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Abstract: It has always been a common demand to stay away from the harsh environment with narrow space, numerous devices, complex
operation process, and hidden hazards, and realize intelligent unmanned mining in the coal industry. To achieve this goal, it is very neces-
sary for us to develop an effective theory of vision computing for underground coalmine applications. Its main task is to build effective
models or frameworks for perceiving, describing, recognizing and understanding the environment of underground coalmine, and let intelli-
gent equipment get 3D environment information in coalmine from images or videos. To effectively develop this theory and make it better

for intelligent development of coalmine, this paper first analyzed the similarities and differences about computer vision and visual comput-
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ing in coalmine, and proposed its composition architecture. And then, this paper introduced in detail the key technologies involved in visu-

al computing in coalmine including visual perception and light field computing, feature extraction and feature description, semantic learn-

ing and vision understanding, 3D vision reconstruction, and sense computing integration and edge intelligence, which is followed by typic-

al application cases of visual computing in coalmines. Finally, the development trend and prospect of underground visual computing in

coalmine was given. In this section, this paper focused on concluding the key challenges and introducing two valuable applications includ-

ing coalmine Augmented Reality/Mixed Reality and parallel intelligent mining. With the breakthrough of underground vision computing, it

will play a more and more important role in the intelligent development of coal mines.

Key words: vision computing; visual perception; 3D reconstruction; intelligent coalmine; parallel smart mining
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Ay RN

Dhfiedik

Ji5t i M TEFRBERINL, Ao TAE A SRR TARR AL, SR TARDH, A E iE R & i g
S W <] S RN, AA TAEASUR SIS, df TAEZRHE, AR il R 22 i
SEWIRAS  TERMEBIARRIAL, A P IR A B A TAIRAL , S SRR S R B 74 A (8] 8 5 X A 37 s A B
LR BT BECR N USRI, BN TR ER WAT T, LU, ARk R RS
W2z 4 e K, MR LA, S ERIAAD AR A 24, RSO TR i 2 ik
- 2 TAEMR TER X5, B2 TR, ARV BN NS 24, RSO R TR TAEREATHE T
FREEA X WA IR T 7724 WA RAEAT R, MU EVA N FAEIT . LA, 57 R B o2 2 TN B3 R b B
NSUERL TR EIFRgRT, &R TSN ASRMEGE, MOMEEM, BSOS A TR A B 8
BUKAG e, AR BRI K SREBUK, SRUmsGEm A, RIE BUK B R 4E
A W ARG I TER DX, WA 55 Rk AE, TR A By 22 g mi A )™, PR Sy AR P R 456
IR 7ERE SR, ONEER TARRSRE TARR, BT TAT2E - Mg A\ 5 i 2 i A, S TR R 4t
FREG EREESR, NGSR TARTH SR TARR, Sy A 5 EAMRE A R i 2 sy A, S s R g
NEGe FED A VB, AT, FEA D OB ARG, R, ST2IRE
A PEERI TEG XA LG T, B Ik SOmE FERE NI, TEA D DSBS IS L, RAEIRE, A
NG AT ER X B, GIANERT EREE, AESCHERT IR A DB AR UIRSE, W LB RS E RS
AEBRIRG R X R i o, WRBSIR I —E MR, SO, KEESGE BRI, SRR A G e RGN
FRR TEREREINBE AT EAUE TSI ERE R, DU TSI AT S ABTRES, hE B R
o— KR UpiEe) TEA FAE LA, N T T B5GE, A MR RIFET W, — BT,
KR U TEF T RER s, o TAT I T B0, fERs i I R P, R, ST T
AR ] TR RS IE R, Ol sl I, PRV, AR, S

211



2023 4F5 9 11

# £ # F H# K 551 %

MEHEZA R E | BUkrr RS R, (R ]
el 3B U AE 7R T g 24 1 WC P K Bl S IR SR, ik —
AARTHIRERVERE . 18 8 45 TH IR A D Z HARA
BRERARCR o

M8 % EARt N R T
Fig.8 Multiple object detection and tracking

33 FHIBAEMNSSMES

BB TR R AR ORI T ORI, 25
(] B A, A B H o HA TR 2 AN, BRI AR A
A, W MRRIR TAERY S . eAb, TR T R A i
Ferp, AW AE I FUl A K KT E
TETER RS, W& AR N SN 224 BAT A
ERE NS HURE ST AU L ANAETTR | sk A
SERRAT RN AR, A e mal SEdE (R
JEAS AR DL A, AT e SRR R o g XU,
AN BT, P B OR 2 ) B HT

HETATH T HARE R PLE AN A FEE N HOR T
BRI CEROR | AEE AR | HOETR IR E R
BORSE . WOEH B E A E G SR AL I, AR
LA SRR | e 2R SRR R AR B 5
105y Z WL . TR R, 7 A R 225 A 5
(LA O AR AR, £ B R SO0, T IR 32 22
TENL B, o A E MR A TE . 9 S

212

T E L AR GERAR, th AL Ras 5 B
PGBk B, IE BRI 5 w01 ot P A e
éﬂbﬁo

Mgmatggm T }
| ros i [ o | s | woces |
S e e
CEgmer ["_________"":
: | BT B AL [ | Retinex #if | | ORI EL I | :
[y s o mp—_ gy sy ——p———— 3
S
TR |
RECETERETTE I
I e o e a3
e
CEsfti i
U omme | | mmew | | 2mee l:
[ e 3
o

B9 #ANLEMIMAR

Fig.9 Coalmine visual positioning navigation system
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