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which results in low reconstruction accuracy, poor learning ability and generalization ability of the re-
construction model. In order to solve such problems, the spectral reflectance reconstruction of multi-
kernel support vector regression was proposed. Firstly, the product of Cauchy kernel function and pol-
ynomial kernel function was introduced as multi-kernel function combining with the characteristics of
overall situation and part of kernel function, and then the parameters to improve the performance of
the model were obtained from the training samples by cut-and-trial. Finally, the multi-kernel support
vector regression model was used to reconstruct the reflectance of the test samples, and evaluation
was made through spectral error and fitness. The experimental results show that compared with the
pseudo-inverse and single-kernel support vector regression, the spectral error of the reconstruction
method is reduced by 0.4 —0.785, the decision-making coefficient is increased by 2.84 —5.27%, and
the average fitness coefficient is increased by 2% —3%. In color reproduction, the reconstruction accu-
racy is high and the chromatic aberration is small, so that it can meet the tolerance range of human vi-
sion.
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Tab.2 Comparison of spectral reconstruction accuracy of several methods

SVR
Pseudo Inverse
Cauchy Poly Multi-kernel
/% 92.04 92.23 94.47 97.31
mean 1.390 1.265 0.997 0.605
RMSE min 0.225 0.128 0.131 0.071
max 7.087 4.457 3.796 1.992
mean 97.79 96.58 98.46 99.02
GFC/ % min 86.74 88.92 96.05 95.25
max 99.94 99.84 99.83 99.93
P 6 & 19 I3 A /Y 34 J7 15 28 A% 3 1 & K 7Ca) B () 43 B A PR RS 2 002 k(5 014

XF LT P B A AR O IR A OB P A bR @k 2 005 BRAN 5 009 IRAY ELIOLE S AR
FHOOE L BO(EL T 2 R S ) B LA B i B Oilixd Le B,y JBT AT 0 T 20 A SR ) &[] ) ik

e s s
S TR, 100 . . .
—*—Multi-kemel
5.0 90 ——Real
ush +I(\J/Iulti};keme1 —=—Poly
’ il’gim i 80 —&—Cauchy 9
4.0 L0
X 35 N
g 3 60
‘é 3.0t g
2.5¢ g 50 |
17
2.0t E 40
L5 30
1.0
[ § 20
0.5F 3
0 108
2 4 6 8 10 12 14 16 18 ol . . . ) ) ) )
Test samples number 400 450 500 550 600 650 700 750
= Afnm
(DY TR E
() MEXFEA 2 002
(a) Mean square error
(a) Test sample 2 002
100 -
¥~ Multi-kemel
90 ——Real
—=—Poly
80 -+ Cauchy

GFC/%

Reflenctance/%

0.88 ——Multi-kemel
—*— Caixchy
—e—Pol

2 4 6 8 10 12 14 16 18
Test samples number

S [
(b) i B & 07200 450 500 550 600 650 700 750
(b) Fitting x/nm
Kl 6 Pl SVR 5£8 SVR 4585t HE (bWt REAS 5 014

Fig.6 Comparison of single-kernel SVR method and

(b) Test sample 5 014
multi-kernel SVR method



1016 W5 B

%33 %

150

—
<
=

Reflenctance/%

50

400 450 500 550 600 650 700 750
Anm

(O M FEAS 2 005
(¢) Test sample 2 005

90| —#—Multi-kemel
—*—Real

80 ~—#—Poly
—o—Cauchy

Reflenctance/%
w
(=]

20
10 b
*

400 450 500 550 600 650 700 750
A/nm

(DWIALFEA 5 009
(d) Test sample 5 009
B 7 Bk 28 SVR LI R A 5 # Ok il £
Fig.7  Test sample reconstruction spectral curve of
single-kernel SVR method and multi-kernel
SVR method

HEL RS R M&ERMANH LY E, X
RAL & RE A R EEMR.

