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HAR & ol A SAAES ol ezl HAdoln HAHEA HAELS Udden-Wentworth
scales & st 4= 3t} (Wentworth, 1922). &/ A A&
(Gravel), E&(Sand), 2 E(Silt), FE(Clay)® UE 4 o, 49 =277} 2mm oY d&= 2
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1/2 050 — ——— 500 —— —| 10— ——————=~ g
Medium sand 3
1/4 026 4 ——— 280 ———| 20— ———— — -
. Fine sand
1/8 0428 —ssmn—m ok e GlleEea—temas ek
Very fine sand
1116 — 00625 63 4.0
Coarse silt
1/32 0031 4 ——— 81 ———| B0 ———— — — — -
Medium silt
1/64 Q.08 = 188 —— — Bl e =
Fine silt (]
1/128 00078 — —— 78 ———| 70— = = — — — -
Very fine silt
1/256 —— 0.0038 — 3.8 8.0 — =
=
0.00006 0.08 140 | ©Y =

a9 1. AEA4 HA4EY E5F (54 : The Planetary society)

HASE 2 & TR obd vFd A9 HH=s @ xsta flow, HASE 76t
o

[e]
o wet =A 99 (Conglomerate), AFSH(Sandstone), ©]<F

ojore] A9, 9ol A7k melrh 2 2mm ol del A Azle] PapEe] 30% o4 Eekwol
gl A olth (Raymond, 1999). el E88 2Pl A2 wpozyey doba 4 7
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1. 91 ¥ A5 (Artificial Intelligence, Al)

H AN AME f4A AT 5 = AdFAS (Artificial Intelligence)o] 2t Fobe 7Y 9
AEH = Foke] #HolA B ulg FHeleith JdFA T thgs dto]l AE dAlE dF AU
g eolgt & & dom, HFHAE, A, 7, 2YE FAHeE A, T, e, AA A
Aolgl Fof W Hokel dAAx o] Q. AFA T Ao #Ho webA oy AR A9
Ht} RussellZt Norvig (2002)2 AFA 59 AlndAg-F2 2 dFd wg JAFA S v 2
2 47 A Y] g ow Aol ow, AATA JHF st A dFEI e AFA T woke Qb
A5l P Fste Al =gl ol
1 9FA%F9 4 (Russell & Norvig, 2002)

AP -8 o1 7k # A ZtE= Al AE )

(Thinking oo e e e e g o g QYzhals AlxHE

(Systems that think like i :
process (Systems that think rationally)
i humans)
& reasoning)
RS AAH Y&t Al=H g Aoz Pt A 2F

(Behaviour) (Systems that act like humans) (Systems that act rationally)
AFA T2 QA7) oA ZE3st= AP T8S AFH/N AT + JEF z2afdor FH3)
= ZlEoltt (4%, 2019). JAFAH Atuste] TAE A AsteE ATA T AZte] EF3a, AE
3t ol Fofgtx: &89 F ot JAFA T =Yooz Age]l A FYIdd dES AFA T
of tAIE 4 UA o] A Gl Aol Fasta, Al~gle] sty o] g&4do] FUt
stAom, AAA o]zt gl HYFS A ST AT AT AFH A, HE}, &3, dojg) &
okt ok e ATete], dAlE o5, 58, dEHEL, ATY 2, AEe T2, A
ZAo A AF FH T FTEL EokilA JAFA T Vs &&HI Y}

Decision making

Increased
accuracy

Solve complex
problems

High level
computations

a9 4. AFA 59 &4 (https://aksharaontech.com)
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RS Sgstel AA gAd A8T F de AW G $HS 2F; dve Al Ao

(Redmon et al., 2016).

