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Simulated Annealing(SA)2 Kirkpatrick S©°] A& At o] W2
HAZAA FoA Ao His ZASHE SEHoR Fopls @Y £F
A Z18E digt Felag daglEes 14 FHY o A o|AE 7=
=49 712 AHE 271 fl6 A= 71E R Alo] d4Z dHEsHE 294
1 ofdd ZIHollA AFEAT. D& 7HeiA AURE Eol&d F olvx]9]
A7F 0BT 2AY Zdobd Aol AEi7 AL fAEL, 0Bt Ao e
Zol oJsff Mz dHz Agtd & 3 O] s ok Qv 249
A AHZE 2 w7 o] BES A&SiA 2REAith RhERbt

(Kirkpatrick, S., 1983).
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Simulated ling algorithm

1 Select the best solution vector x, to be optimized
2 Initialize the parameters: temperature T, Boltzmann’s constant &, reduction factor ¢
3 while termination criterion is not satisfied do

4 for number of new solution

6 Select a new solution: xj+Ax

7 if fixgtAx) = flxy) then

8 Joew=flxo+ AX); Xp=xp+Ax

9 else

10 Af=flxg + Ax) — flxg)

11 random (0, 1)

12 if r = exp(—=Af/kT) then

13 Jrew = flxg + Ax), xg=xp + Ax
14 else

15 e =Fi50),

16 end if

i end if

18 F=Frew

19 Decrease the temperature periodically: T=¢x T
20 end for

21 end while

[17] 2-1] AlEElolHE ofd®d]
FE(Rere, L. R. 2015)
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rEXye Y
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J(Principal Component Analysis, PCA)-2 7] 93 dlo]E <]
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E% A% (Feature Map)
oR, EFY Mhe 9 U NIE EY 4 S0l teAEY AVE wE vENR
ool Qo] WS oke dl Egol Frh(Zhai, H., 2017). 2&jal A4kl ARg
He AR Aol Hojxa, EAE 2 F2 € 2 nh 94 dolHe| gt BE
2ERO|E(Stride) A710] vt 54 A 277 AAs, 4 EelE] &
ol(H), Z(W), BHe] £ol(FH), Z(FW), 2E=|E 2710, g 27I(PE 3 &
g gl 718, 42 ol AR 4 HHEES, 2020).

ie)

H
S
®

>

(H+2P— FH(FW))
S

Output H(W) = +1

AEF4 A4 Convolution Operation)2 & 7Ho] 7t B4 AR oA
Arpt FE(overlap)o] =HU=A] Al4tsts dA4toloh(Highlander, 2016). %
o] Fo ARor Aot HW, AL AEFA d4E Adste R

o5 el isiA ALt dEH onA2RE Ad=E AEFH it
gofl Aotz WA A=E WA
2 olm|of dmpt F HHL
wopoll A= HEFA golof
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A3 AT 71H

Original | Band Selection Classifier
band pre-processing

Training phase

(19 3-1] A2 HHez AgHe He A9 dazE

F2FsH(Quantization) A= E@stA; s X4k, DL Ate] H9
o|Atzk(discrete value) 52 F7] a4, AF&st1a}t sl HA Q] HIE Q]
gall, HIEQ] S£kF 20 AlFste], BAStIA}F sl AL ol HaeTi(
T35, 2021). FA3 ~A=(Quantization step)e] WS Ao FA3
(Quantzation leveD)& AAste], HA5gkat A5zt di-gstA At (k-
< &8dl, o] AdolAe T vhAge] &t HUighe] Ao
olit M9E Tl HA WEg wre S olghe Egote] HEAY
T Fth(Nagel, M., 2020).

