE 2856 T b 25 AR 1 T
15 BE, Z RIS ANIE F TV ok B G0 282K 51 1) 22 7 85
/NH G HELbR R G ML 2R, UDA i
W F, 23 %050 5 G Freematch & 8.34% 1 0.067,
2 B0 I I H A Y 5 SR A RO BR A, Wb T I
IR P 22, R, LA BB TN 1 i SR B 1)
B R PR T M B8 % Bl Mean-Teacher AH L T
UDA SEEL 758 s I HERAR 2 A0 ) 203, 53 708 79.96%
F11°0.8007, 1% 525 30 3 Az 3250 T AR 28 0 2 A A 2R St
TR B 16— BOME T S B I B 51 (R,
FAERE 5 32 BRSO bR 2 508 AN AR T (1) 52 0
#H % T Mean-Teacher, Pseudo-Labeling SZ 8, T 5 15
FIPERE, HERR N 82.90%, Fy 7 #N 0.8297, 1Z512%
T AT AR IR AR D bR SR AR T AR R AR 1) 2,
R, TR A 8 X6 0 A 25 5040 0Ll A 7 7 1) i) R
Fixmatch [F] 14 A it T Pseudo-Labeling, L #E i % Ay
83.33%, F, 0¥ N 0.8334, iZH k4 & BI5E
W25 — B IE WA SE T T 4 R UERA 14 Dash K H
1L 240 SR PR Pl b 25 1 — S0 TE Ak AT 2 M 2 2
T R AE S A R, AT ek 2D TR X T A
S R TION ( E , E RE R I Bk S A
T3, LB T 83.78% HIHERZ A 0.8369 I F, 7344,
SR, T4 Y 7778 LFE-ISSM 26 I 58 A 5=, SE3l T
85.68% I HERE A1 0.8564 [ F, 73 %, HUEHFAL
bt 4= R B 7L 1 86.68% Ik 1.00%, Fy 73 A bk 4 i
B 7L 0.8666 1% 0.0102, 780K T {EA br&AE
A Z RIS, LFE-ISSM & 2R fit % 45 20 iR T
., FEEIIHH DA A 1 1 R AL .

2 XfHEREER

Tk Acc/% F,
Supervised 86.68 0.866 6
Freematch 69.23 0.6883
UDA 77.57 0.7553
Mean-Teacher 79.96 0.8007
Pseudo-Labeling 82.90 0.8297
Fixmatch 83.33 0.8334
Dash 83.78 0.8369
LFE-ISSM 85.68 0.8564
3.3 HBESER:

93— B 9 LFE-ISSM %% 2H Ji 36 43 1 51 ik,
IR S A B A Bk R A AR AU X 55 SRS L T ERIAE
(R LR B 285 1 Ak S5 DL K. CBAM, $FA & 5843 1A
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Rtk A g A 6 . B 6 45 SRR Y
& R AR AR AU X6 55 S I, A7 (1) 23 SR HAE A SR A
83.37%, # LFE-ISSM F] #E # % (85.68%) N [ 1
2.31%, 7€ W12 S W 3 3o 72 J TE b B B0 1O B 45 44
Al PR TR IR 7y SR R MR BRI T BME DY
o 28 1 DI b SR s Bsf, A5 8L ) 3 R HE AR R 79.96%,
TR R AT 83.37% LA 1 N FE T 3.41%, RIHZK
W 308 I £ R D B 25 1Y) T S 1 B8 A 0 S A 1) 4y
FUERATE; H4FEFR CBAM I, B[ 4 K UE R RN
76.82%, HERZ I — 2 T FE [ 3.14%, £ Y] CBAM il
T PR EOCHAFAE ST AR M RE RS T AT SR AL
S S5 SR W b B0 IE T #5840 /E LFE-ISSM HH [ E
TV T FORET A8 B 1) DT .

