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Working Condition Recognition Based on Lightweight Convolution
Vision Transformer Network for Antimony Flotation Process

Chen Yifei, Cai Yaoyi, Li Shiwen
College of Engineering and Design, Hunan Normal University, Changsha 410083, Hunan, China

Abstract It is highly subjective and has a large error to identify antimony flotation conditions by manually observing the
characteristics of antimony flotation foam, which seriously restricts the flotation performance. The recognition method
based on computer vision has low cost and good effect. In view of the above problems, a recognition method of antimony
flotation conditions based on light-weight convolutional visual Transformer (L.-CVT) is proposed. The stack of
transformer layers replaces matrix multiplication in standard convolution to learn global information, replaces local
modeling in convolution with global modeling, and introduces submodules in the lightweight neural network MobileNetv2
to reduce computational costs. The proposed method solves the problem that convolutional neural network (CNN) ignores
the long-distance dependence within flotation images, and makes up for the lack of inductive bias of visual Transformer
(VIT). The experimental results show that the accuracy of antimony flotation condition identification based on the
proposed method can reach 93.56%, which is significantly higher than VGG16, ResNetl8, AlexNet and other
mainstream networks. It provides an important reference for antimony flotation data in the field of condition identification.
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B2 AR AN EEES (a) 1 5(b) 11 5Cc) M5d) ViCe) Vi(H W
Fig. 2 Flotation pictures of different working conditions. (a) 1 ; (b) II'; (¢) lll; (d) IV (e) V5 () VI
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Table 1 Feature description of different operating conditions

Category Flotation condition Category feature description
. The bubbles are very sparse ; the particle loading is much lower than normal
Class [ Abnormal )
and the bubbles are with gray appearance
The bubbles are sparse ;the particle loading is a little lower than normal and
Class 1l Poor )
the bubbles are with gray-black appearance
i The bubbles are medium in size and messy distributed ; the particle loading is
Class [l Qualified )
normal and the bubbles are with black appearance
. The bubbles are medium in size and evenly distributed ; the particle loading
Class IV Medium . . .
is normal and the bubbles are with bright appearance
The bubbles are large in size and evenly distributed ; the particle loading is
Class V Good : . .
higher than normal and the bubbles are with bright appearance
. The bubble are the largest;the particle loading is much higher than normal
Class VI Excellent

and the froth is viscous;the bubbles are with water-shiny appearance
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Fig. 3 Relationship between working condition and grade
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E 11 CutMix 8% E
Fig.11 CutMix rendering

2o Ml s AR

Table 2 Experiment of data augmentation comparison

Method Top-1 accuacry /%
Flip 89. 64
MixUp 90. 83
CutMix 91.39
Filp-+ MixUp-+ CutMix 93.56
None 86. 55

AT DL KR B AR T Y 2 U B T I R AR 4 2 SR G
WIB6H 256 Z R 15 7 vk | e ik — 2D R T+ 4% PR g
LI HE R R YRR AR KR A I K BN B 5 1 R B
VIR BB — R s A R, T
SACHR T I 45 18 32 A R R

4.3 IHERE

A% S5 il B 4 R 15 F O Python 3. 8, SR FHAE 42
J&PyTorch 1. 7. 1, 383217 #535% 4 Intel(R) Core(TM)
i5-10210U CPU(1. 60 GHz) .Nvidia RTX2080Ti GPU
Fl Intel(R) Xeon(R)E5-2640 CPU(2.40 GHz) . M1
TSI N S BT AT X B ASE TR Ky i A ) A 52 06 2R
B KL o KA TR RS KN E R 256 X 256,
SRy IR T £ B U 2 B e R AR AL R R A —fk Ab
ORI — B[ —1,1].

