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Abstract

Hyperspectral imaging enhances the solution of many visual problems but suffers
from low-resolution image data. Due to the trade-off between spectral and spatial reso-
lution, it is hard to directly get high spectral-spatial resolution data. In addition, building
a high-resolution hyperspectral imaging system can be really costly. Therefore, com-
putational super-resolution methods mean a lot in practice.

This thesis focuses on one type of super-resolution method, spectral supet-résolution.
We aim to produce a high-resolution hyperspectral image from a signal RGB observa-
tion. Mapping three discrete intensity values to a continuous spectrum is highly under-
constrained. Fortunately, the inherent correlation of natural images. serves as a nice
prior to help solve this problem. In fact, for each candidate pixel, there often exist lo-
cally and non-locally similar pixels. In this thesis, we propose.a novel multi-scale con-
volutional neural network to explicitly map the input'RGB image into a hyperspectral
image. Through symmetrically downsampling and upsampling the intermediate feature
maps in a cascading paradigm, the local and non-local image information can be jointly
encoded for spectral representation, ultimately-improving the spectral reconstruction
accuracy.

We do experiments on a large hyperspectral database and prove that our method
achieves state-of-the-art performance with regards to both pixel-level accuracy and
spectral similarity. What’s more, we experimentally show that our method is much more

robust in that it is‘less sensitive to hyper-parameters compared to previous methods.

Key Words: ‘Hyperspectral imaging, Spectral super-resolution, Multi-scale convolu-

tional neural networks
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St T — A IR AL B UG EE B 48 I 28 5 . B AR A R 2% (convolutional
neural network, CNN), E5AEGME ML LLT A EZK AR
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BT TUik e — A2 . S2HSEERA AT (D Rk
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KRB Ik % W% (deep residual network, ResNet) 7% 2015 4 ImageNet K144y
RPRRFRA 2 . VR IR ik 28 2557 20 i N Rt 2 1] 9 22 B A (residual
function) T HE BELHE 25 ) 4 N B4 H IR BRIRE, 2% ST 5% 22 B AR 1 M 1 e 6 5
2% (skip connection) FRZERIEL (K 2.4 (a)) SLIL). FRZE 4R 0] DURLEFH)

///
1 ///
1]
sgP=g
P>
1]
T
1
1| ///
//
6| 8
3 |t

HCPUBR BETE R IS, AT Y Zh b 2 IR FE X 2 BN P RE o
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% F %4 W 2% (densely connected convolutional network, DenseNet) 18T
BRI ZEE GREM M ZIERR R 1) BN, SAERRHA
RZATEMERRMNES (K24 (). HB—MHREMSMARZ: S5
LM 2 105 R RS K A MR IE M B ROk GREMZ K AT . B%E
BB T: (1) HIFRXPIRREHERIMR: (2 SAMREEAS: (3
BE— AR N 25 S (DR D 58 3 B R S R AR B E B ok R, P DAAeE
—ANERA E S RFEECE BT DA .

X

Y

weight layer
F(x) Jrelu X
weight layer identity

(b) BEEBALL (DenseNet [F3EA R IT)

2.4 BRZEEDORIE B
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(TR B AN = o e 2 VR0
T SHUE O)@ K& X 77 A

WIS AR T SR SE SRS R — AN, AR ) R R
A BRI ZREs A 2 DASCHE RIS H ISk, Bk SR R 24U,
ERRELEATT. BT REIEEZA, EHIRZ il ME KR,

(D# 34T (data augmentation)

XFTARE TS 0 5] R () an R 220, UGGy 9D, FDIE 7 B0 7%
BEATEE G O — AR B s G T B I AR SR AR R TR DR RS BN )
T B, FEAE I B SE A BT Dobig LR LA B SRR
IIIIREA . X FEA D SONRE TSR O ] b — BRI B Hicdf 1 5 2

(DORETES] (weight penalty)

N A IENA (regularization) o 38 i 75 451 2% bR IION X 48 S50 1) — 1K
I, A CLANHIASG BRI 28 S HUE . BUE TG T AT DA 2% SHE D <38 5], =&
W8 FEF AN b < SR A2l T AR TS B 4y o