Xe €418E 24 Jgnpunl AAE =z g2 WiEolH, Y& W=
of 2 AHd Z(GDel sfgeict MeEa 13goz Ydsf(Flatten), WE
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£ Mgt (imamoglu, N., 2019). Z3#gto] 714 =& dWlcg &

K7he] 2 Tl ME o= sty ot k7|
band? EEFZE M4

H

Abe
=
]

| & %EH Band sEF Moot GT 25 =
& o | ' Pooling G4t FIs ‘

Fpe >

KA 7t e sag | ! |
|

8|
.
13
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A 23 rnd 4A
1) k=23 o] 257](k-Nearest Neighbor Method)

K-2Z3 o]% £577]= KNN ¢18&S &85t A LstGof o 52

Ag7|et 5 ndojtt, ZeiAo FHof digiAes &1 AT BEE Zh7)

EUE BEXE I Bt ARoA &85, Zo] ZF BE o

St &5 R4ES oA ¢l mEo] J|E BEA9 Y 7P SASEAY
=]

AeVder 71 Tk 220 &9k o= = oIt (ErEA,

E.:-
T or—

ggolu, 714 dlo|d Exo gt 713
o gtk aEA TAGA} w2 2] A glole Bl tisiA A

5o S4atAT B QA glol B Zelx 2k BAE olsishd]
AgHAoley. Eg As K| Aglo] Waste], dolest wolw HRw

ok

&8 AZre] aA Aoz

K
1A
e
He
Jn
N,
rulm

. A o sfof
A7t ok Aol deids FE2EE A S WE A
Aol (A5, 2020). 223+ HH = A Alx1, y1), B(x2, y2)ol thal
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(al, a2)

—(d2=b2)

(b1, b2 , |
(al-b1)

[17 3-3] F22E= 78 Alst

d = \/la,— b, +(a,—b,)?

54 3-1] 92 A 54

2w, SA0] Wetq Ae &b ARG oW A 23 P45 Age] w
o oty ALzt debd, AntdoR BR A 9ae Eoh A
9 bse Addses SAdoz 43U AR 12 s

o] AYNE FRe|E A4S AHgste] BRI Agah

d =la, —b,| +la, — b,
44 3-2] WAhE A2 24

K-#ZH o] EF7E K-NN ¢1g&5e 7|dter BAsked), o}

(27 3-51°] webd gmelZo] AEact

[C1% 3-4] WsiE 72 A=t
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(a1, a2)

[ d£-DL)

(b1, b2 ]
(al-b1)

EEORNE G VEE o%E ] Ae Ad 54 g% A8 0%
<) A E AR
2| AR e el

[T =4
= =]
3| #obd o2 5¢ Bsd ¥E 4F 0w s[Wste] A1t HolE Label? ol %

Initial Data Calculate Distance Finding Neighbors 8 Voting for Labels
new example
'S to classify I T I
# Class A Class A Class A
E . . Class B . . Class B . ! ..... " Class B
o0, 0 0y 005
» 0B el .
® & Ll AT
n B g & Nell VA
@ f B o [ ] ul
X-Axis X-Axis XeAuis

[19 3-5] K-NNYZE =AED) )

2) U-Net =¥

Heo] Fx mefo] UxtelA Zojzl melgoz AE ofgh FopoA 9
= olmz] EAA AL F9 HolHaE Hgt AladlE o] do] 7HestEs T
Agl oln]z] EF(Image Segmentation)= FHO=Z A¢tH AE-F-Ql=
(End-to—End) ®4]9]  Fully-Convolutional ~Network 7]¥F mdo]r}
(Ronneberger, O., 2015). F+x& o2 U-Net oFZ|€lA 9] uiz|at glo]ofo]
ofE o= WEoldl AW ol A =E Shsel dojlle Fxolth o]
Window-slideE W+o] ostsAZ o mix] 7l @Wolx|il &2 Ak
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21/ (localization)= YWeRd 4 QIAIT, st £=7b e Ze+= A%
A9t AEAE (Context) IHO] trade—off7’} EAIst, & &4& BEF 7}
A7 olg: & 7HAe EAIFC] Aok U-Net& 55 Overlap-Tile
Strategys Ah8oto] A HA BAH-S sf2sta, Contracting Path, Exansive
Path2 4% U-Net2 Conbtracting PathollA] Expansive Path® Skip
Connection2 E3f, Patch size oA EAo] AHAE gt AHE 13+
tozy T A EAof digt £F4-& AAgE Zdloltt, Contracting Path
9} Exansive Path®] of7|EHlA 2 dt-F-odl= St%5(End-to—End Learning)
Aoz wHojqlth IE-F-QIE sk st ofg dAE st 485
= 5o At HAold, Holy Z7I7F 2 W aeAoE & AR Y
o] ZF YEQIAE FFcto] ohatt & 1 ANE

