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Operating Performance Assessment of Flotation Process
Based on Multi-source Heterogeneous Information
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author: LIU Yan, E-mail: liuyan@ise.neu.edu.cn)

Abstract: In view of the coexistence of image information and process data information in
flotation process and small differences among features of different operation state, a novel
operating performance assessment method based on multi-source heterogeneous information and
deep learning was proposed for flotation process. Firstly, a residual network (ResNet) is
established to extract deep features with more discrimination from original images of different
performance grades. Secondly, a stacked sparse performance-relevant autoencoders (SSPAE)
model is proposed, which introduces the state level label into the model training to overcome the
problem that the traditional autoencoder ignores the state-related characteristics. Furthermore, an
image and data feature fusion model based on attention mechanism (AM) is established, and
then the fused features are used as the inputs of the SoftMax classifier to train the operating
performance assessment model, realizing the reasonable and effective utilization of the
multi-source heterogeneous information. Finally, the flotation process data is used for simulation
verification. The simulation results show that the proposed method is superior to other comparative
methods, verifying its superiority in evaluating the operating performance of flotation processes.
Key words: operating performance assessment; multi-source heterogeneous information; deep
learning; attention mechanism; flotation process
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Table 1 Variables of the flotation process
75 T L T A A

1 HHTE Xl 3 cm/s 16 T BEHLRTI AT 1A cm

2 R Yo cm/s 17 TFEHLR I & 2 A7 cm

3 FH I AR A 18 TEBEHLRTIN A5 3 WAL cm

4 ishria bk ¢ A 19 TERERLAI A5 4 WAL cm

5 HHIE /N AL A 20 T BEHLRTIN A 5 A cm

6 HH A I T AR BE 21 TEREHL 1 s e m’/min
7 FHLE H I AR g% 22 AL 2 A i m*/min
8 FHAE /N TR AR B& 23 TFPEHL 3 A I m’/min
9 FHIE IR E P % 24 TR 4 78 i m*/min
10 FHLTE IR R PE % 25 TFIEHL 5 7R e (E m*/min
11 FHLIE /N ERE PE % 26 AL 6 78 il & m*/min
12 HH G Y AR % 27 TEIEHL 7 A I A m*/min
13 FHIE G A5 7] ° 28 TR 8 T A il m’/min
14 HH 3 AR A % 29 TEREHL 9 A i I e m’/min
15 FHE EREE %

TE 37 F T ResNet A KRG AR AIE H2 OB AR B
TSNS H AT , e ResNet NZ5HY (V=3 ,
N=2) W 2 s LU — B RUZ 6, i A&
BRI ST R 64 15 % x 64 122,34Vl , B FUZ R
H324 3x3 IR i s DK R 2. /Mt IR
BAZE F 256, H)11 25 800 4V . T 500 F5 Yk )11 25
SR A ) AR E N 107, 5 300 55 IR 27 ) R
WA 107, 2B (R 55 U SEE  1] 3551 96.5%.

7 37 T SSPAE A4 B 45 £ 42 B A Y
I, 75 5 % [& SPAE il PAE [ & )2 B0 #6474 4%
PERE 19520 . 8] 8a F1 8b 43 W) JE /R T 7E VI ZR4E |
24 1,=8 Fll L, =2 I , SSPAE F¥ fEHf % i & SPAE Fl
PAE [ 7 2 B34 i () A2 A 1% Dl . e 0 5 1)
SSPAE #5 R i) 25 ¥4 4 [ 29, 300, 300, 29, 26, 23,
20,17,14,11,4 ], Hrp 29 J&4m A JZ 95 540,300 /2
21> SPAE i 2 19 19 %80, 29,26, 23,20, 17,

0.96 [ (a)
0.94 -

0 1 2 3 p
SPAERE ZH

14, 11 50 52N [6 A9 PAE BB J2 019 55 50,4
i 12 R BEE S R R 1107, B/ ML IR B
H}256,8=1,p=0.05, 3% 100 51K .