(OFENLATH] (dropout)

A0 32 R A AE W 2% 2 BN I T IR s IR ) IS 0 R o BEATL A
i) 11 3 2 AE M G 2% 1R i A BE LR 2 2 e B . X — @R E EEN T
BRI N T —E I GRS

(#LIF—14L (batch normalization)

A —A U B JE R E B e I — AR B T — 2. R
FE M2 SRR A Z 50 AR AR K SE T ZAFAE <58 IR, #tH—
AR A )X A 28 AT A BE N R

FRT RHEITEMEHTES

£ GPU HIEEANECE CUDA AT ISR T, KA I 28 0] DL+ i 23
HIEAT ISR, S35k, B R T/ TN TR AR B 2 S AT AR R 2 1oy
—AKEH, EIXHERASCRE T, A AT T ) R 28 SR ARG o PR

4 H 55 52 G K HE 2R /2 Tensorflow 7! Fl PyTorch2, 4351 Google 1
Facebook R 5 4E4 . AT A LG AR &2 T PyTorch HE42, K N ELEM 4
AT E A . FATRIRESFT G52 8 Bk GTX 1080 Ti.
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LR RN e b S VA0S

FZE HEEH

X', WONA TACE LBk W b M R R 7%
(Arad et al.), PO g i 55 — Mg Ron Ik (A+), U1 dhfig i 2 TR
F2MJ7E (Galliani et al.)o SRR A TR GASCHR H ) 2 RBEG AR 22 J it
PR

F—T MEEAE

— ETHARTHAE
Arad et al. Nl A+#GESE T 7 2 SRR RS (1, SHARHESS I 3.1 Fos.

Training Reconstruction

Estimated

Image
HSR

Linear
‘Combination

Dictionary Dictionary LSR Dictionary
HSR HSR Projection LSR
— —

__—1

Weights

Image
LSR (RGB) ||

(a) Arad et al. (b) A+

Kl 3.1 PR s 7V HE SR

(1) Arad et al.
TENI B, Arad et al. ff ] K-SVD 5k ¥yt 7 &F m NIo R ELE
-LjEti?"ﬁﬁi‘o

Dy = {h1,ha, ...y} (3.1)

H1 - A e 1 2t 21 RGB 28l ) B R R R 2 LN A GXREAFIRR —ME

19
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B, mOCHE TR DI BOE BMRAE S A, 153 FER AR 7 St

Dy ={ly,1a, ., Ly} (3.2)

FEPR B, X F—5k# A\ RGB E&, & Jofi H IE A ULACIE B H 2 Corthog-
onal matching pursuit, OMPM!) 44—~ RGB 4% p; = (r, 9,b) 73 il UL HE S
M —NEMHE, AEMRE (w) WA

D -w=np; (3.3)

B2 7 A w 25, MNEEERRER py AT B ot B S A
ok (AT RGB BB R (KM 2 K0

Prn=Dpg-w (3.4)

(2) A+5E

A+BUS ] R R (TRl o R I R ), DO Y e B
T HHR R b, (R ORER T HRARR. (E A+rh, EDGIE S [F R
K-SVD &1, W B TARME R . A A+, mobiSEdE 4 &
I B AR R A R B . AR O TR I g — DR L, MR
o an v T

min [ly; — Niar|3 + A a3 (3.5)
HA N 2 NEGE TR,y R RRE = R G s . 3.5
A7 AP U
o= (NFNi+ )TN -y (3.6)
W T 4E AR B oo Gl Wi FEva @ ry D, LR &R 0RIE
LA RRATH -
Yyn = Npa (3.7)

Hrp, Ny 27 ST R NRIL RS, v 2@t (Rl g0, X

20



P T ALK R
I, WSRBATG R e LB P

P, =N, (NN, +I)"'N[ (3.8)

M, 4iei3.6~ 3.8, HATATLIEH.

yn = P -y (3.9)