88
85.68
S g4t 83.37
E gl 79.96
ﬁ 76.82
& 76t
72
2 o=
2 5 m= 8
EOE, BE R
I 4 S L~
TR
Ele jHRRSINLR
34 HHA

341 RAEFHL

)

(c) ResNetl8§+CBAM

MY

(a) %IJ )\ (b) ResNetl8
El%

»,=0.48 p,=0.25 2,=0.99 p,=0
p,=0.25 p,=0.01 p;=0.01 p,=0
ps=0 Ps=0 ps=0 ps=0

p:=0.44 p,=0.32
ps=0.17 p,=0.01

p,=0.78 p,=0.17
ps=0.04 p,=0.01

(m) ZEHViAN  (n) ResNetl8
Kl

p=0  p,=0.01

2,=0.06 p,=0.06

ps=0.38 p,=0.50

=0 p,=0
»,=0.01 p,=0.01
p.=0.89 p,=0.09

Wi e 2 NS ]
(h) ResNetl8 (i) ResNetl8+CBAM (j)
=0 p,=006  p=0 p,=0

(0) ResNetI8+CBAM (p) KBIVIHIA
E&

SR B B AL SR 0 ST (gradient-weighted class
activation mapping, Grad-CAM) J5 ¥R N 73 # ¥% &
TR A% &% X o6 T T 40 2R BTk, LB R B
M 43~ 24 45 SR 1 D DX k. AR ST AR 46 A 28031
B ATL e X 5 AT PT AL, K ResNet18 #5881 FI4E
% CBAM Ff] ResNet18 #5114 A5 5 ¥ 34 g B P HLAL &
BT R, il 7 FroR. b 851 BIRIES 4 510N
JR AR N UG, 5 2 BIFIEE 5 5124 ResNet18 ] 41
ThZE 5, 5 3 FIAEE 6 514 CBAM ] ResNet18
RER AT WAL 25 R po(c = 1,2, ..., 6) BB ALK
FG 70 R 26 ¢ 2511 softmax 7324

3L Grad-CAM )R] HRAL 43 H7, A 4% 175 I 4
NEE i CBAM () ResNet18 1 7 7F kb FHAS [|7] 25 5179
TR G BT 42 B DG M S R A 7E 28 T 2Bk I
BGorb SRR BT R A 24N E &, £ CBAM
(1) ResNet18 7Y I 25 5 A T 1X — SC AR AR X 3, ¥
T DX I R H AR, BAE BE IA 0.99; T ResNetl8
A B AR OCVE B T ARBAIX 38k, (2, BWus o B 5 g
AR T WRHIE X 80K 56 & ULID, H B A5 BRI
(0.48). 7E58 TN AR UG R RSFECR, (2T
HE A B BN, S CBAM AR AL A R 4= T
X —REAE X 3, H OB S E sk 0.96; AH X E
ResNet18 1 5 £ T CBRFAE X 3, (H 2 BA5 B HIA
F|7 0.81. X T EATIZRI A B G AR5 Hif

W FaE, 5 CBAM () ResNet18 #5571 ft 9% 47 25l
PR AR T Xk, H IR X e, BIEREHN 0.78;
1M ResNet18 A e #E i [X 73 Rk, B AF FE N 0.44.
FIVEKMEE G BB, B2 2B HEE,

54

(e) ResNetl8 (f) ResNetl8+CBAM

(d) EAHA
B2

p,=0.14 p,=0.81 2,=0 p,=0.96
p,=0.03 p,=0.01 p,=0.03 p,=0
ps=0 pe=0 ps=0 pe=0

I X Y

.\....

(I) ResNetl8+CBAM

(k) ResNetl8

p,=0 p,=0.23 p,=0 p,=0.09

p:=0.12 p,=0.37 »,=0.02 p,=0.85

ps=0.28 p,=0 ps=0.04 p,=0
Fisd s

<, < - £
(q) ResNetl8 (r) ResNetl8+CBAM

=0 p,=0 =0 p,=0
»,=0.01 p,=0.01 =0  p,=0.02

p,=0.37 p,=0.61  p,=0.12 p,=0.86

[#]7 ResNet18 {REFNEE AL CBAM HY ResNet18 #2845 g AU S E AT #L 4L
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£E i CBAM HBEAY 5l Dy R il JF RS vHE SR A TR
TE B 4 X 35; 1 ResNetl8 & At A RH il % X 45K,
5V R EUE T AR T B BRI S IR
20, FE L CBAM HAR T i 4% 15 T b 0 T 8 S X
3, T ResNetl8 AL A GE IE# Rl R SURRAIE, 18K
AT EER PR, KR AN VIR, I Ja, R VIR
TR UG WA 20, MEDUCRY, £ CBAM |
ResNet18 A5 11 5 A T I Ik J= 9 55 DX, W0 X 804
o HAERA; 1 ResNet18 S8t 0VEF] 11 XI5, H