G K]
.o
Ty

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

YOLO &ag]&Fe zd A4 AA A GAZ v 5 UtH2d 7). WA g85¥ olnAE SxS
o] Axtz Fetetth 1§ FAAH AT AdYS F3] o¥ bounding boxe} 3 Al o gt

st = 7t Azl Ae B/l Y bounding boxE d=3dt1, zZF AF HFE A
FatH, 72t Az AL A FHaEs 4A 0}7] A=l A= FES C’ﬂ%%&ﬂ}. A o ®
Non-max suppression IS F& ojv|X] W EZHQ3A T8 5+ bounding boxE A A3, 7
Aol 8t= 3438k bounding boxEZE TAE HZET AA A AHE AAgo 17 82 YOLO &
ngFY AAs B HF AA FA S AIAE AAsE dAolth

N

Bounding boxes + confidence

[P,
H ;W I T
I%::: R

5 % Sgrid on Inpu't Final detections

Class probability map
% 8 YOLO €aeElse AA A A2l (Redmon et al., 2016)
YOLO v56E 2020 69 Glenn Jocherel <& w&d YOLO H#4d <

HAE vl e &% wE 55 Holn Folyl 7|uke] O F A
Pytorch 7@8o 2 &% 25 A7l 7bsstvhe 54l k. YOLO



recall AlAkel] A}-gE

d Edola x7b 74 FAE Edolth & A+
A= A5 A %92 Frame per seconds(FPS)S Ao nElslte] g oz 7l Zdolx
w2y 5271 wE YOLO vbs RE S ALEste] FdS AP

35 Bener YOLOv5x6
50
S 451
8 ) —e— YOLOV5n6
O3l o~ YOLOVSs6
| —o— YOLOV5m6
—o— YOLOV5I6
30+ —— YOLOV5x6
YOLOv5n6 o EfficientDet
25 T T T T T
10 20 30 40 50
Faster €= GPU Speed (ms/img)
29 9. YOLO vb 2dd A5 Bla
(https://github.com/ultralytics/yolovb/)

Td 2o Aore a9 109 AxE AFEst o A (D ()2 AXtE & precision?} recall #& &

3] H7FE T} Precision #ol =&7E Ed9 ATFo] 43 Ao ool Recall A #to] =S5

2Ho) o] $5F AR FuArh

TP
Precision=-————+ (1)
(TP +FP)
TP
Recall=7—== (2)
(TP +FN)
o dE
True False
. True True Positive | False Positive
=5
=l
False False Negative | True Negative
a9 10, 999 2 HASol A& AXRE YERY, precision?}



3. Jetson Nano

Jetson Nano¥ NVIDIAZ} 73 2019 6] A

= olmA i, ANA ZA, AEE 2 54 AE 5o ofEeA
2 AYsA dF= AEsd 28 AFEolth Jetson NanoxE A28 BRER 1459 GPUS /\}%?—j -
Aol ey, HAYdS T Aok FHol vk FHTol= AF A& HE oA AL

“4A 74
U7t QR Eg o] 2o As Holw, &A1 A, AFH Ald, 2% 53, A& A, 2 A
of, AA5d Al 4, deA T AFEJHU(AIT) 59 thst ZofellA &84 & Ut
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X

9 11& Jetson Nanod 7Aoo & 2 7}A <lE ¥ o] A(interface)E E3] 7|g} A&
Atk 23 EUE, 7HM el 5o dAZdo] 7}53de, USB, Ethernet, MIPI CSI-2
T ok Fhuegte] A F A Fa shHo S e, ARRS A
1=

il ol:o

g
SE

fei3
=
A

2
4

@) microS0 card slot for main storage 0 USE 3.0 ports [xd]

0 40-pin expansion header 0 HOMI output pert
@ Micro-USE port for 3V power input or for data 0 DisplayPort connector
0 Gigabit Ethernet port D DC Barrei jack for 5V power input

Q MIPI C51 camers connector

1% 11. Jetson Nano T4l (https://developer.nvidia.com/)
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Data acquisition

v

Labeling

v

Run YOLO vj5
on Google Colab

v

Get classification model

v

Train with training model
on Jetson Nano

v

Classification result

2 &3 Jetson NanoZ ©]
5 9 oA E5F 3A




(1) Image labeling (Annotation)
EAAR WY dugEs &8 oA BRE Ayl A oA gEy #A o] HQd)
th o HoldE AFAFo] 222 s5E £ JdE JHE dolHE 7t -
Folste dAAle 2ol