o]th(Ronneberger, 2015). S50l Wgt Energy Function ofzff [44] 3-3]
¢l Pixel-Wise Softmax@<=2} Cross—Entropy Loss@<r= A4S

a,(X) = ZXE QW(X)IOg(pl(z) (X))
aL(X)

> e

pk(X) = ¢

[4=2] 3-3] pixel-Wise Softmax < & Cross—Entropy Loss@r<
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input
image |»

Contracting Path

Expansive Path

tile

k-l
. .'
-

butput
tegmentation
nap

=»cony 3x3, ReLU
-+ copy and crop
# may pool 2x2
4 up-gonv 2x2
=» conj 1x1

[71¥ 3-6] U-Net Contracting Path®} Expansive Path 7%

(Ronneberger, O., 2015)
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3) HlolHAIE

7P Indian Pines(IP)

BAR onmelz  AFF Yol AVIRISAMZ  £3" o ¥
0.4~2.510-6m2] (145,145) =Ax} 200712 A~ZEH HkA} g W=z
dElodek. 11 16700] AR A= ofqlch

}) Pavia Centre(PC)
ROSIS AlX =z ogefo} BR mir|o} 2|2 H|3Ysto] E537t ot} u}H]
of AIg= 97 =2t (1096, 715) HAZ FAE|olch =3 102709
HEg A= o]ql

&
fin}
£
)
By
|
M
o

dolHAE £42 S8 dolee 544l tis mefste 2ol Fastt &
ger mel= doJHAIE 29, 28-S EH 40 W= ojdd] JAESo] WA
wE Aol AL, ol tFE SULE EASC] sHAH. s

|
(o¢]
|



T

ar
Bo

mj.

wjr

e,

Pl A K-A24

S

Zsttk(Habermann, M., 2019). 184 W= A=) 7|HES

o
Band Number

Aysuzyul [3xid

150 p
Band Number

(IP2} PC)

Ead

RIS e

=
o

3-8] HWi=of uk
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A 3d FASt 71HE

AR, 248 Aot THeAE AREHAA AdE W [EEETS4 14
W= Fe Al e s o Aok FAskE Fl A diter |
ghoto], MFLPHE WAss AL Wi B5 2 AeE TR

AeFR BASHA, gha BA WSE WA, A Aol ago] dojdin
NAREPHL gE BAskE Wle FAN, Aa ARl A A A
A ZAR Epre} Aitel] aEE AAE S FolEs FHol gt 5t
AR, HE $E FolUA MALsHE HAS HASHEA Aot 1]
T, B ARt HolAed, o eAE Eole e dAsEal dh

(Li, Y., Gong, R., Tan, X., Yang, Y., Hu, P., Zhang, Q., ... & Gu, S.
(2021).)

floating point _ fixed point

MsB st | & |
s | Y| Rl ‘ MsB Haw »

st Wl wolAd [ 3-9]9F Zol, sl IntervalS FASE AH
(quantization step) ©]2txl dFal, ZF ¥}t ARloJA ARREE= oAbz 9]
< A3} #¥(quantization level)ol2kal gt A8 Quantization)+= &
Skazr sh= &gk, ZH9gh Ato]l LS o4t Fh(discrete value) FHE=
7] f1siA, ARESEaIA; St H4 HIES &5 Ao, HES $RtE 20 A&
sto], Aotz sh= A4 o] verh A A¥(Quantization step)
o & sl FA2t @ (Quantzation level)s Aok, Hsegiyt gt

of tf-85A Htt(Banner, R., 2018).