T2 HRENKLEN
Table 2 Structure of ResNet

#R it A S8

BRZE 32x32 3x3,32, B K=2
S LR A e 32x32 3x3,32, %K =1
A LR AR 32x32 3x3,32, % K=1
i 25 B B AR 32x32 3x3,32, #K=1

AL N ENER 16x16 3x3,64, HK=1
A B AR 16x16 3x3,64, 5 K=1
A LR A 16x16 3x3,64, K =1

PR WL AR 8x8

i A5 B A e 8x8 3x3,128, K=1

i A B AR R 8x8 3x3,128, K=1
A2 128 —
EEE 11 —

3x3,128, 2 K=1

0.964 - (b)
0.962
0.960
0.958
0.956
0.954
0.952
0.950
0.948

1 2 3 4 5 6 7 8 9 10
PAER & E$

E8 HMEMRIEHHEL
Fig. 8 Change of accuracy rate with numbers of hidden layers
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4 ResNet £ 1) KL F#IE T SSPAE 2 B (1)
LA EI L R (10| BB U IS ER:s 22§ | e s = WAy il B

BRE Bl 4, 7R 57 3t T ResNet—-SSPAE #1 ResNet—
SSPAE-AM 1 ¥F #i #& #I . ResNet-SSPAE #lI
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ResNet—-SSPAE-AM [ Il Ziad i v, 2% 2 R ik
13107, YRR YR 200, B/ MR BN 256.
3.3 B&BEEZITMH

TEL VP, MR A Fe A0 55 5 447 MAEAS
Horp 55 1~1 061 MHEAE TAREFHR 2,58
1 062~2 384 MHEAJE TAREEH ™, 55 2 385~
3959 MR TAREEIL R, 55 3 960~5 447 4>
FEAE FIREFHR M. K 9 Jy 3 F ResNet,
SSPAE, ResNet-SSPAE Fll ResNet-SSPAE-AM [/
TE 28 VF M 45 S . JE F ResNet, SSPAE, ResNet-
SSPAE 1) ¥ 4y J7 1% 1Y #E B 2% 20 9 S 97.41%,
96.62% 196.97%, 1M % T ResNet—-SSPAE-AM [
VRO J7 ik B HERR S d s, AT IR 5] 97.78%.

BEAh, 3% 3 Pk FLB T ASRIPEA J5 ik A 23T

Ma RS A RIRAFIE . NRITLE
22T ResNet-SSPAE-AM f¥ - J5 1 16 K
IR YT AR RS ARAS B = RS HER ) TR
FFUAH s [RIBS RSHESR A R FUE R IBCTE)
387 T HoAts 3 Fp 5 1 AR PR i b, o Tk
— Ut B AE BRI AR B AR R AN RDIR S
Srp T fAE R, B 10 BB R T 3 F ResNet—
SSPAE-AM I 7E LT v G FVECHE RRAE AE A
PR SR 1 A . & 10 T %0, [
FIVECHE FFAEAEAS PR S b VR F A S5 TR
B2 1) B — SRR ORI SRRAE fA7 SR P 22
A AR TCIEAR I M A RS S A STARAE 3ttt
— UL T AR ST 4R Y Y 3 F ResNet-SSPAE-
AM WP D5 200 A LR L vk i SR A

50 + ResNetPPAH45E ERER L « SSPAETFMEER - ERER
4-(a) * HE R ® Ht K +
ﬁ 3 Jokr M H%@Hmmmmmmmmmwm Mt wmmmmmmmmm%
ﬁzsmw * WWWWMWW*%*M#M******* wammmmmmmmwww* -
1 WWHHH K 4+ o+ W HHEE R % Rk
0 1 1 1 1 1 1 1 1 1 1 1 1 1 1
51 + ResNet-SSPAEPPMEE R - LRER L + ResNet-SSPAE—AMPEMEER - LR
4 ©) praee HORTERE KA @ B I i i
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Fig. 9 Online assessment results based on different methods
(a)—HT ResNet (YTELIFAY; (b)—HT SSPAEIITELITAT; (¢)—HE T ResNet—SSPAE [ 7ELIT A ;
(d)—3ET ResNet—SSPAE-AM [ 7ELE T4 .
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Table 3 Precision,recall and F1-score of different assessment methods

%

N : IREEY iy
Hor Ik > . m m A4
ResNet 97.93 96. 56 96. 41 98.90 97.42
o SSPAE 92. 68 96.75 97.12 98.98 96. 67
ResNet—-SSPAE 93.55 98. 88 96. 68 98.32 97.05
ResNet—-SSPAE-AM 96. 13 99.29 95.93 99.73 97. 82
ResNet 97.93 97.73 97. 14 97. 04 97. 41
o SSPAE 97. 83 94. 48 96. 51 97.78 96. 62
Gl ResNet—-SSPAE 98. 49 93. 65 97.71 98. 05 96.97
ResNet—-SSPAE-AM 98. 21 95.31 98. 67 98.72 97.78
ResNet 97.93 97. 14 96. 77 97.96 97. 41
Fl- SSPAE 95.19 95. 60 96. 82 98.38 96. 63
score ResNet—-SSPAE 95.96 96. 19 97.19 98.18 96. 98
ResNet—-SSPAE-AM 97. 16 97.26 97. 28 99. 22 97.78
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