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ABSTRACT Ore is an essential industrial raw material and strategic resource that plays an important role in China’s economic
construction. The smart mine aims to build an unmanned, efficient, intelligent, and remote factory to improve quality, reduce cost, save
energy, and increase the efficiency of mineral resource extraction. Ore image processing technology can automatically and efficiently
complete a series of difficult and repetitive tasks, which constitutes an important part of smart mine construction. However, open-air
operation modes, high-dust environments, and ore diversity have brought great challenges to ore image processing. Benefiting from its
strong automatic feature extraction ability, deep learning can deeply perceive a complex environment, which enables it to play an
important role in the ore image processing field and help traditional mining companies transform into efficient, green, and intelligent
enterprises. This paper focuses on two production stages, including ore prospecting and belt transportation. We systematically
summarize the main applications of deep learning in ore image processing, including ore classification, particle size analysis, and foreign
material recognition, sort out the corresponding algorithms, and analyze their advantages and disadvantages. Specifically, according to
the number of ores in an image, ore classification is divided into single-object and multi-object classifications. Single-object
classification is mostly addressed by image classification networks, while multi-object classification is mostly accomplished by object

detection and semantic segmentation networks. Single-object classification plays an important role in geological prospecting. Particle
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size refers to the size information of ores in an image. Generally, it can be divided into three modes: particle size statistics, particle size

classification, and large block detection. Among these modes, the first and the third are mainly used in actual industrial production.

Particle size statistics are determined mostly using semantic segmentation networks and can provide a reference for the control of

crushers and conveyor belts. Large block detection is performed mostly by adopting object detection networks and can identify the

oversized ore on an ore feeding belt and prevent material blockage accidents in the transfer buffer bin between the ore feeding belt and

the ore receiving belt. Foreign material recognition detects harmful objects mixed in the ores on the belt to ensure product quality and

prevent the belt from tearing. Object detection technology is often used to complete the task of foreign material recognition.

KEY WORDS deep learning; ore image processing; ore classification; particle size analysis; foreign material recognition
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Fig.1 Ore production process and the ore image processing task: (a) production process; (b) task classification
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3 ETREFINT AEGLE

31 HFAHSE

WA 53 ZE A b T B R 0 A 3 B T A 3 8
REBEEAEN. 0 AMENIRSSET TR
FVHE A J7 58 W i 5 iy e ™ B Y 40T S ), 3 22
Tr R ML RGBS E 2 N8, ETFHREEIN
WA oyl Fe— sk R A (TS0 ) D40 R
MR A R 2R 25 AR A 5
KL R BRI M 4, i 2 MR A 5 F L R
FH E BRI D) 286 FIE: SL 435 9 45
3.1 AR 53R

LeNet-5 J& 5 5L T4 B0 28 I 2% 11 (5145 03 25
Bk, SCik [26] K H W4 2k R AT A4k, O SR
20000 7k 5 Htb AT I 45, DL U5 T 41 1Y
T RAT S, LA AR R E A IR F] T 95.88%
(B 2RI A B i EL /NI R 5 R A 4%
240 sKEMR ), SCHk [27] 2 TR 2% T 0 AR, ek
45 VGGl6 i BRUZ, B A& X &2, 1
A3 B AR A I AE B3RS T 82.5% 143 25 U
Wk, SCHk [28] R Wu-VGG19 iT 5% % 2% X T4
WA 5 RS T 2528, RARIRE T 97.51%.

It T Inception-v3™! X 2% | SCik [30] SE 8L T 4k
B TACE RSk M eRAE 1 A s 2%, AT
Inception-v3, SCHR [31] F1 SCHR [32] 43 1) 56 B T %)
SR 1S R E A o, BT IR T A
] 4% 0 B AE AR T K-means 75 5] 4 30 (0 45418,
SCHk [34] K H Inception-v3 #E37. T —E5E B0 A
BREMA K, A 2 19 F ARG £, 18
SCHR [34] 9 Bl |, SCHR [35] ik TIRIE T S



$ 624 -

TRERLF2ER, 26 45 5, 5 4

REF LG WA, SCHR [36] I 2 4 i 42
P25 P 48 o o i 5 ECRE B 1547 T4, ) EfficientNet-
b4 X A R T R AR BB, PR A 4G
HEATRL A, R AR &R DR T 36 XA
[FW A 84525, CutMixP* 1 Image Cutting J& I F
B UL EHE B o 07 2, SR [39] SR T B AR B
B APE R, I 55 — UK B Transformer 18 25 1717 >
1) VIT F X5 7 FOR R 8B 0 A b 1750 25 A&
PR R FH ResNet50 58 B 1 X &5 1 4 RO [A] 26
RIS A 15328, GdG ARk AR R0, Wk
BN (K 3), #EH A E T 85%.

(2)

B3 RREIZERIAE ARG (a) 2RI (b) R () Wk (d) &
NT
Fig.3 Examples of different types of iron ore: (a) hematite; (b) false

mineral; (c) limonite; (d) tremolite

bR T H R s R, SR A 5 2 R A
1 A] DR AR AR O Ol gk R L Sk
[40] >R FH ResNet18 Xf 5 i A1 i) o . 1 (&1 15 ik
TTor 2, WA MINA . A ARA . B BRI
o 1, T AT MER AR B T 89%. Uk [44] S H
AL ULZT A S5 6 A AR 20 B A 1 6 ER, R
Ho A %) 3 e 23 8 R 2 W 4 it 17
Yk, ST X ARG RERRET . FE A . TAHCE
Sk,
3.1.2 MR A5

s ez I ) 24 7 A7 I 4324 1 U EE AT 55 4 3 i
J1 8 A RO R — 5K UG ) 2 w1 i AT 42
(&l 4(a), A [ B0 € i HE AR RO W) 2 1)) . SCk
[46] WAE T 24 800 Hew 1 A4y 1t H Ar A i £k 4 4, H
LA I % Faster R-CNN, 5¢ i T X A . Ziks .
KELA . WA BRA . AR A X A TG
AIHEE 8 P AT Y4325, SCRik [47] HL3E T Faster R-
CNN 5 YOLO-v4™ X = K& (kA . DA FI
AR T ) L 32 N A R 4y AR, R BRI AR
Thf. SCHk [49] SR 22 ROBEFRRAE Al + AR Foks 7

E (b)
A [T
>4 o0

B4 ZMETERSEOR. () BRI, (b) 37 30

Fig.4 Multi-object ore classification technology: (a) object detection;

(b) semantic segmentation
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Fig.9 U-Net ore image segmentation result based on different losses: (a) original ore image; (b) BCE; (c) focal loss
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Fig.10 Large block ore detection based on Faster R-CNN: (a) original

image; (b) label; (c) detection result
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