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Abstract :[ Purposes] Predicting the ash content of clean coal on the basis of flotation foam imag-
es 1s one of the core methods for intelligent flotation control. To address the limitations of existing
methods caused by incomplete feature representation dimensions and insufficient multi-source informa-
tion fusion, a prediction method that integrates a Multi—channel Attention Regression Network (MAR-
Net) with feature engineering is proposed.[Methods] First, the MARNet model with multi-color-
space image inputs was constructed, leveraging attention mechanisms to foam on distinct foam infor-

mation from different color spaces. Simultaneously, a feature engineering—based ash prediction model
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was developed by using the XGBoost algorithm, incorporating morphological, color, texture, and fre-
quency—domain features. A Bayesian dynamic weighted fusion strategy was established to adaptively
allocate prediction weights between MARNet and XGBoost on the basis of posterior probability opti-
mization criteria, forming a synergistic prediction mechanism that combines their complementary
strengths. [Results] The experimental results demonstrate that the prediction performance of the
MARNet and feature engineering integrated model significantly outperforms traditional methods. The
proposed model achieves a coefficient of determination (R*) of 0.969 1, a mean absolute error (MAE)
of 0.126 4%, and a root mean square error (RMSE) of 0.216 1%. Compared with XGBoost and
MARNet single-model predictions, the RMSE is reduced by 70.90% and 25.22% , respectively, con-

firming a substantial improvement in prediction accuracy, which validates the effectiveness of the pro-
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posed method for intelligent control in flotation processes.

Keywords: flotation clean coal; ash content prediction; feature extraction; multi—channel atten—

tion regression network; XGBoost; Bayesian averaging
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Table 1 Parameters of various control variables in flotation
experiments

g8 V(ﬁ;{f%ﬂ)/ V(ﬁi{;}:ﬁﬂ)/ (fﬁle) (%njhh%/) KA %
1 18.75 7.5 1 800 0.3 8.49
2 37.50 7.5 1800 0.3 10. 88
3 56. 25 7.5 1800 0.3 12.57
4 75.00 10 1800 0.3 10. 25
5 93.75 10 1800 0.3 11.25
6 18.75 5.5 2000 0.2 12. 20
7 37.50 5.5 2000 0.2 11.29
8 56.25 5.5 2000 0.2 12.48
9 75.00 5.5 2000 0.1 9.28
10 93.75 5.5 2000 0.1 12.32
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Fig.1 Image acquisition system
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Fig.4 Attention module, channel attention, and spatial attention structures
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Fig.8 Two-level wavelet transform of foam images
FIE A 1] U5 3t A HP 0 i 486 25 (Gaain) o 14 35 {H ) ik
TR AR X A4S TR I B Y TR RR B b 25
TN AE R SR A Sy 2 g R L
i 3 — bR AE 36 25 A 0l T B R P A UEAT R AE e
AT 25 BRIT A B TE G 15 B o 38 3 3 B AN [ 49 1
B, F B3 V43 55 i A R AE o i FHDRG 3k J5 1) 4 1 3B
Y5 1) XGBoost [F B, Sy Ji5 S2 455700 il 5 42 it A
LGP NS

S5 T DL ot i 55 750 SF- 3 Ay A DU i B AR R AR
MARNet [ 15 ) 35 0 {5 4 5, XGBoost i 15 I &
3o, W (]I 0 45 50 ok M, LM, 5045 22 43 531 K
ey il eso 0 FH i 357 43 A 30T R0 9 oA TR (14 S 585 43 A

(ﬁ\*/ﬂ)l

1
P(5M,)= e . (15)
< l l ) A/ 27T(71 2
I
P(3.M,)=——=e *= . (16)
210,

S A, PRI ASE R g 0 (KR 40 v AT RE L I
ol M S o 0 e X B AR 3k ol e T T S AR M
T A T A B E R BT VA R R A PR R A A R



536 KJF B TR 2% 2% i

o557 &

s N AR EE o X EUUR pREC

1ogLMI( Ml)-logP<j11|M1). QYD)

logLMz( MZ)-logP<§2\M2). (18
HorP(M)E P(M,) 45 3 XGBoost [Hl 15 5
MARNet I Fift 452 71 1) 5 36 HE 5, 516 590 A0 3 1) 32 JRORS
P A Y 1 il G RORAR OB, R A% 48 R 2 01k
5P 90 AT 3 0 JRULEL , PROR i A 1) il 5 SRS