SR AR A HE G AR R DE A R AR L R RN
BN 64, S5 R ACE B (epoch) I B R 50, 2 RE
— AR EE SR, B R 4B 5T 1 R
WE K A R B B, SRR SRR
% 1 5 5 /0N ) IR 8% 1 WA SSORICER R A S B0 it
] a0 PRI, AR S 6 45 (] B R 4K 27 2 SR K0 IR oF

MRBE N L0 X 10, R E I W E R 0. 1, M
AR 10, e L4 i &% 2 £ Adam AL % | 51 2% o 4L
VPR SR bR . BFE P PR E R 0.5, M
SR 3R, b FLOPs /R I 2038 58U
Params %/~ 2 8 .
#3 L-CVTMZ%KSH
Table 3 Network parameters of L-CVT

Layer name Output size Output Number
channels

Conv-3X3 128 X128 32 1
L-Conv(stride is 2) 64X 64 48 1
L-Conv(stride is 1) 64X 64 48 2
L-Conv(stride is 2) 32X 32 64 1
Conv-VIT(M=2) 32X 32 64 1
L-Conv(stride is 2) 16X 16 96 1
Conv-VIT(M=4) 1616 96 1
L-Conv(stride is 2) 8X8 128 1
Conv-VIT(M=4) 8% 8 128 1
Conv-1X1 8 X8 384 1
MLP 1X1 6 1

FLOPs: 6.01x10" Params: 2. 33 MB

4.4 TWHERFMEMEETME

T AR ) S 56 R85 K e B R, %o TR o S i gk AT T
B, R H] AlexNet,.VGG16 . ResNet18ix 3 FriH 5
W 2% 55 BT 18 0 4 AT X0 L S B o 2 4 R 3 3 AR L
S EE SR

FZ 545 M T # T L-CVT. AlexNet, VGG16,
ResNet18 3% 4 Ffr A [ 5 7Y it 6 15 & T 150 P 591 v 0 %
Hop JF L-CVT W T B0 HE B 2R R 93. 56 %, 7E 4
Pl 0 45 v b R o L-CVT A A HoAth 3 7 0o 2% 1 75, HA i
A R A B T 15, 234 0 8. 54 A A
5.23 1AM

FTF L-CVT . AlexNet . VGG16 .ResNet18 ) £ 17
BE T 950 I B A fE R X L R R R 12 s . AR 12
A LLE B, L-CVT W2 76 50 ik i 72 rp, 350 50 o ) %R 0
AR TE, 7E 20 A 56 0F 58 BUE A AR WSk, A A H A
TR, L-CVT 2% 518 3] o 1 25 il 2 A0 X Wi A
L, HEA R EAMEE U L-CVT M B
K45 172 AL BE 1 AR e 1 001 g

BRIt Z b, 3 6 Won T ASF W4 033 2 244 5 .
TR R K /N A 256 X 256 & K/l 64 1,
L-CVT £ % % ¥t & J 2.38 MB, FLOPs Jy 6.01X
10" 7 HFH [F) 5% 96 30 5% K e B (41 00 T, T $ 455 70 AR 458
T AlexNet,VGG16 ,ResNet18 ix 3 F i B i 5« H &
B o R AK 29 31. 28 MB .43. 91 MB . 8. 8 MB; it &
A FEAR 24 3,32 10, 5. 08598 X 10", 9. 192X 10",
25 iR L-CVT W 2% B & 047 i Ve GE L fE 0% 00 4 1
SEEER T T AR
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F 4 AlexNet .VGG16 ,ResNet18 () ZH B R
Table 4 Main parameters of AlexNet, VGG16, ResNetl8

AlexNet VGG16 ResNet18
3 X 3, 64
Layer-1: 11X 11,965 maxpool-3X3 Layer-1: 5% 3. 64 ; maxpool-2X 2 Layer-1: 7X7,64 ; maxpool-3X 3
I 2: 5X5,96 1-3%3 I 2 83,128 ] 1-2X 2 I 2|2 H 0 g
.ayer-2: 5,96; ma - .ayer-2: ; maxpool- .ayer-2:
aver VoD Maxpoo Yt g 3, 108 P Y 3% 3, 64
[3X 3, 256] - .
3 X3, 128
Layer-3: 3XX3,384 Layer-3: | 3 X 3, 256 |; maxpool-2X 2 Layer-3: | . X 4
3 X 3,128
|3 X3, 256 - -
[3 X3, 512] - ,
i 4:3x3,384 I 4:]3x 3, 512 1-2X 2 I 4o |35 20 g
e -G s ~ayer-a: , 5 max - Layer-4:
ayer aye axpoo aye 3% 3, 256
13X 3, 512] - -
[3 X 3, 512] - _
3 X3, 512
Layer-5: 3X3,256; maxpool-3X3 Layer-5: | 3 X 3, 512 |; maxpool-2X 2 Layer-5: 3% 3. 512 x 3
3 X 3, 512 - ’ -