AN el ®Y
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Quantization Error

1001
1000

0111

0110

0101
Quantization Step

[1™ 3-10] Quantization term image

FAs P SHe JlEom GAs B WFE AA shoipe] wa
27 £ Az GAA Gk A 4 Zd AT 29 gsie U
s},

g

D) A 4 £

FARE Q1A A 9] AR wAYSE, s Xd ARA
floating point REol|A] F2stE A4 gle] Bda #HE
drASH= Q%o fake quantization module® E3f, quantization %
dequantization RES HiX|ste] SAMupe} JAu}; wWhgko| A Q] F1EX]e} A
st b =] oA FArEte] o8 A e+ S 9 BRSO anE
A Bdo]dsitt,  okxsl mdo] Ay &AL H4ASAZA 4 Qloh

AN
s @50l AA 29 8 Sz A

quantization—aware training °l &4
Qo] 2712 Belueold BAS A 4 ot
ged dESIC] RS AZT S48 T4 Aol WA AREE 4

2,
odls
rE

i

Bt ABRA Qs WX As BE shelo] 2 Aol et

nelE degsts A (AT, 2021)2 foldingolgty REEH, F2 A9

i

ol
Oh
rr
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SPAIRE, EEY 22 HiE=z Ecte dHItE A2E A=,

HEoA APozy, dite] wE HiHZ 2E7F 2 Jem dqifdes,

g
>
filo

olth. AHF St AL el AS oln] suE mdld] o

A et Ae F £Ae Hasjelr] 9% s 7ol Wast glo] sk

ol N7he 2251 shsHlolHE aTaA ot shgol that A 4wt
o

e PR A4 £ FARG G

i
&“O
rlo
2,
X,
o
30,
L
ol
ol
B
=)
HSZ
_>z

N
(e}
)
o,
rE
>
el
=
X
rir
rn:
|
o
flu}
(e}
o,
=
v
TN
o,
)
o
i,
fn)
o
=
m
L
el
X

#naE e

& -3
— et 5n
Raw
we »
¢unzF oy
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AEFA Folol(C), WA & #oloj(M), & AYEE-golo(H= 14
9 5709 E5 fHi] omAyle] VGG 16 BES Fdl, 224x224 A7)
439 oju|AE Fofl A= BEQI 2fxH|E|uto] 3B+ float32H|E
A& SFEAIX ool Ruldl ARS FApEE ZoR JHEARt uintSHIER
A-gsto] 2k=H|g|ato] 3B+o]] Google Coral USB Accelerators
53] 2 A] Bt Float32HE VGG 16 REe =54 of, mra B=E
o& [1" 3-10]1¢] 1494 Foloj7kz] P 1594 & AYEE #o]
olREl ZAT 4 QIGth 1494 dHololE Ag o] Y Afo]x
2 18] B4 ¥4 HYgS BA of TWS Angich shA|ut &
S [29 3-11]°0A uintSHIERZ FaAstd VGG 299 14H4 oo
o, oF 55 WS AH|EH 735MBe] 24 7|2 1/108] o]4