R TG P 45 A SR TE M BE L AE D65 Ot
BEFEE 7 iy 4 AL e R 2 002.5 014,
2 005.5 009 CANZ2 B A7), B o B 25 (1] A8 e 5]
sRGB &% 25 [0 ¥E 17 I (& 8) L Kl 68 i %
i 23 (] A8 e B CIEXYZ 7 €0 B 25 ) 11 8 @
(X3,

(a)sehrfa Rt (QEZ-%: ¢ i)
(a)Actual color card (b)Multi-kernel of color

()P P B B R £ (D% B E@EH
(c)Cauchy of color (d)Poly of color

8  HBA I FE A sRGB & R R

Fig.8 Color effect of part of test samples

£33 WEABEABERERER

Tab.3 Comparison of color accuracy of test samples

SVR
Test Pseudo
Samples Inverse Poly Cauchy ~ Multi-
Kernel Kernel kernel

2002 1.513 0.696 0.656 0.287

5014 0.308 0.461 0.524 0.169
AE
2 005 1.014 0.488 0.9247 0.368

5 009 0.378 0.554 0.4355 0.246

Wit 3 W2 AE K& E 9 i AR R
DA R R R TR E S =R T (N ¢
NHR A5 ] 25 2295 B 2 N . AE 5 O s vk kb (6 B
KiE3 1 0.139~1.226; 5B M 1L, 4 25 I
REEMLT 0.4, 6 B A SCH L RE 92 50K o 1 i
PR B A5 B e 4R R A S R

A B 7 1 o B R
5 & &

¥ 22 100 A% 5 0T G A AH R A SR B 1 A% e B
a9 3 [ U1 7 SF T, B TR oK I 2 )RR ) RN
ZACEE S, WS T Y RTAR REE  R) A 0
X A% 2 B0 R AT 1B B, B 5R T % RS R
KR . AR SCal 50k 0 RAL 8§ A9 %8s 4 it
P12 a4 0l DAOKG B2 A R L3 N AR B L 40
A TR AR R DA K8 BE RS B, R RMSE . GFC il
rf O AE X E #45 REATIEMY . SER ) GFC 45
RRY, Sk @ AUR B B B A
RS B8 22 4 L fe B AR



5 12 4] AT A 25 « 56 T 20 4% SR 1] B [0 0 09 50 1% B A 3 JE g Oy vk 1017

=

=z

(1]

(2]

[3]

[4]

[6]

[7]

(8]

[9]

[10]

(11]

(12]

[13]

[14]

% X #:

) b6 5F L B0 8 A0 FE LRSS OE I @ AU R BUIRLT .+ B k%, 2014,7(5) : 712-722.
LIU Y X, YAN C X. Development and status of on-line spectrophotometer [J]. Chinese Optics, 2014, 7(5): 712-
722. (in Chinese)
| Hfg AP B TR T R A B B R R G a3 R A A [ ] A R 4R, 2015,36(8) 1 957-961.
LIU Y D, DENG Q. Measurement of chlorophyll distribution in navel orange leaves based on hyper-spectral imaging
technique [J]. Chinese Journal of Luminescence, 2015, 36(8): 957-961. (in Chinese)
B XA S IR RGT W26 AT AR R B #AF.2014,31(3) :207-210.
YAN L X, WU F. Study on multispectral reconstruction based on linear and nonlinear imaging system [ J]. Com puter
Applications and Software, 2014, 31(3): 207-210. (in Chinese)
R AR kTS ] [ H A O S S AR A Uy vk (). AR 5 ,2010,37(12) :241-242, 269,
ZHANG W F. Spectral reflectance estimation by support vector regression [ ]J]. Computer Science, 2010, 37(12);
241-242, 269. (in Chinese)
SONG H Z, DING Z C, GUO C C, et al. Research on combination kernel function of support vector machine [C]//
Proceedings of 2008 International Conference on Com puter Science and Software Engineering. Hubei, China:
IEEE, 2008: 838-841.
FAE, e R R T O I W AR QA HLEIE EA TS A R F4R.2016,37(12) : 15671-1578.
LI C, WAN X X, LIANG ] X, Spectral reconstruction from trichromatic digital camera responses based on interim
connection space for spectral data [ J]. Chinese Journal of Luminescence, 2016, 37(12): 1571-1578. (in Chinese)
P L FET . F T REMEOGH R REEMIELI] L5 F4R,2014,34(S2) : S233001.
ZOU J P, YANG J, LI H N, et al. Study of spectral reflectance reconstruction based on matrix R method [ J]. Acta
Optica Sinica, 2014, 34(S2): S233001. (in Chinese)
Bk XA AT E L F LT R OGS R TR Y A TR IR B B0 T I DR B R Oy i TR
$4R,2016,37(8):1014-1022.
FENG Y Q. WU L G, HE J G, et al. Detection method of soluble solid of jujube at different preservative tempera-
ture based on hyper-spectral imaging technology [J]. Chinese Journal of Luminescence 2016, 37(8): 1014-1022,
(in Chinese)
IT.ERE OABHE.FIETHERE ENWAZHA GG RS AEARITLIIL LS Le T 53 & ,2018,55
(5):053004.,
WANG K, WANG H Q, LONG Y Q. et al. Spectral reflectance reconstruction based on dimension reduction regu-
larization polynomials [J]. Laser & Optoelectronics Progress, 2018, 55(5); 053004. (in Chinese)
AWAD M, KHANNA R. Support vector regression [ J]. Neural Information Processing Letters & Reviews
2007, 11(10): 203-224.
RBL R ER B8, F BT o R B BRI E AN Tk ] & & 5 27 ,2015,3005)
857-863.
SONG Y, LIN Z X, YAO J M, et al. Luminance uniformity evaluation for backlight based on e-support vector re-
gression [J]. Chinese Journal of Liquid Crystals and Displays, 2015, 30(5): 857-863. (in Chinese)
FEF R ER R E R F TS ) W S B R A R [ ) e A E L A2,2016,24(9)
2302-2309.
YUAN Q P, LIN H J, CHEN Z H, ez al. Single image super-resolution reconstruction using support vector regres-
sion [J]. Optics and Precision Engineering , 2016, 24(9): 2302-2309. (in Chinese)
i 2 R A — P SRR LA TR A R R T ]9 SEAL R R, 2009,29(S2) 1 173-175, 178,
YANG H Y, ZHOU Y Q. Mixture kernel function of support vector machines [J]. Journal of Com puter Applica-
tions, 2009, 29(S2) . 173-175, 178. (in Chinese)
E B R eR R T S HE AR 15 T (] LA F,2006,33(6) :172-174,178.

WANG G S. Properties and construction methods of kernel in support vector machine [J]. Com puter Science , 2006,



1018 W5 B % 33 %

33(6): 172-174, 178. (in Chinese)

[15]  E&. T A5 m ML S B £ 07 2 0 (). F R T8 X 5 SR A R A F4R),2007,24(2):36-38,42.

WANG R. Method analye about support vector machine’s parameter [J]. Journal of Chongging Normal University
(Natural Science Edition) 2007, 24(2): 36-38, 42. (in Chinese)

[16] A##, L5, T, F ETHARALROLEEETENRI] B AT 5 XAF,2017,35(1):88-96.
LONG Y Q, WANG H Q, WANG K, et al. Study on spectral reconstruction method based on optimized selected
samples [J]. Imaging Science and Photochemistry, 2017, 35(1): 88-96. (in Chinese)

[17] WANG K, WANG H Q, WANG Z, et al. Study of spectral reflectance reconstruction based on regularization ma-
trix R method [J]. Cluster Com puting » 2017, doi: 10.1007/s10586-017-1217-5.

(18] ET. X% 5, K. F 5Tk RAEG LD R RERTLI]. % &5 25.2018,33(4):338-346.
WANG K, WANG H Q, WANG Z, et al. Spectral reflectance reconstruction based on improved matrix R method
[J]. Chinese Journal of Liquid Crystals and Displays, 2018, 33(4): 338-346. (in Chinese)

TEZ RN RIS (1994 —) . 2, AR F A0 B 55 A L 32 B2 O 3% {5 Ab B R oty 4R BE i 2162 580 Ak i TR L &2 4
J R BESY . E-mail: 981629018@ qq.com