FC-1: 2048
FC-2: 2048
FC-3: 6

Classifier: Softmax

FC-1: 4096
FC-2: 4096
FC-3: 6

Classifier: Softmax

Pooling layer: average pool
FC-1:6

Classifier: Softmax

5 FETORIR 4 00 86 2 T U ME R R
Table 5 Identificatiton accuracy of antimony flotation condition

based on different networks

VGG16 ResNet
85. 11 88. 33

L-CVT AlexNet
93.56 78.33

Network

Top-1 accuracy /%

8o+ f +HH+__,.M+|.,+J-*-H|
+ o e
é e R Rl
3 L
60 F AfF
[
% : - VGG16
=40F “ L-CVT
! -=- ResNet18
i —+ AlexNet
0 10 20 30 40 50
Valid epoch

12 T AN [H] 0 265 1) B 7 34 T 0 01 A R 0 L ity 4
Fig. 12 Comparison curves of identification accuracy of antimony

flotation condition based on different networks

6 A LI T4 e
Table 6 Computational complexity of different networks
Network Params /MB FLOPs /10’
L-CVT 2.38 60. 10
AlexNet 33.66 93. 31
VGG16 46. 29 5146. 08
ResNet18 11.18 152.02

Shy T e T M A I 255 BB SR FH R U S I O i ik
4 Fob o) & Xt 4% A4S T 00 28 500 0 S o 1R ) A A 4 SR 1E
13 o B 137 . L-CVT 44 58 7k 1% 3% & A ok

BRI, 4y 842 3K 34 TF B 3R 51 ; AlexNet A 195 7K 3%
BE R B A R, Ay 705 5K 38 E B U VGGL6
A 134 5K 17 3k A AR R B, H Ay 766 5K 35 1E iR
5] s ResNet18 45 105 5K V7 & & F #4851 L 1), Hi4x 795
Sk I 0 B R B IE AR . (TG 4% 24 7 A T 2 R AR
IV 26 TR B E A 2 0, X S vl T ok 2 fp T
FANEWTE S LR N AL, FEn L7k T B4 3%
BERy R m X xR K . B A, AT L AR X 6
il T 00 28 S A RO BE K2 T2 ¥ fig
Bl R

T o VR VA R R RO R P 4% 11 A3 DR RS A
F1-Score A g 7 A5 R U500 3 SR 38 b . o O 11
B LTI 25 R IE L PR SR IR W TP R
T 45 5 R 0 S BREE A T, W FP 2o ; T 25
MR SEBREE JE I, U FN 81 5 F 45 5 ok fr 52
PR o 6, W TN R o 4 22K S5 b, A4
N B AR I A BT R L R
AR ARG R Ry A A 2 B e
THEEH 6 b T 00 28 51 14 1 240 0 0 R A7 2 4 R R0k 3%
71~ DR 25 1) o A 2R R A [

N
PN N
AN TP . FP , (18)
P =avg( EPI )
i=1
k=5 \]:N
TP FN (19)

R = avg( iRi )

i=1

X AR IR T 5, VB R ] 3R — X JE B
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Fig. 13 Confusion matrix results of different models. (a) L-CVT; (b) AlexNet; (¢) VGG16; (d) ResNet18

BWEE AN, A R A = s R v R I A R A A
[e1] 53R g {1 A, 5 B 5 S T A X v/ o M SRS B R X
A~FE AR, R FH F1-Score 8 43 81 3R 1 5 2R A9 il AL
PR3, F1-Score {8 #8555 , W) 2 B 32 W 4 Bk B , 1
fie B 47 F1-Score {13 A 5 N
_ 2XPXR
" P+R
T T RAARF ML PG LS R . R TATLIEF], %
T L-CVT B R 86 77 %8 T 003 9, A48 F AlexNet,
VGG16 ., ResNet18 33 3 Ffr T %6 P30 75+ A o %6 4%
BIHRFE15. 23 E 4305 8. A5 A A3 A5 5. 23 A A4S
£T I L 1AL 45