o2
P
FTT

layer 74 Ly ] 13| HWYAZHSec) [ 1003] £H HHZFW) 1583 =5 HHFWS) oldzlojoiet 13| YR £ Aol 29 Ao|=
1]c 0.1267 54.606688 0.546 4.59KB
2|cC 0.2614 80.1748194 0.802 0.256 42.7KB
3|CCM 0.2721 106.6459936 1.066 0.265 43.0KB
4fccm c 0.3522 153.7393876 1.537 0.471 118KB
5|CCM CC 0.5250 207.7227744 2.077 0.540 266KB
6]/CCM CCM 0.5370 208.251175 2.083 0.005 267KB
7]ccm ccM C© 0.5520 229.1017024 2.291 0.209 562KB
8/CCM CCM CC 0.6855 291.673229 2.917 0.626 1.11MB
9|CCM CCM CCC 0.9417 379.7758305 3.798 0.881 1.68MB
10[CCM CCM CCCM 0.9769 380.3627779 3.804 0.006 1.68MB;
11|CCM CCM CCCM C 1.0536 416.9392326 4.169 0.366 2.82MB
12[CCM CCM CCCM CC 1.1949 477.3284856 4773 0.604 5.00MB
13[CCM CCM CCCM CCC 1.3775 550.4526092 5.505 0.731 7.35MB
14[CCM CCM CCCM CCCM 1.3862 553.8931644 5.539 0.034 7.35MB
15|CCM CCM CCCM CCCM F 1.7161 673.6713376 6.737 1.198 105MB
16]CCM CCM CCCM CCCM FF 1.7642 693.9951664 6.940 0.203 121MB
17|CCM CCM CCCM CCCM FFF 1.8016 708.7255754 7.087 0.147 121MB

[ 3-12] uint8 VGG 16 B =2 Mg @ =2 A7} 24

A

layer 73] FEEY] Bz 18 SWAZHSeo)| 308 £ HeAW) | 18|18 £5 M=zW) | o[malolojst 5] B w4 Ao| EEPTOES Output Size
1|C 6087 47.097 0.471 38.6KB (None, 112,112,64)
2|CcC 1.3745 140.623 1.406 0.935 475KB (None, 112,112,64)
3|CCM 1.4014 149.789 1.498 0.092 485KB (None, 56,56,64)
4|CCM C 1.8205 186.631 1.866 0.368 1.32MB (None, 56,56,128)
5|CCM CC 2.5310 270.303 2.703 0.837 3.01MB (None, 56,56,128)
6|CCM CCM 2.5599 279.633 2.796 0.093 3.03MB (None, 28,28,128)
7|CCM CCM C 2.9219 321.458 3.215 0.418 6.41MB None, 28,28,256)
8|CCM CCM CC 3.6422 399.403 3.994 0.779 13.1MB None, 28,28,256)
9|CCM CCM CCC 4.4110 495.423 4.954 0.960 19.9MB None, 28,28,256)
10|{CCM CCM CCCM 4.5472 524.2361 5.242 0.288 19.9MB None, 14,14,256)
11]CCM CCM CCCM C 4.7425 525.5577 5.256 0.013 33.4MB (None, 14,14,512)
12|CCM CCM CCCM CC 5.4980 608.889 6.089 0.833 60.4MB (None, 14,14,512)
13|CCM CCM CCCM CCC 6.2576 701.484 7.015 0.926 87.4MB (None, 14,14,512)
14|CCM CCM CCCM CCCM 6.2933 701.785 7.018 0.003 87.5MB (None, 7,7,512)
15|CCM CCM CCCM CCCM F M.S M.S M.S M.S 1.23GB (None, 4096)
16/CCM CCM CCCM CCCM FF M.S M.S M.S M.S 1.28GB (None, 2048)
17|/CCM CCM CCCM CCCM FFF M.S M.S M.S M.S 1.28GB (None, 2)

[18 3-13] float32 VGGl6 RE F2 HH 9 2 A7t 24
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A 4% A
Al1d AdeH

2 e 2o 22 Zleer HrHddes APt RV #rtRdEe
K-H24 ol 28718 A8ais, 83 BaEg] gL 7:3 vgR 03
@} 297 Weld BAS U-Nee Zgalel, 257 Bmd g9 da
E HlE&2 FYUsit. e e dads Agvjne] uE Bd dHof digt
HE  Apo]zxs 2007152 Eolztth. HASRIE= adamE, &A=
categorical cross—entropys AFHE?MCE I E= python3.7.1202 ZAE O
H gded T AT Tensorflow 2.6.0 7|Fre 2 F2Hgct,