Wt U, P& m P w2 MRLEECE 2 im 44 MW AR R . ZE I ZREY
Bt EHRHIBGEAERE Py #0EE TSR AE e e v A7 A, B PRI Bt

~ output |npU1’
]

z B e
I Dense Block . Convolution
B Transition Down B Trensition Up

-==» Skip Connection Concatenation Dense BlOCk
K32 HETEEMSENRER

—ETFREFINAE

Galliani et al. " A$ 1 oot (1) 45 4687 55 % 4 22 I 4% (fully convolutional DenseNets,
FC-DenseNets®7) o J5 & S 412 5t BIR 7 BUE S 4R th i), BE% 7 R % &
B . K32 R BRR R ERMNEI I REE, £ 3.2 28N eEaH
. XML =R AR R (R 3.1).

(DEHERAER (Dense block, DB)

ERE AR NS, F— 2tk NMRIEE, FTARZMmARESE—
EIENT BN B B RIRAE: ftH—1k (batch normalization), I
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R31 BB ELMS A R

(a) (b) ©
K& EEES (DB) ToRFEREEL (TD) FOREE R (TUD

NI — JZ 4514 Batch normalization Pixel shuftle
Batch normalization Leaky ReLU
Leaky ReLU 1 x 1 convolution
3 x 3 convolution Dropout
Dropout 2 X 2 max-pooling

B ReLU #id A% (leaky ReLU), 3 x 3 &A1, BEMLANH] (dropout) (L3 3.1

(a)). BHEEEILN B EZAEmEEm. wloh, (EE g5 RE

BOrhwt 7 4 E, FEME 16 MEER], PRIt 64 MRFIEE
(2) T RFEAEHL (Transition down block, TD)

R F 2 4 D R E B R R AL RS et o, AEE AR R A
— AR, TR T R SR e THEVE 1k (batch normalization),
B ReLU WG R EL (leaky ReLUD, FHEHLANH] (dropout) (Z W3 3.1 (b).

(3)_ L RFEAE (Transition up blocks TU)

g ] 7 WA R G (sub-pixel convolution! ) Rik4T FRFEHEE. JRIAH
AR R T N 45 BT S 12 3 B GBI (transposed convolution) . A%
RERMNAAET: QU ATIAFHMNE S, Piibdla; (20 Bk HIaiat
¥ 38 (checkboard artifacts)

FIT ZREEVHEME
TEIK— /AT, JATE S I 1) J LA SEACLL R TE, SRJE 4 th e B 1 4
2

— EHAIRR

BATHIN A = Fp ARG T WEEF (double convolution, Double
Conv, % 3.3 (a)), KX (downsample, 3 3.3 (b)), L[ K#f (upsample, 3 3.3
(c))s

22
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(DX EEF (Double Conv block)

BEWA 3 x 3 BREAE, G—NZBREM NS —4k (batch normaliza-
tion), JWFE ReLU #i% K%L (leaky ReLU), FENLIH] (dropout). HIAHLIH—4L
ABEATLA ] R B2 B I 30 )

(2) N KFEfEE (Downsample block)

TORFEREAE R T AN K E AL (max-pooling) #:1E, & 4a AL B 1) 2%

[ RS, 3R RS2 LT
(3)_FRFEfiE: (Upsample block)

MBIV B ER M AL, JATERH T IR R GPUREAT LREE, LS

2145 95 WX 28 ZEOF 7 1 RS RN T H T

% 3.2 Galliani et ol MR 5 B4 H(E 2

Network components Number of features

RGB Input 3
Input 3 % 3 convolution 64
DB +TD 128
DB +TD 192

Downsampling
DB +TD 256
Path
DB +TD 320
DB +TD 384
Bootleneck DB 448
TU+DB 400
TU+DB 326
Uownsampling
TU+DB 272
Path

TU+DB 208
TU+DB 144

Hyperspectral 3 x 3 convolution 31
Output Output 31

23
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R 33 ZRUZEPRNA I B R AL 1 5T