LR 6 AN IR EE ) Grad-CAM AR
AE % EE AT N, 42 B CBAM () ResNet18 A5 28 ] 5 £&
T 5 R 5 ) S SRR AL X35, BES S8 2 411
TEFRFFHER T3, 5 ResNet18 A Lk, £ 5 CBAM (1)
ResNet18 AN AE 7y K w2 FRIAR 57, H AT 48 5
L Xof T AN 7] S ol [ A BUCRFALE 22 S ) RO AP
3.4.2 t-SNE Witk

NPFAL LFE-ISSM X A~ [] 2 5l v ok B BCRFAE 1)
RHEBOR, BT ¢4 A1 BE AL AB BHR N (¢-
distributed stochastic neighbor embedding, ¢-SNE) X
B ZrAT) RIS B I ZRiie St 7 I 4R b i 230
BEATATARAL 23 #r, S5 SR 8 Firos. AR e AL |
SR R R I B BE AL B, BRLE, AT A A AR
T 5 IR ASE AR o AN [RARFAIE 1R 43 9% £ 717 1) [ B BE 9% 47 %L

30}
1,.....-_..

Component2
|
(e

,30.
-40 -20 O 20 40 60
Component]
(a) LFE-ISSM BRI ZRHIHITE
MAREE 1 2-SNE AT # ik
60

Component2

-100 -50 O 50 100

Component]

(b) LFE-ISSM B Zri skt #£
R4 L1 -SNE A L4k
TR S TH R <000
B A S HIAY 25 VI

&8 MiXEERYt-SNE FJHL1L

PRBUAR R 72 AL BE /1. & 8(a) A LFE-ISSM A& 714 i)
ZRMAAE MR 4 B 19 ¢-SNE AT A4k 45 3. (1A 8(a)
AT DL, WA A AN [ 28 S B SRR R K L S,
PRI 73 A7 B8R 4 i HL G A R 1R 2000 43 25, R
TR BB AE R AE 25 0] R (R 28 500 X 43 BE LA, 0 R i
K. ] 8(b) A LFE-ISSM 45 78 i)I] 25 U S A 78 1
£ L HIt-SNE Al AL g5 . 7E R AL 5 B4R AE = 18] o,
AN T) 28 590 0 B R T BSORE ) A ST LI i ) A 6 A
S0 T f 2 28 I % Wk 3 PR AIG. X — B L3R B, LFE-
ISSM REMS A 2 X 40 AN [FIHFAE, RIH B U7 1z 1 Re
71 BART S, 2800 T+ 28500 T1ATZE 50 VI 30 HH A %
MUST IR R 5 1, 3R WA A Y B 68 1R 47 MR 1) - X 431X
3 ARG R BURASAE. M2 R, B 2R A5
TS A0 R A A 152, DL R 2R IV 5 2 51
VBB B REAE = BE AR AL, 3 BB RN X 3 AN 2K
S 7y HEME RERE AR T2 T4 285 1T 5250V ix—
s ER 1 ERMA.

4 4 ®

B R EE 2 >0 S R T3 328 M N3 R i 0 D%
AR DX I B SR AS 2 R v o A AR A MR B R B =
FR T, ASSCHR 7 — ol i T JR) AR O 1 i ) ek
B TR T v R B B AR R O R
Ak, Frde th 7 Va8 1 JR 0 e A 1w B e, B 4 B3k
ResNet18 Fll CBAM, i 15451 714 ¢ 1% 58 £& TV 2L il ik
Pl 458 T8 2 ) A2 TR) 5 0 ) DG BEAE IR R 5 IR A
REHE MR AR, AR T ook ) o B R
IR T LR Y . — J7 [T, LFE-ISSM Xf Mean-
Teacher LAY I — BP0 R 04T 1 ok, @it I
0 B 20 R AL DA AR 28 o 1, AT ARE 1~ B ) )
2R F2; 5 —J7 T, LFE-ISSM i £ Mean-Teacher 1%
R 5] ON T RFAE AR AL X 55 SR W, 8 I 42 98 To b A
TR EEEIR 450, BB T R o bR 24
PR 3. SEIe 4 JR W, I th 77 ik se e AE b
VEREAR 32 PR A DL T S BOCBRRFAE, 12 A 0H 7
L. SR, MSEEG &5 BT DUE i, BT 7 iR AE Ak
FRAN L REAE AR AL PRI E AR B ATy SRAFAE HE IR BE A 2 1Y
[E1F = T Rt P B e [l O s ey € S =i
ST K SRR TR AR IE RIS B I A IX 23 B2, LA
B DRSSO B 4 T LI R S R

