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Froth flotation purity prediction based on Wasserstein
GAN data augmentation

WU Haosheng, JIANG Pei, WANG Zuoxue, YANG Bodong
(College of Mechanical and Vehicle Engineering, Chongqing University, Chongqing 400044, P. R. China)

Abstract: In the mineral processing industry, accurately predicting concentrate grade can help engineers adjust
process parameters in advance and improve flotation performance. However, the prediction accuracy of
concentrate grade has been restricted by small sample sizes, high-dimensional data, and complex temporal
correlations in actual mineral processing. To address the predication challenges associated with small sample data,
a time-series data generation model called LS-WGAN is proposed, which combines the Wasserstein generative
adversarial network (Wasserstein GAN) and long short-term memory (LSTM) neural network. The LSTM
network is mainly used to capture the time correlation in mineral processing data, while the Wasserstein GAN
generates samples similar to the original data distribution for data augmentation. To improve the prediction
accuracy of the concentrate grade, a mineral processing prediction model called C-LSTM is established. The
prediction accuracy of the proposed method is verified through experiments based on real froth flotation process

data.
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#1212 (long short-term memory, LSTM ) % 45 Sy £X 3% i U= 5 2% 2 B0 PR VR 2 02 4% R R 0% 1 2R A IS 8 T
FoAR el 27 > J7 1 T v B B2 o LR Bl ) s ek IR T R B 2 o) B Y M RE S 5 3R IR AL 1Y 1 e
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HEBEAR ;D (G (x)) B FEAB A & ERHER . i T4 GAN S E AR TE I 2R AT R B2 2% 1 ]
L, Arjovsky ZEPHE H ff B Wasserstein 25 4 filf & B S o0 A 5 AR OB o3 A 2 (RIS 22 5 AR AR | i e T AR
HYHE R AT . Wasserstein GAN B4 2% pRETE SLANE .

minmaxE.Np [D(x)]-E.,.,[D(2z)]s (2)

A, LJ& 1 - Lipschitz pR%X, & T i /£ 1 — Lipschitz £ 14, Wasserstein GAN H1 % F A E %5 57 A% 7 728 X 11 5] 2%
AR I A2 R
1.2 KEHIZIZ M %

116 B #ih 28 9 45 (recurrent neural network, RNN) T H 45 5k (9 25 44, 3 28 J] 7 AR ¢ &= A
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Fig.1 LSTM structure
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DAY fdf B LS-WGAN Az 8B 19 A A I A YI 254 v il 5 2500 4, 3 s B0 22 111 25 C-LSTM ; i Jim |, filf
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LSTM JZ W55 12 5 i 1> LSTM BT /i 1 " 9 4% 36 3 (1+ 1) J2 55 > LSTM B0, fie Ji — )2 i 2B
EEENFES) G (2) e RT. F g 24 LSTM 2 M4 & 2 2 A, 582 A9 LSTM B oc el 1284, 45 /& i A
JP 5 x e RT,F50 ai it AR 3R LSRR AR AR BURE AR 22 [H] Wasserstein B 25 1 55 52 18
7E LS-WGAN Y Zrid #2 b, D A1 G AT /R R 3% LM eR 2V (D,G ) E L h

min max V' (D,G)=E, [ D(x)]=Ep [ D(G(2)) ] (6)
K :p, (x) Flp. (2) 53 AR IR E I x FIBENLIE S 2 1 73 A1, E R8T An th 46 8 40 A i 228 . i S8 Ao A
PR m ABENLT IIREA { 20222} B A p, R m D FEA { X @ x™ e i T A 2% R AL
16 B8 2o A P 4R S R ok K ARG IR) B, Wasserstein GAN B 4 4k 2% 1fF ] 25 75 # 4% 38 (root mean square prop,
RMSProp) B AR 54 GAN HH iy Fﬁﬂlﬁf;@“?ﬁ%(stochastic gradient descent, SGD) 874" HI I8 D I ALE
FEHUE .
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C-LSTM 247 2 A4~ 2 WK 1 43 32, 43 0l F SR 22 Wtk B AL B2 S 40 T2 240 i T B M & W 4
(convolutional neural network , CNN ) 3t K 1% 53¢ AiF £ ORI 4 248 58 07, A5 780 v ff FH — 48 36 B it 228 1) 288 o) i A 1) v
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1 5k 43 5 Sk 16 1 32, % oA AR Relu, 34 LSTM 2w B 76 AN B9 02 30, Kf 5 1 1 4 £ 1 (adaptive
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ey, R HARH 59, 28 B0 R A T it 5 n 2278 B OB AR P U REAS R