3= 74 Ue
Model U-Net
Patch size 4
Input Band Size — IP(PC) 200(102) / 15(10)
Loss function categorical cross—entropy
Optimizer adam
Language python3.7.12
Deep learning framework Tensorflow 2.6.0
(& 4-1] E=1d 4 71+

w7l o] s e %Ioﬂ Sfgohs 2l S 2o disiA, Syt
1= dlolHAE A9 SHae 167101ARE 2ol gl=, = wiAel sie
Sk 2ol disiAz ZesiA 17 dEo= okl HAEE et
A i U—NetOJ Hed Rl tisiAs da's *ﬂl‘:ﬂ gloldel it 3
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= — — -
ng | 5 NS e agee | 98 a3 Aol
Indian Pines 6342 4439 1903
Pavia 89792 62854 26938
Centre
(£ 4-2] AlZ2Hg o] mfx]H Hlo|EHAME FA4
nwg % HlerH stetlol AZ oy
N
Indian Pines 21025 14717 6307
Pavia 783640 548548 235092
Centre

[# 4-3] 277 dolHAE 4
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A 2R AL s 2%

At 7oz WE M9 FAS AP o, ohx #Ee Zo| Indian
Pines T|o|HAIE A% Ligjd HG Fo 7]& 2
92%2 AP OH, Pavia Centre HIOJEIAE 79 1027] W= Fof 10742
oF 00%= FAFct T WHE QlE|Ad) tisiAl=

T3 71E ZE|lAEH HiE A izl g AlEYolElE ofdyat A
2 AIZHE HAPE o), oF 77~92% AT T=AA AAZF Ao Yt 71
ge g 271 qlgint
=
HolH A E - W= oldl
T
Indian 5 191, 72. 152, 103, 29, 38, 187, 7.
Pines 31, 45, 194, 114, 76, . 34, 36.
Pavia 10 93, 43, 52, 31, 78, 4, 0. 6, 1, 90
Centre
[ 4-4] Al &1l 25
UDF WG 2947
140 128.9
120
100
F\; 80
Sj 60 465

40 301
0 —



A 34 K-FHZH ol 277 ¥71

At Agos We Ag

-1 O

1>

v u]-g "5 (origina)oll thafiA K-22
ol ER7IE Tl Aess HluFt. K-FZFH ok FULERI
(K-Neightbor classifier) & k=5& #-8s5}o], 58 HAE Ay} Fato|rt. ot
5 HH 1939 BE MES AAEFE ok 2% H=H Ground TruthE
Bogte, AR 237 e+ AL & 4 th(Habermann, M., 2019).
O E, Age SHAANE 25 B o EE g4 ER AgLE &
018t 227} 9lr}.

;gg

0.9

m [Pm PC
0.8

0.7 -

0.6 -

(18 4-2] Wic A" d18)Zy 7)1& SeAE d1ugE 9 We 4

E3F not labeled S0 tishA e QAR vjZ o] FZo] Hels] Hi=
Ag ZA 471 Ak EFF 7]E WHE A= diuzl ddE F Ae
glolel= ojd® ZHut B WS i, Pavia Centre 7% Al 3 oA Aot
s
T

@ AW ZlEgAe] Yt S AvE FAA 94 9e AuE 2

Wi =2
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PC Original band selection(DI)
not labeled 0.90 0.90

water 0.46 0.47(+0.01)
Tress 0.61 0.62(+0.01)
Asphalt 0.40 0.52(+0.12)
Self-Blocking Bricks 0.27 0.31(+0.04)
Bitumen 0.83 0.82(-0.01)
Tiles 0.28 0.33(+0.05)
Shadows 0.64 0.66(+0.02)
Meadows 0.44 0.47(+0.03)
Bare Soil 0.36 0.46(0.10)