Table 7 Evaluation results of different networks

° (20)

Network Precision /% Recall /% F1-Score /%
L-CVT 93. 56 94.51 94.03
AlexNet 78.33 77.37 77.85
VGG16 85. 11 85.46 85.28

ResNetl8 88.33 89. 74 89.03

A RPEF 17 14D A 809 05N EH 48 4. TTA A
53 8 HEF1-Score 43 il 4 75 16. 1841~ H 40 44 .8. 751N H
S SAE AL BL-CVT M — 48w 7807
B T 103 ) A o

RN T i BT 3 I 25 1 14 BE AH A8 T At 15U 1)
AL, ok A2 # TAEFRAE (ROC) ith 4 v] #E 4k
PR 26 B PR RE L 1] 14 T 7R 43 ) 3% RS I 4% e HL 4%
AT 2B ROC #h £k Fh £ T i AL (AUC) .
ROC Hfi £ LI false positive rate N 4 b5 , true
positive rate A9\ AL A5 , BE B P Hb A $R — > R AR A
F A 1A X T ok AR A TSR B RE T, il 4R 5 G
A bR TR R AT R O R . AUC RoR
ROC M4k T 0y 1 AR, T o A AL i3z Ak g 0, ) ik
T ROCHIE FIRM /IR . AUC R, WAL ALY
T LN R SRR aF . 456 ROC 4 Fi AUC A L
F i, L-CVT M % M B T AlexNet, VGG16,
ResNet18 45 [ 4% Xt 8 7 2 T80 /9 3 53 208 0 4 Bt
RN A O R S SR UE 2= o I RP e
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Fig. 14 ROC curves and AUC values of different networks. (a) L.-CVT; (b) AlexNet; (¢c) VGG16; (d) ResNet18
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Table 8 Ablation experiment

4.5

Method Accuracy /% Fl-score /%
Base 75.22 74.60
Base + A 88.78 88.70
Base + B 81.44 81.70
Base T AT B 93. 56 94,03

(proposed network )

4 8 : Base F7n A ik 5 A R AE A Uy ik
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Fig. 15 Visualization results of feature maps of four kinds of networks

5 4 1w

BB I 18 T O TRON 1R 25 R BRI A AR £
2T L-CV'T M 4% A9 B iF 18 T 00U EOAR , i b A% 42
CNIN 2 22 W% 97 8 90 TR 181 15 N A B B R O 2 L ik
TP i 38 1 32 9 UK 3R T 1) B 4 AR AT A B 4 TR, DA T
{8 I 18 T AL A HERR R R 5] AR B CNN
B, 0 A Transformer J2 $h47 T 2 ) 8 4F 4 R B3
SR ESE PR Tk b 35 48 R A5 BT . 2S00
FEXT, B 3 07 0 BE A % 95 B 17 e R4 T v R0t U0 86
TR T 00, A o 92 B ik T 00 F Sh Ak AR 7 B E
il

W TR BZ 27 >0 7 s 1 2 Tl B i ik T80 B4 )
e BTG ) TR AR, A RO e DR N WL 7 R 3
TR G B WLV 7 108 T DL AR 725 10 T] AL, Oy 86 9 20 T2
8 TR 4R SEAR 4 ) G SCRF (BT A7 A — 7 7Y JR BR 1
TE 52 B 7 08 B v 3 WUAFAE IR B8 0 3% 45 DL IR 1
SR, BRI IE X T R i 2 A5 R

S H A I I R B FUICR I A B . T —Bir Bty
U X IX — R R AT TR AR SE, 3 T 2 PR T Ak
BT IEBOR Wl 3 25 PR BT R (Y R A i B T
e T B0 PR B4 B 5 (8 P B D7 1 RE T A s T S
PrIAb PR BT

Z % x M

[1] Quintanilla P, Neethling S J, Brito-Parada P R.
Modelling for froth flotation control: a review[J].
Minerals Engineering, 2021, 162: 106718.