5 — AL AL R bR B 5 A Y AL w, Al w,, JF

TIASC - 347 755 380 190 e A5 A4 174 DL - 357 S 187 900

5’1):13(
5’2):13(

Lol
w, = u(391) . (19)
Ly (1) + Lu(52)
w,= Lu(32) . (20)
Lu(31)+ Lu(52)
_’)A/:wlj}l+w25/2- 2D

4 RN
4.1 TFfEIEFR

X TR AR BE PR AR SR PR E RA(RD F
)46 %1% 22 (Mean Absolute Error, MAE) Fl1 ] 77 4R
1% 2 (Root Mean Squared Error, RMSE) b i #i 45
B o R JE T VAl 1m0 053 455 780 X6k 50408 #0061 i ¢ e
J3, AR BRI 1, 3R BB X e Y [e] 0 AR B
Uf o MAE J& 115 B0E 5 52 bR 8 22 18] 48 % 15 2 (1
A, DLVEAR [ AT 55 b ) B AR 00 PR fE . B
1) MAE {8 3 7 B8 H A 58 /9 1000 ok 6 M .
RMSE X F % K 19 1= 25 5 o8 U, Y 45 1R B9
RMSE {A [a] £ 3% 7 A5 R0 B A 8 4 14 T g
4.2 MARNetZE R 9 #

H 3 550 5k UG K% fb oy 224 X 224 (953 B3 Ky
AN RGB E %, % H VGG16 ., VGG19, ResNet50.,
ResNetl01, EfficientNetB0 LA M EfficientNetV2B0,
6 IR B A > 15U (%) i i 280 08y A 3 4 2 Y Il I 2
H o BERYI 2RS40 32 2 s .

F2 BENESH

Table 2 Model training parameters

Ak oRi %L Adam
Wk 2 2] % 0.001
5 2% R B MSE
BACIREL 500
dib i Kb 32

22 30 6 Fh R S 2F ) MR PR BEPEAY . Effi-
cientNetBOZEMAE b ) F & S fedt , R*M 0.871 1,

MAE 2} 0.315 7% ,RMSE 7 0.441 5% .
#3 OREPSIEERE

Table 3 Comparison of deep learning regression models

[a] A5 78 R? MAE/% RMSE/%
VGG16 0.6333 0.564 2 0.744 5
VGG19 0.6735 0.5216 0.7025

ResNet50 0.7933 0.414 9 0.559 0

ResNet101 0.7843 0.4357 0.5710
EfficientNetBO 0.8711 0.3157 0.4415
EfficientNetV2B0 0.8445 0.366 4 0.484 8

B4 A N RGB VHSTAI YUV = 2 (0 23 1],
i ik MARNet 3000 2K 43, I BE 47 09 fil 52 59, I 5 2
R 2, SIS RINF AR, GEREW FIA L
0,75 () 1G5 T AR AR 1 2 R BRI T B B
R} 0.892 6,MAE }0.275 4% ,RMSE } 0.403 0% ;
SR FACEE 1 = pL A ALY e g R A TOCHEHE R
A B TE T AR fE , R 0.925 2, MAE i
0.204 6% ,RMSE 4 0.336 3% ; 1 £ F &1 {4 25 [i]
G55 2 )2 9 R 1 WL R T I 2R, 3 o
TR A I, R 0.944 8, MAE 4 0.164 0%,
RMSE 4 0.289 0% . 2291 1 & J1 B 78 53 F
FH T i AN B8 09 A SOy AR T RSV

#®4 MARNet # i8R ST 0 %1 LE
Table 4 Comparison of ablation experiments of MARNet

Zyitasm L R? MAE/% RMSE/ %
+ — 0.8926 0.2754 0.403 0
— + 0.9252 0.204 6 0.3363
+ + 0.944 8 0.1640 0.289 0