[E 4-5] Pavia Centre H|o]g 2HH A5 H

Atz olmlAg HFE W, FWF A olnlAst mAg Avpt
o

_28_



A 32 AadHoA d2Y 2 45%7T & FAS} FH-gH|w
D &alelE nAg Meo] it U-Net 22 44537t

4 149 A 7eom, oA A 44 289 /7] 29 Bt
A g vort g8d U-Net 2dlo] A-gsto] Bdl 452 HAEJT Q1A
A4 Aladg el do® U-Net RHO] Ho|Agkel RelS Ttz AREFlon,
A4g 189 & 270 webA] 2d o5S APF Aotge WAskaL
early—sopping &A= &of, AT He A4S LAtz ok 4= fo]
B2 A3l Agt 71¥ deE njAgAor, e HAE Rl Yo,
At mRI= HlolHAIEA M= oF 1507 iz =7] 728 Zlg¥sto,
early—stopping A= 2002 AAstyiet. Rddl Feeet ndl &4 1] 1

ng g adnz wug 4 ok o
S

Model accuracy Model loss
10 1 — ¥ain & AT Y WY VW oy — Tain
+ UL 4 " 2.0 1 Test
/
VE:] [
[}
| 15
5 I
; 06 E
E d10 4
04
05
02 |
b AA A
00 *—-/\.M.“"\--'--.J'fh. e LA -,-L.-\,,«FL T
0 » 4 @ ® 100 120 M40 0 0 @ 60 80 100 120 140
Epoch Epoch
— = o} = H= gl AAL it
(1% 4-4] = A9 darelE vd§ 277 A5 &4 222 dp)

Pavia Centre H|O|HAIE H$ o5 &4 J43 H4S &4 F4Ho] o]
Y5t oA, St A &AM Aok of tigh A4 FHZFo] x7] o
AAME HHA ZAW, HAx} SEE5sE HEo] Zopx|s= A HAT &



U OH, early-stopping FHL= 6°= AASHUT:. ES ofF 301} HiX]
Aol = 14482 SRt AWE EESHATE whEbA, 0.99209] AStEE I&
7 At

Model accuracy Medel loss

st

10 5 b 5 30 0 5 10 15 w0 13 n
Epoch Epoch

[ 4-5] e A da2E nAg Ew77] 4 &4 2:H=2FP0)

2) At 71 A-gH WEo] et U-Net 22 A5%871

A4 18] mg dagls A8 A5 U-Net 2do] A83< o,

. Indian Pines 7%= 2007 =4 15

k)

ol

o] W] uet %o] Aohx WYL & 4 Yok webd &4 aHzE
staol Aol wat 4 Hol" &49 Ho] Aldele ZIAT, HAb 2ot
A FHE 0A Pt JdE WE AAE ARgshe duEos 2F dol
2 85%2] 35 HA9ck.

Pavia Centre Glo|HAIE A% 10271 ZoA 10712 =g WS my
o d¥or WS ALE ke Be ANE EEolol, 9%ts 45S

FA %t

_30_



Model accuracy Model loss

10

—— Tain ..Hf\nf’"\fv—f\/" T AT 10 { — TFain
Bt W _| A Bt
08 o v 1 1! | B
/ | 1| !
I aaR 1
geel £ AN IV MY | g
RN
"] = |
< 04 4
02 | ‘ 2 ‘
| \\ .
B P A PN —
8 S L ! —~a L
T T T B i — —
0 20 40 (3] 80 100 120 0 20 40 &0 B0 100 120
Epoch Epoch

(7 4-6] Wi A" daes A8 E77] A &4 2P0

Model accuracy Model loss
—— Tain — — Tain
0.995 A
Bt =— 010 st
0.950 ’/ "
09851 | 008
Z 0980 {
© | w
3 & 006
¥ 0975 /
0970 0.04
0955
002 Ly e e A T
0960

00 25 5.0 5] wo 125 15‘(} 1]"5 0o 25 50 15 100 125 150 175
Epoch Epach

(19 4-7] e A d32E A8 £77] 4 &4 IHZ(PCO)

3) ARS AR 71 AladE ol Hed Rl Hg 2§

o] e}
g

< S
Srolgict. 242y 6%, 2% T Al 7S A85H ie= of7F "o
85%2t 94%=2 °F 4~8% TZ "oz ZS IHZE T & & Ut 5