(2] BT, PHEE, HRER], 5 5T L858 09 0 Y 77

Ve ok #E R BOROF R HE R (T]. A ik 2 e, 2013, 39
(11): 1879-1888.
Gui W H, Yang C H, Xu D G, et al. Machine-vision-
based online measuring and controlling technologies for
mineral flotation: a review[J]. Acta Automatica Sinica,
2013, 39(11): 1879-1888.

[3] Bartolacci G, Pelletier P, Jr, Tessier J, Jr, et al.
Application of numerical image analysis to process

diagnosis and physical parameter measurement in mineral

0615002-12



£ 605 F 6HI/2023 F3 H/HMAESBFFHE

(4]

(7]

(8]

(9]

(12]

processes: part I: flotation control based on froth textural
characteristics[J]. Minerals Engineering, 2006, 19(6/7/
8): 734-747.

A1 M X, Xie Y F, Xu D G, et al. Data-driven flotation
reagent changing evaluation via union distribution analysis
of bubble size and shape[J]. The Canadian Journal of
Chemical Engineering, 2018, 96(12): 2616-2626.
FARAE, AR 20, A AR, A% DT IR S 2 43 i
SVM W& P77 3 TR [T, AR R 240, 2011, 32
(10): 2205-2209.

Yang C H, Ren H F, Gui W H, et al. Performance
recognition using texture credit distributed SVM for froth
flotation process[J]. Chinese Journal of
Instrument, 2011, 32(10): 2205-2209.
BTG, WE, NS, &R TR B R IR Rl 4
PeTE e LOLRBIT] THEHLT L, 2021, 38(4): 385-389.
Liang X M, Tian T, Liu W T, et al. Coal slime flotation
condition identification based on fusion of froth image
features[J]. Computer Simulation, 2021, 38(4): 385-389.
Ai M X, Xie Y F, Tang Z H, et al. Deep learning
feature-based setpoint generation and optimal control for

Scientific

flotation processes[J]. Information Sciences, 2021, 578:
644-658.

Fu Y H, Aldrich C. Froth image analysis by use of
transfer learning and convolutional neural networks[J].
Minerals Engineering, 2018, 115: 68-78.

SKE, B, BRREEE, % T 2R CNNRRE &
RAE-KELM 4 77 2 i 25 R 25 1000 L. W0 5o 724
PERE, 2021, 58(12): 1215002.

Zhang J, Liao Y P, Chen S Y, et al. Flotation dosing
state recognition based on multiscale CNN features and
RAE-KELMIJ]. Laser &. Optoelectronics Progress, 2021,
58(12): 1215002.

Dosovitskiy A, Beyer L., Kolesnikov A, et al. An image
is worth 16x16 words: transformers for image recognition
at scale[EB/OLJ. (2020-10-22) [2021-02-05]. https://
arxiv.org/abs/2010.11929.

Vaswani A, Shazeer N, Parmar N, et al. Attention is all
you need[C]/NIPS'17:
International Conference on Neural Information Processing
Systems, December 4-9, 2017, Long Beach, CA, USA.
New York: ACM Press, 2017: 6000-6010.

Sandler M, Howard A, Zhu M L, et al. MobileNetV2:
inverted residuals and linear bottlenecks[C]/2018 TEEE/
CVE Conference on Computer Vision and Pattern
Recognition, June 18-23, 2018, Salt Lake City, UT,
USA. New York: IEEE Press, 2018: 4510-4520.

Xu P C, Zhao J X, Zhang J. Identification of intrinsically
disordered protein regions based on deep neural network-
VGG16[J]. Algorithms, 2021, 14(4): 107-113.

He K M, Zhang X Y, Ren S Q, et al. Deep residual
learning for image recognition[C]//2016 IEEE Conference

Proceedings of the 31st

on Computer Vision and Pattern Recognition, June 27-
30, 2016, Las Vegas, NV, USA. New York: IEEE
Press, 2016: 770-778.