3 SLIER

3.1 HIEmAE

SRR R — AR A IF R I T 20174E 4 A 2 H 24 S E 9 H 9 H 23 £, R B E Tl OGRS 7
VR MR A b B A RE R, BRI TS B RS R SR 28y, Horh T
28— 194 CRFEE R 20 s #F I RHAEE 28— 20 40 CRFERIFR O 1 h, E3E 691 200 S8l AR A,
MR TR . FETRE) WA = ik A b A R Rk 0 A V7 BE B[R] 5 6 h, 43 A7 B4 06 46 0T 41, 48 1 080 A% 4l
(TE] B 6 h) Hh Ay 28 Ak 2 J3 A ), 7+ Ak & 38 4 R 1 h A8 A — R PRI AR i 2k 0 A 1L R A R ] 0 3 A B i
X537 640 A FEAS B LA T 90% A FEAS (576 /> ) 1E Sy T AL AL () IR 4R T80 T 1 10% (64 ) VE R U 4R .
BEAFEAR B KN 1080x23 4, Horp 1 080 /2 A b vk B dls 1K B, 23 BAEARRAEZE FE o Oh T 3k S Bl b A
[vi) R 1F 114 0 4 % 00 225 R 014 5% o, DRI A0 B30 B, o B iE AT A — AR AR BN

X — X min

x="" (10)

Xmax = Xmin

A x LR 70— A BRI x990 2671 xR B SR /ML A B KA, xR 85 UH — AR Ak BR S A (L.

®1 FEHEENSA
Table 1 Flotation dataset

ELieS| SRR A X A [1] B
%]Iron Feed, % S Bk A i (L 20 550
S %Silica Feed, % JEAT A7 AR O 5 43450
ali Jif %]Iron concentrate, % Ko 8k & = (o 50 h
%S$ilica concentrate , % A AR i (R4
Starch Flow,m*-h™ TE A A0 1 500 4
Amina Flow,m’-h™ JHE 2 Al S5 P
7 1k Ore Pulp Flow,t*h™ W3 i
T Ore Pulp pH[0~14] 3K pH 20 s
4 Ore Pulp Density,kg-cm™ 47355
Flotation Air Flow 1-7,Nm’-h”' TEEERE 1~7 oy a8 RO i
Flotation Level 1-7, mm TEEERE 1~7 B R 2R

3.2 %S HIEERITFNIER

LS-WGAN I 5 L U /N Ry 64, A2 Il A1 5] 45 1) 27 ~) AR G0 —BL M 0.000 05, C-LSTM FY ¥l 25
2] AL E O 0.000 1, HAE R /N FIYI R R B 53 i 5Bl 64 F 200, SE 5% 5L T Tensorflow 2.0 R FE 2% > 4E
28, BEHUE R Nvidia GTX3070 T Windows 105 BEAT I Zk . 2 1 56 ik F0I0 AL TR0 F) 05 38, 30 o 1 3% 268 X 1% 2
(mean square error, MAE) 13 75 #3 1% 2% (root mean square error, RMSE) A £ 28 1% 1 1 fE , MAE fi & 45 74
FoUI A RN S =2 B8] 1Y B4 48 %% 25, RMSE i i 1 FINE 5 B S E Z R A ¥ 5 iR iR 25 i AT .

MAE:%i]y,—yﬂ, (11)
i=1

RMSE = (12)

) BRI B sy, TR i TUNAE ; n RN FEAR BB
33 XWERSHW
ST R B £ T G 640 N EEAR 4R T AR U A LS-WGAN I 25, 4580 (4 31 248 2 {5 A8 Ak an 1 5
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JI 7, A0 531 i R A i ) 458 2 I R AR O iz i s/ =Bk, TR 500 YR, A= i s A i 5 A I
G AE LR P sh Bk . e 800 YN 2k 5 , P14 B9 58 2% (EL T 1R 32 W s > BB 8k, 755 1 500 Uil 2k
I, A RS R 25 B 461 2k E 2 M08, Wasserstein B 2 £ € 75 0 76 47, 32 W 2R JIRORE AR 5 LSRR AR 23 13 22 [8] 9 22
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Fig.5 The training loss curve of LS-WGAN

i P YN 2R 4 % B A Y C-LSTM #EAT YN 2R, D 1 50 BV PPl C-LSTM B B 1 BE , K A58 28 Xof ] X 42
F18) 0 R L S AR i B, S R AN TRT 6 B s o T LU Y C-LSTM X S Ak fik & & ) BUIN (5 55 LS PR AR
P2, TO0I ) T 357 48 0F 15 2 R E 5 AR AR 22 43 ) U2 0.42% F10.61% o AERE AN IR e W], PO o v — Pk ik 5 it

A9 72 A0 N 0.6%~5.365%

64

6 - - HIMH
—=— THAE
g5k o0 11 e
;BN N it
‘%-4' i "‘I‘ ll
S ! v L R
¥ 3} I ! |
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Fig. 6 Comparison of actual and predicted values