2|5k oF25} #gko 2 float64H]| E o A
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HO|HMH E et 45 Bl

0.99750 9921 0.9972

I I | I

f!oat64(‘Banc floati6(Raw Data) float]&(ﬁand
Selection) Selection)

| Indian Pines 09317 0.849 0.9975 08975
® Pavia Centre 09779 09434 0.9921 0.9972

0.9779

0.9434
0.95 089317

09

0.849

0.85

08

0.75
floatb4(Raw Data)

m Indian Pines ® Pavia Centre

[ 4-8] Wi A= d32js A8 ofFof us

A% Fd FASE Bgo] B Ak Hla

jmnY
@]

=1

2N
I
|m
Hl
rE
rlo
i)
2
ko
e,

=

FE AS AAF 71 A%l Indian Pines % 5% o4
ast7] el
Centre 3% %
Fe adE 4

mdo] 9715 Hugls o, At W d1gES A8 A MEL] 47t
Indian Pines 7% 2007HollA 1572 Z4skal, Pavia Centrer= 1027Ho]A]
10702 HAFAN, o #Fo] A2 =HA 42 doly d5e HS o,
AAE U-Net REo] 7] vl 0.1~0.2MB }o]2 ZtopxA|ut 3]
A 9 FAStE BdS Floatb4o|A Floatl6Z FASIAIAS o, 23]

29 F7)7} oF 83%= Aol RS AT Aok
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T
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v

Indian Pines

Pavia Centre

Raw Data Float64 12.9MB 12.7MB
Raw Data Floatl6 2.14MB 2.10MB
Band Selection
Float64 12.7MB 12.6MB
Band Selection
Float16 2.11MB 2.90MB
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ABSTRACT

Efficient Band Selection for Hyperspectral Image
Preprocessing in Embedded Systems

Chang, Duhyeuk

Major in Computer Engineering
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Hyperspectral imaging technology is a method that derives hundreds
of spectral channels (bands) as image information as a result of
continuous spectral filters. With the development of device miniaturization
and analysis technology, multi—spectral sensors with existing four to seven
spectral bands have now expanded to about 100 to 200. It is also being
applied to various fields such as environment, national defense, medical
care, food, and machine vision. Through this study, a Dimension
Reduction method is used among Spectral Unmixing methods, Dimension
Reduction method is analyze the pixel composition ratio using unique
spectral reflection characteristics for the target object. By improving the
band selection algorithm in a dimension reduction method, preprocessed
band performed through the neural network input. With the learned

model, we compare power consumption based on the application of the
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proposed band selection algorithm in an embedded system, and aim to
minimize power consumption and minimize performance reduction. For
the extraction of specific information, raw data is clustered into subsets
by generating discrete values with differences between maximum and
minimum values for each band. The band selection algorithm is applied
to the classified subset. The dimension reduction method is largely divided
into feature (band) extraction and feature (band) selection, and the
feature selection technique is applied to improve the number of bands
according to the data set and the time and performance required to
apply the existing algorithm regardless of wavelength range. Through this
experiment, a meaningful result was derived with less reduction in
performance accuracy through the classifier, even though the time
required was significantly reduced by about 77 to 92 percent compared
to the existing band selection. Furthermore, a proposal algorithm is
applied to U-Net among segmentation models, and input data bits are
converted into post—training quantization. we scale from Float64 to
Float16 the first input data type of the model and the data type of skip
connection entering the input from the Contracting Path to the Expansive
Path. As a result, an experiment was conducted in which The model size
reduce by 83% from around 12MB to 2MB. and raise the model
inference performance by 5-6% again. and raise the model inference
performance by 5-6% again. In addition, it confirmed that the wider
class distribution according to the band by pixel in the model to which
the band selection algorithm proposed in this paper is applied, the greater

the performance improvement due to weight reduction.

KEYWORD: Band selection, hyperspectral imaging, pixel classification,

pooling operation, post—learning quantization, and weight reduction
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