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Iron Ore Image Classification Method Based on Improved Efficientnetv2

LYU Yiming and WANG Jiyang

College of Artificial Intelligence,Shenyang University of Technology,Shenyang 110870, China
Abstract With the rapid development of the world today.a variety of high-rise buildings, the demand for iron and steel is in-
creasing,and the demand for iron ore is also rising year by year. Because the iron ore industry is the exploitation of non-renewable
resources,it is extremely important to classify iron ore and improve its utilization efficiency. In order to improve the classification
speed and accuracy of iron ore,an iron ore image classification method based on convolutional neural network and attention me-
chanism is proposed. It does not need to manually extract features from the input images. Through the deep learning model frame-
work,it makes up for the shortcomings of traditional image processing algorithms, realizes accurate and efficient classification of
iron ore,and can better identify various types of iron ore. It has good classification effect and accuracy for the three basic types of
iron ore. Experiments show that the accuracy of the proposed method on the data set reaches 87. 46 %. Compared with other algo-
rithm models, the model training time is shorter and the performance is better. Using deep learning methods to deploy automated

iron ore classification models is of great significance to social development.

Keywords Convolutional neural network, Attention mechanism,Deep learning.Iron ore classification,Image classification
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Table 1  Ablation experiment results
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ST B A AL Y A R A SO AL TR B Y O A R
TR0 2% J22 14 T R0 A PR IE AR SRS BT B O L A R i b T
SR A T BT

A SRR A RR A% 4 AR (YRR B R 7 L i — 2D 4R A A
Moy, 5 EREAY Efficientnetv2 A F . T 424K B 10 2 50 &
WD T 24 60 26 BLBK PR HE LY T R B [ 450 T 4. 18 ms, S
TR EE AR TR, DR T RS IR IE W] T AR S R R R
AR T SR AR AR — BRI AR | BRI B A 4 AL,
4.3 ZWERRHW

AT T LY R AT (9 2 b w4 9 2% BEAT 206 X 1L DA
UESEA SO 1) A 88V o % 52 5 45 80 40 3% Resnet, Resnet,
MobilenetV3 %5, 43 5l {f F L 38 B 8 48 A B 5% (1 [ 28 04 4R
B A BE AR P AT U SR, R S B b e S R — A I 2R
Ji) 300 8 0 2 B 450 2 AR B v ) 5, LAARE R 2 48 5T B Yy )|
ZRNE B L B R A BB WS RS T S LN 2. A& A R A
TERRD A B4 E I GRS sl 6 R 7 FiR.

@ Ours

A Resent 50

A Resnet 101

@ MobilenetV3
EfficientnetV2

50 100 150 200 250 300 350
Epoch

&6 25 AR Y IE i
Fig. 6  Accuracy of each model

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

~ Resnet101
mobilenetV3

~— EfficientnetV2 resnet50
——Resnet50 —— ours

7 B loss
Fig. 7 The loss for the individual models

K E Sl ge iy kAR, A D v 22, L K U 2%
Bk . VIR AT 50, B4R Efficientnet V2 FI45 R T 44t
G B AT BB A 5 AT 55 DA RIS T 0 5 gt L
45 WAL T MobilenetV3, Resnet50, Resnext50 %5, ASHf 57 &
HE T EfficientnetV2 W 4% 47 7 B0, #E 5 % 43 5l LU Res-
net101, EfficientnetV2 £/ 17 0. 6% M 1. 2%, HJEH W .
1) EfficientnetV2 A B 24 75 1Y 55 4 90 0 2% , 72 Il 25 3 | 4
U S 3 R0 3 A R A O I T R R R R 2 20 AR U R AE
W25 R JE I SK S5 H , A 8 Mo as M 4B BE AR T IR
B A 75 55 22 09 Rp AR A5 21 5, 00 AS 58 22 09 R AR 75 20 9

230600212-4



B —ng 2 BTk Efficientnetv? BRI A8k B 4 AR 4y 25 05 v

AH HRBA 19 EfficientnetV2, R4 73 In— & S MM ATIE T,
RERE M PO 2 T 15 19 & RV RFAE 15 B, 5 3) il T %8 5 ~J 15K
W o 1) FH B R0 A RO AR B i 4R B AR 7 R RUAT: 55 Hh e A T
U b ) B £ D0 2% S 550, 1 T B THBE Y A PR R
H T AR SCHE A A 3 AT 55 5 g
TR RIS E AR Dogs #EATXE LI, 78I 1
B 4> 2R BE AN 2 g, v Ace B AU 7 B0 48 1 % DK
HERRR . W LLE Y, A SCB R 7 B HE A b iy IO HE B R R
88.56% s LK T Resnetl01 A, EfficientnetV2 [ #E i
X T Resnet101 BB & Resnet101 [ 48 I, 1 81 5 2%, 16
REVEHE 5 b A 1E BE AT B A7 A9 5% 2 3R . B Resnet101
26 R R R TR B AR IR S I 78 31 SR T R A PR 1 375 3 T M LA
5. P A SCHE R R RS T HA 4> B4 55 EE A1
ST AT RE DR R MR
2 BRI R
Table 2 Accuracy of each model

Models Ace/ % Tavg/ms
Resnet50 78.65 50.40
Resnext50 80.49 45.20
Resnet101 89.32 70. 10