PRI, AR B

4.3 XGBoost[E AR

M3 550 5K Ji f 43 B2 0 U IR R b B R
IR A B S0 R 4 A4S T T SR T 80 N RRAIE .
K 9 IR T e F XGBoost [0l )T 45 B ) 47 1k B 2 HE
% AHE A B H — A 25 (Gaind TS 1 Rk
1A AR U O AR R T 0 B ) DT R R B . B AR
B €0 4R AIE 80 B T R A S AR F A AR A ) B B
SPAARNY . BERHIET R YIES Y O 28R K
FEEMG R BE 5 J7 22, E L AL B 8 ) T
P o 33X 3R B K B AR B T 3 UK AR A K 4y T
EERTE IR I B B TRTORY N R A 33 W
ST 119 728 Ak B 6% A A0 Hb A B B 96 TR P S 45 A Y OC B
LR A NS L i /Y o 7 R T = e
OE LR E B S T A R B — BN
75 e B A IR RRAE LE A R BB R . X T
KGR BARZ R BBy Al e & T2 A W



%3

SRALNE 5 BT MARNet 55 454 AR Rl & 04 37 08 45 K 3 F00 5

T B AR S o 6 A SUHRRAR Y F AR X HE AR
5, b T HEBE 8 T P 9 R 2 T A BB JEE L3 Ak
SERLE R, K 46 AT BE U IR AR B AR DL )
B T 2 U0 AH O, PR ke 0 B OGS O 4 I [ A
A BT ZEAE R . B ERAE S, R IR KD
R s 1 — R B A T T R A i A9 B2 254 A
X B o X TR TE VAN I IR P A Y IR Y B A
WAL K o3 Avi 5 B2 AT BE 2 52 We) B U Y 3 2
RZ—o MHZT, HAIIE IR A 2% B2 25 5 0 K 40
AR 285 2 TR R X A8 0 P B ) 2 T ST R /) o
T VA AS TR AR AIE 5 4 65 5 R 4 B B9 52 ), i3
BT 2P AR AR B TR T R R A A X

XGBoost [ 545 5 32 BH i) 52 0, 45 L 48] 10 s .

STUG AR R, Y DU AF B B PR 4> 0.010 1 N
TEBE B, JF 08 B T A VF 4 T A T A 0 R
AIE B, A AR g 00 1 e e AR AE DR E B MAE 5
RMSE ¥J3i5 8 T e /IME o 3 B R I 12 A B T
R TUAAT B, AR T i % 4 fe EL 52 e g (9 4
AIE, DACTRT S 0B R A0 TN AR . 7E A R 0.010
i, XGBoost ## 1k 7] 4 78 I 25 4 I ) R*> 0.975 2,
MAE #0.131 6% ,RMSE 4 0.192 8 % , i lli 45 1Ay
R?}0.6352,MAE J30.510 2% ,RMSE } 0.742 5%,
ST 25 BRI, XGBoost [ 1T #5575 7 I 41 4 1
TRGRBYILG RE T, BE S A 0 Ak BE AR T T4
B ARR AR, TR0 4 5 B ORGSR v o AR, AE T
B I BRI 2 AR RE 0 A B 55 L 5 SO T 4 AE
A BT T B, 3% % B XGBoost 76 4b B 58 4% £ 715 4 17
TEAE K 53 TOAT: 55 I A7 7E — 2 1Y Sy BR PR . R4
i, XGBoost #Y = 20L& 8 1 548 B &2 A0
{8, JoHOR AR AR BE B AR 2L B By BE . o T 38 4%
K AE AR, 5 820 45 A MARNet #E17 il L DL
T2 A T ) ofe B 2 AL RE T o
4.4 NHEFHTNERDH
K 11 B 7 A XGBoost 7] 9 Fl MARNet % F 5
AUYI 25 5 1Y TN a3 25 o0 A 1 L 38 o B4 (8 RN 7 25 40
G oA A B R A 15 2 43 A7 M 23R 0 R RRER
# XGBoost [l 17 5 MARNet [ 5 5 48 K /5 Ky
SR, ok A R R AL S0 AR B A Y S
WE 53500 0.9 5 0.1, 85 AN 5% 5 fir s o 38 5 DLt
WY RS G, R 0.969 1, MAE i 0.126 4,
RMSE 4 0.216 1, 1 tt XGBoost [81 I3 i 15l #4 fi |
R*#& 7+ T 52.57%, MAE 5 RMSE 7 3 B % T
75.23% F170.90% ; # b MARNet 9 15 0 1 i , R?