Double Conv Downsample

3 % 3 convolution 2 X 2 max-pooling

Batch normalization
Leaky ReLU

Dropout

3 x 3 convolution Upsample

Batch normalization Pixel shuffle

Leaky ReLU

Dropout

— LR

BARM X ZER NI 3.3 o, & AR MRS 4R ity ChRFEIE
B ARSIy (LRFEEIED . fERAary, B MPEMUE A WEE
FA” 15 (Double Conv) AN T RAFAREER, ™ FRAE & 1) 25 18] RZEASWT I /)N, 5
(e R ECR S — PN — {5 MR SR AN G BS F8 0 S XEAR Y, &P IR
AT — > ERFERLHRAN — A WG P R Rk B 2 1) RO BT R
R B el — PRt Ba, A 1 x 1 BBE T Rk L
1, R B LB EOIE R . R FIEET A, BATEGIA
T R R VR A AR 43 A AR 43 v A R PR R AR P

FATTHIRRRL AT ARG (3 N OE T 0 HEIRAE 55 - 56, MBS HR 7> M RGB
B BRI, IR T REERIERE S, 2% B RS AL I I, 258 A
SRR EME BB 2R REE R, XEAE 51k <gmid” 72200 Ry
A1k P P, AR P8 2 ) K R BRI 20 A w1 PRI, i i 2 A 4 AR e
MI5IN T 2 REERFIERAH B IX A A RS, MRS B4 1 B 2 .

= idig
U-Net ! ZEH RIASCHE H 08 A AL, AR RLAT U-Net f) 3 22 X GIAE
T N7

o R, GRREEH T HMIFITE (zero padding) KRIRIEE
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BHRAEA AR R B R . #£ U-Net 1, W BRGS0 REH, £
JRERR D ER 2 RNLGBEREFTFAUG R, B TEREST

TR ISR .

o FRATTHAERY A B8 0 T fE VT —4L (batch normalization) FIFENLFH] (dropout)

AT st U

o FRAMEH IR ReLU (leaky ReLU) 1ENAELE M BIE A%, 1 U-Net K H

] 5& ReLU.,

o BRFEER;, BAMEA AR EBRMNAREEE].

Double
Conv 64

'

Downsample

v

Double
Conv 128

\

Downsample

v

Double
Conv 256

{

Downsample

}

Double
Conv 512

}

Downsample

Input —=

, Double )
Conv 1024

Double
Conv 64

*

Upsample

*

Double
Conv 128

*

Upsample

A

Double
Conv 256

*

Upsample

*

Double
Conv 512

f

Upsample

—b-.—b- Output

K33 ZREBRIEMELSHE. “Conv m” Fonfith m MHEEKERE: &R

BRI A EAE 3 x 3 B

AR AL & 0 HE B

25
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FME LIy
F—T BEATUMAT

N T WA IRA TR T (A v, FRATTAIPUFhxt b 7 it AT 76k bG . RESR A,
Arad et al.1*7), A+D0), Galliani et al.t. W50 Qe E IR 7ACRS, D A $R 4L
PG, FrUAFRATE CSLBl T IXAMERL, N EFRAT R A — T SR SIS .

(DFEECAEE

HEEERA P REMY— NS . T —1 RGBAEAE p =
(r,9,b), FAVERFEFIBERIEAT FRFE, 315 31 e EDGIERGRR (py).
AT GG RE B KA (B 4.1, 10 g b =AMES XML 700mm, 550nm.,
450nm..