MobilenetV3 81.13 41. 20
EfficientnetV2 87.29 39. 20
Ours 88. 46 31.32

M A SC B 1 T 445 S 28 AT AT A A I 3o B — 2 DAY
HG 5T BB G R G A AR rh AT R L 45
InlE 8— I 10 Fis .

classs: magnetite prob: 0.999

125

150

175

200

Bl 8wk i

Fig. 8 Magnetite identification

classs:hematite prob:0.999

50

100

150

200

250

300

0 50 100 150 200 250 300 350

B9 ARk iR

Fig. 9 Hematite identification

class: siderite prob:10

B 10 ZEEa iR
Fig. 10 Identification of siderite
LA S TEAN TR R AT, A 3 e 06 o 4 b TR0 o k™ A
Fhs, Rk, AR SCHE A B R Efficientnet V2 #5812 5 K
JE AR 8 110 T 2% A

GERIE XL G IR 43 28 H R N 1Y (R , A SO o
it Efficientnet V2 #RH, 45 A F 524 S AU B R SC I T X4k
AR ERR 4325 . AR LG DAAE SRAT AT RE A S BERL AR SC i
PSR IEAE R A BOE 4 S EE T R A o R R L LI 2R
Fisf [Ea] R4 B ) A 4 . (AR PR P R A R R
T 245 Bl & B, PRt 2 7 B 4 1 A BN AR T ar b B X R R —
TR IT 0 Z— o 53— T3 W T 48 8R40 A WL RRE %5 K AR
B, G R A RO 2 25 X 5 SR AR 7 R S L A 4 22 43 SR T
I By B AECEEANR B B S S A (R, X R AT — D
AT BIIESRE .

£ % 3 #

[1] NIUF S,ZHANG Y.NIE Y M. Application of Image Process-
ing Technology in Process Mineralogy Research [ J]. Metal
Mine,2010(5) :92-95,103.

[2] GOMES O F M.IGLESIAS J C A,PACIORNIK S,et al. Classi-
fication of hematite types in iron ores through circularly polar-
ized light microscopy and image analysis[ J]. Minerals Enginee-
ring,2013,52:191-197.

[3] IGLESIAS ] C A,AUGUSTO K S.GOMES O F M, et al. Auto-
matic characterization of iron ore by digital microscopy and
image analysis[]]. Journal of Materials Research and Technolo-
gy,2018,7(3) :376-380.

[4] DELBEM ID,GALERY R.BRANDAO P R G et al. Semi-auto-
mated iron ore characterisation based on optical microscope
analysis: quartz/resin classification[ J ]. Minerals Engineering.,
2015,82:2-13.

[5] MENGKO T R,SUSILOWATI Y,.MENGKO R.,et al. Digital
image processing technique in rock forming minerals identifica-
tion[ C] / IEEE Asia-Pacific Conference on Circuits and Sys-
tems. Electronic Communication Systems. (Cat. No. 00EX394)
(APCCAS 2000). IEEE,2000:441-444.,

[6] YER Q,NIUR Q,ZHANG L P,et al. Mineral Content Deter-
mination and Accuracy Evaluation Based on Image Classification
[J]. Journal of ChinaUniversity of Mining & Technology,2011,
40(5) :810-815.

230600212-5



Com puter Science FFEHLEIY: Vol. 51,No. 6A, June 2024

[7]

(8]

(9]

[10]

[11]

[12]

LIU Y B.CAO S G,LIU Y C. Discussion on rock mesoimage
analysis method based on LS-SVM[ ] ]. Chinese Journal of Rock
Mechanics and Engineering,2008(5) :1059-1065.

LIU J X, TENG Q Z,WANG Z Y,et al. Classification of multi-
feature fusion rocks based on co-representation[ ] ]. Computer
Applications2016(11) : 1894-1898.

PENG H X.XU H M,LIU H Y. Lightweight crop pest identifi-
cation model based on improved ShuffleNet V2[]J]. Transactions
of the Chinese Society of Agricultural Engineering, 2022,
38(11):161-170.

ZHANG X,ZHOU X, LIN M, et al. Shufflenet: An extremely
efficient convolutional neural network for mobile devices[ C]//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. 2018:6848-6856.

LI L.QU H G,SUN J L. Face Image Quality Evaluation Meth-
od Based on ShuffleNet[ J]. Electronic Technology and Software
Engineering,2021(7) :132-135.

HONG H Q,HUANG F H. Crop diseaseidentification algorithm
based on lightweight neural network[]]. Journal of Shenyang

Agricultural University,2021,52(2) :239-245.

230600212-6

[13] SUNIL C K,JAIDHAR C D,PATIL N. Cardamo Plant Disease

Detection Approach Using EfficientNet V2 [J]. IEEE Access,
2021,10:89-804.

[14] LIU D,WANG W,WU X.et al. Efficient Netv 2 M odel for

Breast Cancer Histopathological Image Classification[ C] /2022
3rd International Conference on Electronic Communication and

Artificial Intelligence(IWECAD. IEEE, 2022 .384-387.

LYU Yiming, born in 1998, postgra-
duate. His main research interests in-
clude control engineering and artificial

intelligence.

WANG Jiyang, born in 1986, Ph.D. His
main research interests include mode-
ling and control of complex industrial
processes, image processing and ma-

chine learning.