-
=
ot
Bl

o2
oo

~

S QF TQ
T =
0% N 5 P R 5 e 8
o'o*o'OI oo
=22 oo
oo

e,

e
c

HL1

So
2222 P00

=
T~ ~
=€ gpo
=229
=
W

&

[

Sk

>+
<SS u ¥

93

=
Ss» HoxT
~SEFURFEERSIREY 55@53&%5%&%@
sszssizzesesct
ommxlqg::Eo =
S

HL

ENBREERENEEERERHETRE R DN ED SN

=
=
S &>
N R 2
[N Ne)
OO
[=N=N=]
~N
EE NN

P e e e
1=y
S
3
v

UJ{d [N 0.007 3
Y ffi B (I 0.007 2
Ul & [ 0.007 1
YU i (I 0.006 8
S i (I 0.006 5
HH2 J5 2 (IE0.006 3
VB (I0.006 2
HH Jj 2% |[WEE0.006 2
G I )& [N 0.006 0
LH2 Jj 2 M 0.005 8
RAE & (I 0.005 8
Vi 2 (I 0.005 7
T){E [WN0.005 4
W VR A AL I 0.005 4
BJj % (MM 0.0053
HL2 ¥J{f (W 0.005 2
Vi (M 0.005 1
B I JiE [ 0.005 0
V I i (I0.005 0
G [W0.004 8
SHEE [N 0.004 7
Mk Y6 b [W0.004 6
Ifg i (I0.004 3
0.004 .
B%% =0A004 1 A AR
HH2 0.003 9 S A
G it W 0.003 8 -ﬁﬁ%‘
Eﬂﬁ%%g{% = 0.003 7 & PR 4% AE
LH2 0.003 3 et 7
kAN b2 [0.002 4 . . . I-ﬂ‘iulﬂ%ﬁ
0 0.01 0.02 0.03 0.04 0.05 0.06
R

B9 HEEEMHS

Fig.9 Ranking of feature importance

T T 2.57% ,MAE 5 RMSE 73 5 K T 22.93%
M25.22% . FKWUHHEEEAS R T ERHS
TR E 1 TR 45 L A b T RS R )1 2 A 3
Sk T G T 35 K B K 4y T B4t T AR o



538 KEH T K% %= #H %57 %

LoF R B BE 35 4k
' N L L
—— Bt R4 R%:0.975 2
097 — WA R

—— d i WK 4R R7:0.6352
—— e F4E:0.010 0

1 1 1 1 1
0 0.005 0.010 0.015 0.020 0.025 0.030

2 fE
MAE [ 5] {6 %8 f&

— I %4 MAE
—- F A I %4 MAE:0.131 6

— Wik MAE

— ek Wik MAE:0.510 2

|\ N T BEEE00100 |
1 l 1 1 1 1

0 0.005 0.010 0.015 0.020 0.025 0.030

[EaRiEN
REMS Bt |5 {F 75 1k

— il %4 RMSE
— A I 4E RMSE:0.192 8
— WX 4k RMSE

— %8 I3k 4 RMSE:0.742 5
—- B 4E:0.010 0

1 1
0 0.005 0.010 0.015 0.020 0.025 0.030
[EaRiEN
B 10 $EEEER
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Table 5 Performances of Bayesian average predictions

Tk R’ MAE RMSE

DL 44 F- 2 0.969 1 0.1264 0.216 1
XGBoost 0.635 2 0.510 2 0.7425
MARNet 0.944 8 0.1640 0.2890

XGBoost [[] I

200

150

B

100

50

o R 22

EZ2 Rt R

200

150 ]T V

B

100 -

50

—0.2 0 0.2 0.4
o ¢ 2%
11 XGBoost 5§ MARNet ZE I & MR E 5 Fi B
Fig.11 Error distribution maps of XGBoost and MARNet in the
training set