Krizhevsky A, Sutskever I, Hinton G E. ImageNet
classification with deep convolutional neural networks[J].
Communications of the ACM, 2017, 60(6): 84-90.

(16]

[17]

(18]

[19]

(20]

(23]

[24]

(26]

0615002-13

Selvaraju R R, Cogswell M, Das A, et al. Grad-CAM:
visual explanations from deep networks via gradient-
based localization[C]//2017 TIEEE International Conference
on Computer Vision (ICCV), October 22-29, 2017,
Venice, Italy. New York: IEEE Press, 2017: 618-626.
HOROT, WK OT, AR LA SF BRIV LA AR ML IE AL T
Je B4 24 500 4k B 98 D8 A 07 vk [T, HP R R A 2 e (& SO,
2018, 25(1): 95-106.

Cao B F, Xie Y F, Gu W H,
optimization setting of reagent dosages in roughing-

et al. Coordinated

scavenging process of antimony flotation[J]. Journal of
Central South University, 2018, 25(1): 95-106.

AiM X, Xie Y F, Xie S W, et al. Fuzzy association rule-
based set-point adaptive optimization and control for the
flotation process[J]. Neural Computing and Applications,
2020, 32(17): 14019-14029.

M2, BT XUJRLAF . B 77 5 e 45 R 0 2% 22 )2 RR A
A A RS RAI] #OE 5t T e kR, 2021, 58
(6): 0610005.

Shen H, Meng Q H, Liu Y B. Facial expression
recognition by merging multilayer features of lightweight
convolutional networks[J]. Laser &. Optoelectronics
Progress, 2021, 58(6): 0610005.

loffe S, Szegedy C. Batch normalization: accelerating
deep network training by reducing internal covariate shift
[C]//32nd International Conference on Machine Learning,
ICML 2015, July 6-11, 2015, Lille, France. Cambridge:
IMLR, 2015: 448-456.

KR, Al R b, 55 BT E L Y
WA ] ot 506 i 7 o R, 2022, 59(2):
0215004.

Zhang J J, Tang Y Q, Yang Z X, et al. Shoe type
recognition algorithm based on attention mechanism[J].
Laser & Optoelectronics Progress, 2022, 59(2): 0215004.

Srivastava N, Hinton G E, Krizhevsky A,
Dropout: a simple way to prevent neural networks from

et al.

overfitting[J]. Journal of Machine Iearning Research,
2014, 15(1): 1929-1958.

Garg B, Sharma G K. A quality-aware energy-scalable
gaussian smoothing filter for image processing applications
[J]. Microprocessors and Microsystems, 2016, 45: 1-9.
Jindal A, Gnaneshwar D, Sawhney R, et al. Leveraging
BERT with mixup for sentence classification (student
abstract) [J]. Proceedings of the AAAI Conference on
Artificial Intelligence, 2020, 34(10): 13829-13830.

Yun S, Han D, Chun S, et al. CutMix: regularization
strategy to train strong classifiers with localizable features
[C]/2019 TEEE/CVF International Conference on
Computer Vision (ICCV), October 27-November 2,
2019, Seoul, Korea (South). New York: IEEE Press,
2019: 6022-6031.

Rl MR, BRIR A, PRAERI, 55 . —Fh B 178 & R
B0 3R B RO SR [T). WOt 5ot e R
2021, 58(14): 1410014.

Lu Y N, Chen B C, Chen D G, et al. Recognition
algorithm of strip steel surface defects based on attention
model[J]. Laser & Optoelectronics Progress, 2021, 58
(14): 1410014.


https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2010.11929

	1　引言
	2　锑浮选流程及工况的类别
	2.1　锑浮选流程
	2.2　工况类别的确定

	3　所提方法
	3.1　基本网络的结构
	3.2　L-Conv模块
	3.3　Transformer
	3.4　卷积视觉转换器模块
	3.5　MLP
	3.6　网络优化

	4　实验结果和分析
	4.1　数据采集
	4.2　数据增强
	4.3　实验配置
	4.4　实验结果及网络性能评估
	4.5　消融实验
	4.6　网络的特征图可视化

	5　结论