[ ] [ | [ : | i 1

400 450 500 550 600 650 700 750
{utira) Violet Blue Cyan Green Yellow Orange Red (infra)

K41 mareei
(http://www.gamonline.com/catalog/colortheory/visible.php)

(2)Arad et al. F1 A+

MOGAE 20 B R BB B & moa il BUR I — DB FoRAE, TRAE S
Tk 2GRS R B SE BT o FEDTS0) by AN SRR PR LR R TN . 7EFRAN
(RSiRIe rh, X AN R R A FH A U 2R3t F B 40 & 10 07 At ok H ok 1

(3) Galliani et al. F1Z2 JJE BN 4

FATIE I S0 e B MR E B NS M R AEE S E (S K 4.0, X
T Galliani et al., FAMERH T 50% HIFEHLADHIBE2E (dropout rate), i) 22 M
AT T 20% FIBEALAMS] . A I0IRPT ReLU 7657 -5 RI R AT Z 0.2, MM
L5 HRAE A Adam TRAGER ISR 100 5o PRI 2% 1K) S H0O0T 46 A 7 R0 2 > 2 Al 2
AR—FEM: Galliani et al. 1 ] HeUniform 7S] K47 S H01461L, BT 50 5810124
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FiL Tll k222 i
HKE2x 1073, JG 4052 2 x 1073, WTRAVEHMZ RIESFEA, XHT
HeNormal S UG T778:, WIRS IR A28 5 x 1075, RIERHEAIT 10 55 ) RY0H
N 0.93 fi5. TEEIEIEAEI S, AR T 64 x 64 7 H, AT EA 40 ME
RIES, RARNIRICT 267,000 LA ERJUIZREHE . ENEKFT B, RATE
VMR EIE R 25 N, 38 I — T ) A% 6 E R R

K4l MPMREERMNE GBS E

Galliani et al. Ours
Dropout rate 0.5 0.2
Slope for leaky ReLU 0.2 0.2
Initial learning rate 2x 1073 5x 1072
Weight penalty 1x10°6 1 x10:°¢

Weight initialization =~ HeUniform . HeNormal

BT AFMiER
FAMEH T LUF PN 28 0 IPPA FR bR R LA & MO RIS
(DEERBERE
A% 7 PO R R, SR BIJTHR % (root mean square, RMSE)
FNAR XS 5 77 HR 1% Z (relative root mean square, rRMSE) 1N 117 Z ) PFAT 45
Wro IXPIAFRFRE HA B AR T 2.

RMSEpzéééw(ﬁﬁ—fﬁ)Q 4.1)

n

RMSEZJ%§:<$)$»2 (4.2)

=1

rRMSE; = — : (4.3)
s
. 2
1 n (‘[l(zl) _ Ie(l)>
rRMSEy = | =Y e (4.4)
i=1 h



(TR B AN = o e 2 VR0
o, 10 R 1 43w FoR B A E M G MR S AN e R R R
B, In & I, TTETCERPE, n2—REF TR EEH .
(26T AHARLRE
H TG 2 ) B 2 ARG EE R, AT R T 63 A (spectral angle
mapper, SAM) {ERN—"DNVPFads. G A 1 & 12 5 S0 i AT A 161 2 A
B E, HEARAT:

m GhT ()
1 (p;)" - Pe
AM = — 1 § h 4,
S —cos ( ) (4.5)
2

7=l Hpgj) ‘2 ' pgj)

Hor, pW) pWe RO 43 )2 105 (000 28 Mg 1 5 e i R R (K958 MR & (C
R MIEBHO, m R —IEE G SRR

F=T XWER

— WS RE AR
FEIE] 4.2 hadlghl Tlgrii e GNZRER LRI iRz Mihlih g Cp

PSRRI AR, B ih ZHOE T T BRI iR U S, 3 U AT
PR B R RSP RE

— B EITE M HEER

R 42 B TR BEAs okt BUE ER B E VPN S5 3. AT 7R AE
RMSE, M-RMSE; i er Lildk 7 At 480777, £ RMSE, M1 rRMSE,
A Galliani et‘al. ZEARFFF. BEERE, WATHVEAGHE A 7 H P ST
FAthoRT b7 325 X U B ERA T R B ] DU B (D AR B . RER AR, &
B IR R ZE G AR A A AR I IEAR GG R B, R R AT R
BB EFSTHEL, RMSE M rRMSE ANgx32 B, TG HEA M SR 3R 2 .
4.2 PR ZIRBATR I EAE AT TSGR T OGS 7 11 Be .
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®42 ML ESMDVPUHEARHIER