5 4%

1) DT 3 4 0 V0 R LR B R IR 2 o 5 TR B 2
X WA J7 1 %31 T XGBoost 1l 17 5 MARNet # K
Ay TN T % o 3 A 51 A BRI SR I Y DL o 1y
Fill 5 SR, A RO R S TR IE 2 ) R B A S 1A
PO T XGBoost 78 FFAF AL B T B @ sk, X
WA T HAEZARE J) B AN, DT S 3 4R T T K
Sy T PERE . SCEG A5 SRR Al A AR 7 DU
AR b SR I O 5 0 TR B AR E P L B E T %
05 VEAE T ORI 4 T90I v By T AT E

2) it T & 2 E 1 MARNet, # of
FIAZ 2 EE L, 755 R T RGBHSI A
YUV = Ff i 2 (8] B B4 U 3, 38 1 ol 1 2 1)
KT E MR ER 2= I BE 1. LR g5 R,
MARNet 75 Ab F i 36 45 18 16 IR [RIR ), B8 198 01 A 2L
i A R OC RERRAE B O TR AU B R AR RS B R B
PE DT FE K 43 500 A 55 v 3R B0 B g A A A 2 R



5% 3 4

SR, 4 5L MARNet 5 R AE TR Rl %) 17 3805 8 e 43 T0 0 75

539

Z ke

71

Pl A5 4 i 0 i JFL o ik R P R 5 K o 1) g R O e
3) R R 7 I g A SR ICRHIE RO B REOS IR BB e (5 R, 3 M R R SR B

S % Lk :
[1] FEREE R8s BOR E i 5 [ R [T] B B2 80K, 2022,5001) 1 1-27.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

WANG G F.Latest technological progress and problems of intelligent coal mine[ J].Coal Science and Technology,2022,50(1) :
1-27.
WA SRR WAt B, A SO SR R B T ) BB K A RESE WA LB T ] i R L 2024, 30(5) 1 172-179.
YANG C H,DONG X S,CHEN R X, et al.Effect mechanism of bubbles on pressure and dewatering performance of flotation
clean coal filter press[ J].Clean Coal Technology,2024,30(5):172-179.
o BT A I s TR ) RE A B R [T ] R R, 2023, 29(S1) 1 154-158
SHANG M. Application of online coal quality detection equipment in intelligent construction of coal preparation plant[J].Clean
Coal Technology,2023,29(S1):154-158.
EB, E R BB, S5 L TR 514 55 Fl TCNformer i B ARTRE I 43 25 B (T ). T8 A 84k, 2024, 50(5) : 60-66.
WANG J, WANG R F,WEI K, et al. Multi-step prediction of heavy medium clean coal ash content based on time series align-
ment and TCNformer[J].Industry and Mine Automation, 2024,50(5) : 60-66.
FEV LW I5R, FARM A T EMD-RF 53k (9 5L RSB > BN PFFE LT ] 5 T, 2023, 55(10) : 174-179.
LIZ,MENG Q R,WANG R F,et al.Prediction of heavy medium clean coal ash content based on EMD~RF algorithm[J].Coal
Engineering, 2023,55(10):174-179.
TR, E AR AL T 2 U S R R 00 TR R A 43 7 ARG I B R W5 e (D)L B e B R, 2023, 42(2)
233-238.
FAN F B, WANG R F, FU X.Research and application of online ash detection technology for flotation clean coal based on
multi-source heterogeneous information fusion[ J].Coal Technology,2023,42(2) :233-238.
QIU Z Y,DOU D Y,ZHOU D Y, et al.On-line prediction of clean coal ash content based on image analysis[ J].Measurement,
2021,173:108663.
JAMESC, T AR, AT 26T 17 i A R A Do e K B B L)) A M F 52 45 T %, 2021, 41(8) : 172-177.
ZHOU B W, WANG R F,FU X.Experimental study on ash detection based on flotation tailings images[J].Mining Research
and Development,2021,41(8):172-177.
ML WA S TR R UK R IR B A5 B B S ERE T ] B T 1, 2024(2) 1 25-38.
BU X Z, YANG Y L, WAN H. Research progress in predicting concentrate grade based on flotation froth images [ J]. Metal
Mine, 2024(2) : 25-38.
ZHANG Z 1.,LIU Y,HU Q, et al. Multi-information online detection of coal quality based on machine vision[ J].Powder Tech-
nology, 2020, 374:250-262.
CUI'Y,ZHANG K H,LV Z Q, et al.Exploring the effect of various factors for ash content estimation via ensemble learning :
Color-texture features, particle size,and magnification[J].Minerals Engineering, 2023, 201:108212.
WEN Z P,ZHOU C C,PAN J H, et al.Froth image feature engineering—based prediction method for concentrate ash content
of coal flotation[ J].Minerals Engineering,2021,170:107023.
ZHANG K H,WANG W D,LV Z Q,et al.A CNN-based regression framework for estimating coal ash content on microscop-
ic images[ J].Measurement, 2022,189:110589.
LU F,LIU H,LV W.Deep correlation and precise prediction between static features of froth images and clean coal ash content
in coal flotation: An investigation based on deep learning and maximum likelihood estimation [J]. Measurement, 2024, 224 :
113843.
BRI KU . 35 T 4% 52 5 2 90 2% 99 ML 9 6 Y0 R PR P 3 2R s 7 [T ) BE R R, 2023, 427D - 226-229.
YANG L S,LIU H T.Classification method of coal slime flotation froth images based on deep residual network[J].Coal Tech-
nology,2023,42(7):226-229.
G 1, Jo s, AR, 4 T BP 28 4 B SRR SR S LT ]G T S T, 2023, 52(12) : 8-13.
WAN H,ZHOU K Q,ZHAO L F, et al.Research on coking coal flotation model based on BP neural network [ J].Industrial
Minerals &. Processing,2023,52(12):8-13.
WEN Z P,ZHOU C C,PAN J H, et al.Deep learning—based ash content prediction of coal flotation concentrate using convolu-