2 AFe e oH ol EZ Labellmgs A®ste] $d 4
Labellmg olx=H oA &S AFE3te] &6 4 H=

7 g Feag Rolstar

Box Labels

? [ Edit Label
[f.en [ difficutt
Open Dir [JUse defaultlabel [ |
Change Save Dir -
Next Image
Prev Image S £l labelimg ? X
e Sl AT
B ' 2 : S I
VYC:’LGO
B
Duplicate RectBox 2 4 B ; 5 —_}
: sise Flle List
Delete RectBox
Zoom In
[ 66 %
Q
Zoom Out
>
718 13. Labellmg o] x=Hlo]Ad 5& Al£3} image labeling
% 133 Zo] LabellmgE ol &3t 54 Aol sidste olm Ao A §1x]o] 9rA wped
Bag dusta, FUsg A4t BUIe AT & Ak ojwuoldo] drE F ojvx I

<
=
e A label FLES TE B AT AR A& A yro A7E AP

AR&-2l YOLO vbE A astaith. Google Colab GPUE Al

e Held 5SS A2 F JdE o Z FH9= 7wk AU 2E Google Colabs &g3le] o4 EFE
$1%F YOLO v &9 ndS A% 2@ HEect

ofxdeold A4 o]F FH B AT ARE e 4 delHe YOLO vb
gt 44 £ EdS A" 2 A AT A2 AA ERE AT A9 dAviE e
2ds ZAAs] fla Zed AAolr. &4 oln A HolE St label HlolHE Ab&dl img 640,

batch 16, epochs 1009 &}u|E]S A AH3E F YOLO vHE Al Fd ndS A&sn, #H5

A gl AdE FA wde A5 Adsdn



train: ../train_data_r/images/train # train images - 653 images
val: ../train_data_r/images/val # val images - 188 images

# Classes
nc: 6 # number of classes

names: ['conglomerate’, 'sandstone’, 'mudrock’, "basalt’, 'granite’, 'gneiss’] # class names

a9 14 YOLO vb 23S 93 ¢ 2 15 AR

sification for 10k hs

——batch 16 ——epochs 3

lpython train.py —img ——data rock_classification.vaml —weights volovis.pt ——cache

train: weightz=volovis. pt, cfa=, data=rock_classification.vam|, hyp=data/hyvps/hvp.scrateh vaml, epochs=100, batch_
github: up to date with httgs:/feithub comfultraivtics/volovs
YOLOWS g? wh 0=379-2d26444 torch 1.9 O+cul02 CUDACO (Testa K80, 101441 1B75ME)

hyperparameters: |r0=0 01, 1rf=0.2. momentum=0 T, weight _decay=0 0005, warmu
Weiohts & Biases: run ‘pip install wandb' to automatically track and
TensorBoard: Start with 'tensorboacd —=logdir runs/train

il
)
Lo

p_epachs=3.0, warmup_momentumn=0.9,
visualize YOLOVE g7 runs (RECOMMENDED)

, wiew at hitp /flacalhost 6006/

Downloading https://0ithub comfultralyt ics/volovS/releases/download/vS O/volovbs pt to volovhs pt

100% 14, IM/14 1M [0D:00<00 21, 4MB/s)

Cverriding mode | waml ne=80 with ne=13

modu l& arguments

0 | mode | 5. cammon. Focus 3,1 52,-dl

i -1 made |5 comman , Convy [32, 64, 3, 2]
2 -1 1 made |5 cammon, C3 [G4, 64, 1]

3 = models . common . Conv [B4, 128, 3, 2]

19 15. Google Colaboll ¢ YOLO v5 && w4 Azt

(3) Jetson Nano ¢4 & HXAE

H2E Ago] sidsts A& AHEshon, YOLO v Held duzFe &83te] ofd wrd
‘ﬁ_

A A% 2 T oRAR el AAsgt A WA HA
& oo, Abg, olgo RRe FU RAS A% F HAd ovAel os HAEE AW
CEDI 2d HiE dde H5@ BF
=
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