RMSFE;
BGU_00257 BGU_00259 BGU_00261 BGU_00263 BGU_00265 Average
Interpolation 1.8622 1.7198 2.8419 1.3657 1.9376 1.9454
Arad et al. 1.7930 1.4700 1.6592 1.8987 1.2559 1.6154
A+ 1.3054 1.3572 1.3659 1.4884 0.9769 1.2988
Galliani et al. 0.7330 0.7922 0.8606 0.5786 0.8276 0.7584
Our 0.6172 0.6865 0.9425 0.5049 0.8375 0.7177
RMSE,
BGU 00257 BGU 00259 BGU 00261 BGU 00263 BGU.00265 Average
Interpolation 3.0774 2.9878 4.1453 2.0874 3.9522 3.2500
Arad et al. 3.4618 2.3534 2.6236 2.5750 2.0169 2.6061
A+ 2.1911 1.9572 1.9364 2.0488 1.3344 1.8936
Galliani et al. 1.2381 1.2077 1.2577 0.8381 1.6810 1.2445
Ours 0.9768 1.3417 1.6035 0.7396 1.7879 1.2899
rRMSE;
BGU_00257 BGU_00259 BGU-00261. BGU_00263 BGU_00265 Average
Interpolation 0.0658 0.0518 0.0732 0.0530 0.0612 0.0610
Arad et al. 0.0807 0.0627 0.0624 0.0662 0.0560 0.0656
A+ 0.0580 0.0589 0.0612 0.0614 0.0457 0.0570
Galliani et al. 0.0261 0.0268 0.0254 0.0237 0.0289 0.0262
Ours 0.0235 0.0216 0.0230 0.0205 0.0278 0.0233
rRMSE,
BGU- 00257 ~BGU 00259 BGU 00261 BGU 00263 BGU 00265 Average
Interpolation 0.1058 0.0933 0.1103 0.0759 0.1338 0.1038
Arad et al. 0.1172 0.0809 0.0819 0.0685 0.0733 0.0844
A+ 0:0580 0.0589 0.0612 0.0614 0.0457 0.0610
Galliani et al- 0.0453 0.0372 0.0331 0.0317 0.0562 0.0407
Ours 0.0357 0.0413 0.0422 0.0280 0.0598 0.0414
SAM (degree)
BGU_00257 BGU_00259 BGU_00261 BGU_00263 BGU_00265 Average
Interpolation 3.9620 3.0304 4.2962 3.1900 3.9281 3.6813
Arad et al. 4.2667 3.7279 3.4726 3.3912 3.3699 3.6457
A+ 3.2952 3.5812 3.2952 3.0256 3.2952 3.2985
Galliani et al. 1.4725 1.5013 1.4802 1.4844 1.8229 1.5523
Ours 1.3305 1.2458 1.7197 1.1360 1.9046 1.4673
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= AR

N T BB U A R AERA T, AT T S A A A A v
BB Z AR iR 2, IRZRZEPTAAEBAHRZRM (LA 4.3), HT A+E
FAVEN FEAR D EABAEXLT Arad et al., BATRARMT ASRIENH B R R
JIEIIAER o ARGE WAL ZE A W] DL H AT ) O 2 A ) R ST, iR
AR

Ti8h, BABEREHLER T =5k ML, IFaTdAL 7 BELAREUR DA e
B (K44, HEMPRDEEMEIOEE R A LB 25 .

250 10 10
9 9
200 8 8
7 7
g 150 % 6 %N 6
: 3
] B e
Z 100 3 4 3 4
3 3
50 2 2 W
1 1
Wttt
02 04 06 08 1 12 14 16 18 2 0o 20 % 60 80 100 0o 20 % 60 80 100
Iteration %10° Epoch Epoch
(a) WZxihZk (by ML (RMSED (c) MMz (RMSE2)
1 f 30
09 09
08 08 %
07 07
u o 20
2 06 2 06 g
x 4
5 05 o 05 15
o) =3 &
o & ]
g 04 g 04 Z
< < i
03 03 1
02 02 1
5
o WMW | P e TR O
0 0 0
0 20 % 60 80 100 0 20 4 60 80 100 0 20 % 60 80 100
Epoch Epoch Epoch
(d) MEXHZE (rRMSED) (e) MkHhZk (rRMSE>) (f) MEh£E (SAMD