o AELAE P R BRI 3 U PR — O TR R 2 R OK B AR AT L4k 25 W%E%?@iﬂiﬁ@%ﬁéﬂA'ﬁ
A REZ MG 5 K oy AR A BE A S B T TR AR o WIR BIRUES SR, DU 2 BN 20 i) Tl



540 b NI R N S 3 55 57 &

tional neural network[ J].Minerals Engineering, 2021,174:107251.

[18] YANG X L,ZHANG K F,NI C, et al. Ash determination of coal flotation concentrate by analyzing froth image using a novel
hybrid model based on deep learning algorithms and attention mechanism[J].Energy,2022,260:125027.

(19]  #TF, F 2258 XFEZ, 4 HT CNN—BP B 8 R OR 7 8 s N 5 i [T, T8 A 31k, 2023,49(3) : 100-106.
HAN Y, WANG L H,LIU Q S, et al.Intelligent detection method for flotation tailings ash content based on CNN-BP[J].In-
dustry and Mine Automation,2023,49(3):100-106.

[20]  GB/T 30046.1-2013 #EH RO IS 55 14 - il id LS ).

[21] TAN M, LE Q.Efficientnet: Rethinking model scaling for convolutional neural networks[ C]//International conference on ma-
chine learning,2019:6105-6114.

[22] ZHANG J, TANG Z H,AI M X, et al.Nonlinear modeling of the relationship between reagent dosage and flotation froth sur-
face image by hammerstein-wiener model[ J].Minerals Engineering, 2018,120:19-28.

[23] HARALICK R M.Statistical and structural approaches to texture[ J].Proceedings of the IEEE,1979,67(5) : 786-804.

[24] ARUNACHALAPERUMAL C,DHILIPKUMAR S.An efficient image quality enhancement using wavelet transform|[ J].Ma-
terials Today: Proceedings, 2020, 24 : 2004-2010.

[25] 2= XUJERE . H T XGBoost MAFEZEFE 74 [T] 8155k ,2019,40(10):2019154.

L1Z S,LIU Z G.Feature selection algorithm based on XGBoost[ J].Journal on Communications, 2019,40(10) :2019154.

€ LS TEA)