S & CHk (References)

[11 Xu P F, Tian L K, Liu J P, et al. MsFfTsGP: Multi-
source features-fused two-stage grade prediction of zinc
tailings in lead-zinc flotation process via multi-stream
3D  convolution with attention mechanism[J].

Engineering Applications of Artificial Intelligence,

2024, 129: 107647.

21 B, #3E, EEC, & T oA 2R & U kg 45


https://doi.org/10.1016/j.engappai.2023.107647

2900

*x R £40%

(3]

(4]

(5]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

(R 7 1k i AR 22 A IE AT 5 7 il B — AR A i ) 7
VR[], Pl PRk, 2025, 40(2): 497-506.

(Mao T, Chu F, Wang J W, et al. An integrated safe
operation and product quality control method for coal
slurry flotation process based on distributed hybrid
Bayesian network[J]. Control and Decision, 2025, 40(2):
497-506.)

XF, X, BB, A SR ERIE S 2 T
LSTWSVM [z 3 Tk B ] [7]. 4% il 55 4k 52, 2024,
39(8): 2622-2630.

(LiuY,LiuDY, Lv Z, et al. LSTWSVM fusion of deep
feature and multiple kernel learning and its industrial
applications[J]. Control and Decision, 2024, 39(8):
2622-2630.)

AR, FIFD, FARF. B4 DI RHE AT RSN 7
LI JEEELT]. PR R, 2024, 39(3): 705-718.
(Chu F, Hao L L, Wang F L. Review and prospect of
operation performance assessment methods for complex
industrial processes[J]. Control and Decision, 2024,
39(3): 705-718.)

Wang Y L, Sui Q K, Liu C L, et al. Interpretable
prediction modeling for froth flotation via stacked graph
convolutional network[J]. IEEE Transactions on
Artificial Intelligence, 2024, 5(1): 334-345.

Yang X L, Zhang K F, Thé J, et al. Multi-scale neural
network for accurate determination of the ash content of
coal flotation concentrate using froth images[J]. Expert
Systems with Applications, 2025, 262: 125614.

AiM X, Xie Y F, Ding S X, et al. Domain knowledge
distillation and supervised contrastive learning for
industrial process monitoring[J]. IEEE Transactions on
Industrial Electronics, 2022, 70(9): 9452-9462.

Wang Y C, Wang S, Li K. Multi-condition flotation
process condition recognition method based on deep
learning and multivariate data pre-processing[C].
Proceedings of the 36th Chinese Control and Decision
Conference. Xi’an, 2024: 1975-1980.

Zhou X J, He Y P. Deep ensemble learning-based sensor
for flotation froth image recognition[J]. Sensors, 2024,
24(15): 5048.

Wang Y D, Chen H, Fan Y, et al. USB: A unified semi-
supervised learning benchmark for -classification[J].
Advances in Neural Information Processing Systems,
2022, 35: 3938-3961.

Wang Y D, Chen H, Heng Q, et al. FreeMatch: Self-
adaptive thresholding for semi-supervised
learning[J/OL]. 2022, arXiv: 2205.07246.

Arazo E, Ortego D, Albert P, et al. Pseudo-labeling and
confirmation bias in deep semi-supervised learning[C].
International Joint Conference on Neural Networks.
Glasgow, 2020: 1-8.

Xie Q Z, Dai Z H, Hovy E, et al. Unsupervised data
augmentation for consistency training[J]. Advances in
Neural Information Processing Systems, 2020, 33: 6256-
6268.