Bl 4.2 I il 28 ANk ih 2k
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Kl 43 HXHRZnT M. MAERI4: RGB EME, A+, Galliani et al., % RS

FOT SHERESN
Galliani et al. ! HR T FAARIN IR N 2% G5k, (HZ BATHIRRY S A 52
XS EARATNE AR, T — s, FATESF T RN (dropout) AL (b
AR BN 00, ARG EFIIG T HADME. K 43 8o 1 E=HIZ%
I 2% 2R IS B S5 R . BRI MR PR RE AT AR 22 1, (H2 JRATT A
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BB E EINASTE o X T Galliani et al., FZEREHIEMRZEZRIN T 2D 60%, 25
Wi e K I r RM S Ey H KT 135.50% 2% T ATHIRARLAE &S fa b L322 15
i #R /b5 50% o

#* 43 Galliani et al. 12 REBRMZE A /A dropout N [ HEREXRT LE

o Galliani et al. Increment Ours Increment
Galliani et al. Ours
(no dropout) (%) (no dropout) (%)
RMSE; 0.7584 1.6092 112.18 | 0.7177 1.0662 48.56
RMSFE, 1.2445 2.0492 64.66 1.2899 1.8168 40.85
rRMSE; 0.0262 0.0617 135.50 | 0.0233 0.0320 37.34
rRMSFEs 0.0407 0.0673 65.36 0.0414 0.0593 43.24
SAM 1.5523 2.1358 37.59 1.4673 1.6206 10.45

R 4.5 1, FANZH] T =AVEN AR IR B HIUHBEHLAE 2 S
Galliani et al. 1% 2R (ZRERLD #-ABER T, mERNPIHREZ
B NG 2 IR R 20 B SE A L) . B AN
FbR A 26t SIS E S, BT R R 1) 1 2211

550
Wavelength/nm

Fla4 MM ERRRTIC. S RGBE(R: Btk HSOLH (%% MR
i (. LHDERNIIARLE L RGB B R I 05
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0.25
- - - Galliani's model, dropout
- - - Galliani's model, no dropout
Ours, dropout
Ours, no dropout
02—
w015
a
=
x
©
=3
g
2
< 01
0.05 -
0 L 1 L 1 1 | 1 L 1 L |
50 55 60 65 70 75 80 85 920 95 100
Epoch
0.25 —
- - - Galliani's model, dropout
- = = Galliani's model, no dropout
Ours, dropout
Ours, no dropout
02—
w 0.15 —
D
=
e
o
j=3
2
2
Lo, ' '
< 041 M
"
'
'
0.05 -
0 1 1 1 L ! ! I ! I ! |
50 55 60 65 70 75 80 85 90 95 100
Epoch
Bis

=~ = Gallian's model, dropout

- - - Galliani's model, no dropout
45 Ours, dropout
Ours, no dropout

Average SAM
"
o
T

50 55 60 65 70 75 80 85 920 95 100
Epoch

SAM

Kl 4.5 Galliani et al. F12 B ZS/EH %A dropout B MRt 2k (R4 1 55 50 %)
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FHE HiE

ASGETL I3 M e AR SR R H A Z AT AFAE Rk, $RH 1 o
AROIELE S, IHFEETR- PRI D, Bt RGB B&EH
PR IGEE E .

ATV T [R5 8 Ry AN AR JR) 45 RS T 0 i e 20 9 Il R B S,
FTIXA, AR 7R 2 RERER M R, 2R 7 XA T
KA ERAFIRAE,  REE [R] N 2 1 J5) B A = 50 1 B A JE 0 DL B e 4 4
LT S5, FATIRAUE 1A R AN DURAT A GRS R, IE HAT N
FasE IITERE o
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