7 AEW] LS-WGAN U4 14 5 1) A R0 L 43 ) T D 4 5CHE A ARG s AR AR VI 2k C-LSTM . Y 5 5 4fs 46 LU
Ji 4 A A Oy Rl A AR U8 R 2 TR L AR U AR B LA 50 2B KON 038 R B 900, ARSI XS I T
[ 4 Fb ¥ B 2 2 AR B LSTM |, 1D-CNN LA & FNN Fll C-LSTM, H: /f LSTM #& Y 1 3 & (19 LSTM 2 4 %,
1D-CNN H5 7Y ply — 24 5 FH ot 28 000 45 )22 2 1, FNIN RS 8 ¢y 4 7 42 2 2 B 4 IR TR )11 2 19 483 K bR B HE TR K/ |
PEACES 2 20 F AN G B AR [A] I 25 5 W o < 06 A 348 s 85000 42 00 43 R U ZR 4 (90% ) FH L 4R (10% ) , 482

Az REAS AT AN ZRAR 100 I 3K 4 12 8 64 4 A ] ) FLSEREAS

SCI 25 B AN 3 7k, C-LSTM . LSTM . 1D-CNN H1 FNN 45 78 75 [ 4 B4 4 b 0% 000 - 347 46 %o} 15 2% 43
J20.42%.0.46% .0.63% F1 0.59% , Y9 )5 #5222 43 5 2 0.61% .0.62% .0.87% #11 0.83% ., 1D-CNN FI FNN A 75 il
A FEAR T LSTM Fll C-LSTM, iX J2& Al > FNN & % F& 00 A /9 B 18] A1 DG, 1D-CNN IE & 4b 3 4 4 /Y s (8] e 1)
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s, C-LSTM A1 LSTM W B A 55 i < iy B 4is A R GE 77 . BT C-LSTM 1 J2 F1] I A& B 28 I 45 Xof
AN e 4 T 202 B AT R B2 UM B 4, AN U0 T 4 54 S 31 1 i s RN B A 4 MR T T ELIE 3G K T LSTM (1)
KBt fa] 2 8 AL BRBE 1. PG, C-LSTM HLAT Hb LSTM A5 AU 5 4 iy 33 0 4 i
BEELE

Table 2 Dataset settings

x2

BAiE  AHADNE AN

Bt HEADE DhEEARA%L

BAite  HHADNE DhEEAN R

A 640 0 H 640 350 0} 640 700
B 640 50 I 640 400 P 640 750
C 640 100 J 640 450 Q 640 800
D 640 150 K 640 500 R 640 850
E 640 200 L 640 550 S 640 900
F 640 250 M 640 600
G 640 300 N 640 650
®3 ATMRBITN S RIS
Table 3 Comparison of prediction results of four models
MAE/% RMSE/%
LIRS
C-LSTM LSTM I1D-CNN FNN C-LSTM LSTM ID-CNN FNN
A 0.42 0.46 0.63 0.59 0.61 0.62 0.87 0.83
B 0.38 0.45 0.53 0.49 0.54 0.62 0.78 0.75
C 0.38 0.40 0.51 0.48 0.56 0.61 0.76 0.73
D 0.32 0.37 0.47 0.45 0.48 0.53 0.71 0.69
E 0.38 0.35 0.47 0.43 0.58 0.51 0.72 0.68
F 0.34 0.34 0.44 0.40 0.55 0.54 0.70 0.66
G 0.29 0.30 0.39 0.37 0.46 0.50 0.65 0.62
H 0.28 0.27 0.4 0.37 0.48 0.47 0.63 0.62
I 0.26 0.27 0.37 0.36 0.48 0.44 0.64 0.61
J 0.28 0.28 0.37 0.36 0.48 0.46 0.65 0.60
K 0.29 0.31 0.41 0.40 0.51 0.54 0.67 0.65
L 0.33 0.36 0.38 0.39 0.55 0.63 0.67 0.65
M 0.25 0.27 0.36 0.35 0.50 0.47 0.64 0.62
N 0.27 0.26 0.35 0.32 0.47 0.50 0.65 0.62
(0) 0.27 0.27 0.38 0.35 0.49 0.50 0.66 0.63
P 0.23 0.25 0.32 0.29 0.49 0.50 0.63 0.59
Q 0.23 0.24 0.35 0.34 0.43 0.45 0.63 0.62
R 0.23 0.23 0.36 0.33 0.49 0.50 0.64 0.62
S 0.23 0.22 0.34 0.32 0.45 0.43 0.62 0.61

C-LSTM ,LSTM ., ID-CNN LA K FNN f FU i 5 2 28 40 4 P 7 Jiv 7w A ] 6 28 118 39000 5 22 4% i 3 A 40 45 56
T 328 BT/ o AE 2 BRE AR AN BG83 900 AN I S 24 48 %45 22 23 9 2 0.23% .0.22% . 0.34% £ 0.32% , 24 J7 i
ZE53 2 0.45% .0.43% .0.62% F10.61%., LI 45 FAEH] T LS-WGAN £ 4k 14 5 A% 43 %50 A5 780 i) 10 000 14 5 A
FEAS (R 500CHE 52 TE A DG, SUHE T 22 9 G A5ORE A J2 B8 1o 55 780 1 8 e L 42 R0 A A T vk o
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Fig.7 The MAE and RMSE of four prediction models

FE SR A 77 A B o e S TRk T S BOR TR e P BB IR AR 2 [A) AG Bl S T LAES B Ak it AT T S
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