Xu Y, Shang L, Ye J X, et al. Dash: Semi-supervised
learning with dynamic thresholding[C]. Proceedings of
the 38th International Conference on Machine Learning.

Virtual, 2021: 11525-11536.

Sohn K, Berthelot D, Carlini N, et al. FixMatch:
Simplifying semi-supervised learning with consistency
and confidence[J]. Advances in Neural Information
Processing Systems, 2020, 33: 596-608.

Nayak A, Jena M S, Mandre N R. Beneficiation of lead-
zinc ores — A review[J]. Mineral Processing and
Extractive Metallurgy Review, 2022, 43(5): 564-583.
Han J K, Chen P, Liu T S, et al. Research and
application of fluidized flotation units: A review[J].
Journal of Industrial and Engineering Chemistry, 2023,
126: 50-68.

He K M, Zhang X Y, Ren S Q, et al. Deep residual
learning for image recognition[C]. IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas,
2016: 770-778.

Woo S, Park J, Lee J Y, et al. CBAM: Convolutional
block attention module[C]. Proceedings of the 15th
European Conference on Computer Vision. Munich,
2018: 3-19.

Luo Y C, Zhu J, Li M X, et al. Smooth neighbors on
teacher graphs for semi-supervised learning[C].
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Salt Lake City, 2018: 8896-8905.
MacQueen J. Some methods for classification and

[19]

[20]

[21]
analysis of multivariate observations[C]. Proceedings of
the 5th Berkeley Symposium on Mathematical Statistics
and Probability. California, 1967, 1(14): 281-297.
Tarvainen A, Valpola H. Mean teachers are better role
models: Weight-averaged consistency targets improve
semi-supervised deep learning results[C]. Advances in
Neural Information Processing Systems. Long Beach,
2017: 1195-1204.

E& BN

YWY (1991-), 2z, YR, 1k, E 2R 5077 7 9 FE T
P 2 24 Tl FRR se i . Rk 545, E-mail:
mingxi_ai@ynu.edu.cn;

VFER (1999-), 2o, it A, F B0 50 )7 W) 3 T35 A
DI B A Tolk o 72 Be M I 5 A4k, E-mail: xuqing@stu.
ynu.edu.cn;

KE (1990-), 53, VFIW, 18 42, 32 R 007 1A B Ak
B OUREA ] BN R #, E-mail: j.zhang@kust.edu.cn;

FLIRT (2000-), 22, B4, 30 5007 [F AL T HLES
PUBE I8 4 TS AR fe i I 5 64K, E-mail: kongqingjie@
stu.ynu.edu.cn;

28 (1976-), 55, Bz, Wi, WA S0, FEF T
MR AR RS LI 25454, E-mail: lipeng@
ynu.edu.cn;

WK (1972-), 5, %, W4, 1l LA W, FEHT
JrlE T N TR RET7E SR DL 5. &g
itk 5. IRE >, E-mail: yfxie@csu.edu.cn;

JEEAE (1965-), 59, ##%, W4, W4 RIW, F L5
TIRNE R DA RGBSR (808, 1+
AR RSNA . B R, E-mail: zhtang@csu.

edu.cn.


https://doi.org/10.1109/TAI.2023.3240114
https://doi.org/10.1109/TAI.2023.3240114
https://doi.org/10.1016/j.eswa.2024.125614
https://doi.org/10.1016/j.eswa.2024.125614
https://doi.org/10.3390/s24155048
https://doi.org/10.1080/08827508.2021.1903459
https://doi.org/10.1080/08827508.2021.1903459
https://doi.org/10.1016/j.jiec.2023.06.016
mailto:mingxi_ai@ynu.edu.cn
mailto:xuqing@stu.ynu.edu.cn
mailto:xuqing@stu.ynu.edu.cn
mailto:j.zhang@kust.edu.cn
mailto:kongqingjie@stu.ynu.edu.cn
mailto:kongqingjie@stu.ynu.edu.cn
mailto:lipeng@ynu.edu.cn
mailto:lipeng@ynu.edu.cn
mailto:yfxie@csu.edu.cn
mailto:zhtang@csu.edu.cn
mailto:zhtang@csu.edu.cn

