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Non-destructive Measurement of Rice Biomass Based on Deep Belief Network
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Abstract; Rice is one of the most significant food crops all over the world. Biomass is a key phenotypic
trait in rice research. A new method for nondestructive detection of rice biomass for multiple varieties at
reproductive stage based on deep belief network was proposed. RGB images of 483 different rice varieties
under normal growth environment and drought stress environment were captured at three time points:
before stress, after stress and after rehydration. After image acquisition, the images were segmented by
using fixed threshold in HSL color space and 57 image-derived features related to rice biomass were
extracted. After data normalization, a rice biomass model was built based on deep belief network. The
influences of visible layer type, hidden layer number, hidden layer neuron number, learning rate, epoch
number and momentum on the performance of deep belief network were tested. The best model was
selected based on the coefficient of determination ( R*), mean absolute percent error ( MAPE) and
standard deviation of absolute percent error (SAPE). The deep belief network model was also compared
with the stepwise linear regression model. The results showed that the biomass measurement model based
on the deep belief network performed better ( R* was 0.929 9, MAPE was 11.19% and SAPE was
18.36% ). The research offered a new nondestructive method for accurately measuring rice biomass for
multiple varieties under different growth environments, which would provide a new tool for rice research.
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Tab.1 Correlation analysis of feature values for each period and biomass

A I AR 3 i

FRAE Wit i S EN= BKE AR REr
B8 441 o361 411 o 1 41 361 41

H, 106. 96 105. 15 115.79 108.51 100. 44 0.33
N, 19.50 20. 61 15.02 18.37 15.79 0. 44 *
Ag 260 921. 8 250 039. 2 75231.0 59 959.7 37 695. 1 0.26*
Ry 0.912 0. 812 0.393 0. 170 0.133 -0.18*
Agp 96 417. 8 116 926. 6 134 947. 4 131 617.3 144 418.9 0.19*
c, 0.116 0. 108 0.165 0.103 0. 107 -0.62*
c, 0. 249 0. 250 0.256 0. 256 0.254 ~0.30*
C, 0.232 0.244 0.259 0. 262 0.256 ~0.28*
c, 0. 139 0. 151 0. 150 0. 149 0. 152 0.03
Cy 0. 141 0. 147 0.104 0. 132 0.131 0.59 "
Cs 0.123 0. 101 0. 065 0. 098 0. 100 0.55
Ry, 0.208 0.194 0. 266 0.183 0. 190 -0.73*
14 1061.09 1 002. 88 801. 12 1002.24 925. 47 0.73*
H 1 552.37 1505. 61 1415.55 1 538.39 1549.73 0.55
Dy, 1.517 1.530 1. 488 1.544 1.534 0.82*
Ry 0. 191 0.217 0.204 0. 230 0.229 0.47*
A 297 004. 6 322 609. 0 232 220.7 359 743. 1 327 990. 4 0. 86 **
Ry 1.477 1.530 1.818 1.574 1.719 ~0.27*
Dy 1.621 1. 655 1.631 1.671 1.661 0. 66 **
F, 0.257 0.250 0. 266 0. 240 0.247 -0.37*
F, 0.138 0. 137 0. 144 0. 140 0. 136 -0.37"
F, 0. 091 0. 092 0. 101 0. 099 0.094 ~0.38"
F, 0. 068 0.071 0. 080 0.079 0.076 ~0.37*
Fy 0. 056 0. 060 0. 069 0. 067 0. 065 -0.34"
Fy 0. 049 0. 053 0. 061 0.058 0. 059 -0.26*
F, 0. 046 0. 050 0. 055 0.053 0. 054 -0.13*
Fy 0. 045 0. 049 0. 050 0. 049 0. 050 0. 05
Fy 0. 046 0. 050 0. 044 0. 046 0. 047 0.27*
Fio 0. 047 0. 050 0.039 0. 045 0. 045 0. 45
F, 0. 047 0. 048 0.033 0. 042 0. 043 0.56 "
Fy 0. 046 0. 042 0. 027 0. 038 0. 038 0.59 **
Fy 0. 040 0. 031 0. 020 0. 028 0. 029 0.52*
F, 0. 024 0.015 0.011 0.015 0.017 0.36*
Ape 109 389. 9 85325.6 43181.0 42955.3 39 966. 3 0.36
A 186 877. 1 236 466. 0 188 435.8 315850.7 287 179.0 0. 84
G, 0.384 0. 180 0. 042 0. 000 0. 001 -0.09"
M 1. 605 1.924 1. 607 2.583 2.489 0.81*
s 4.878 5. 602 5.592 7. 140 7.266 0.72*
R 0.814 0. 839 0. 837 0. 873 0. 875 0. 64
My 411.259 552.475 693. 667 993. 404 1 124. 840 0.58
U 0.818 0. 803 0. 856 0.782 0. 800 ~0.86"
E 0. 850 0.911 0.703 1. 006 0.928 0. 86 **
T, 0.173 0.224 0. 290 0.758 0.691 0.48
T, 0. 478 0.394 0.321 0.231 0.244 ~0.35*
T, 8. 869 8.782 13. 403 8. 191 8.555 -0.69*
T, 0. 022 0.017 0.013 0. 006 0. 007 -0.37*
T 0. 055 0. 044 0. 042 0.016 0.018 -0.50*
T, 0.231 0. 161 0. 102 0. 051 0. 057 -0.29"
T, 7. 450 6.743 6.410 4.194 4.373 -0.50*
Ty 1.757 1.599 1. 966 1.178 1.231 -0.65"
T, 1.965 1.699 1.593 1.197 1.241 ~0.48"
Ty 1.293 1.243 1.395 1. 006 1.033 -0.63*
T, 2.997 2.623 2.627 1.785 1.858 ~0.55"
T, 52.346 49.024 40. 143 28. 148 29.179 -0.33"
Ty, 0. 035 0. 025 0.033 0.019 0. 020 ~0.64"
T, 3.272 3. 440 3.278 3.913 3.857 0.54
Tys 2.194 2.182 2.633 2.195 2.236 -0.73*

VxR MR 2 (P <0.001) 5 = 575 % (0. 001 <P <0.05) ,
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Tab.2 Influence of hidden layer number on

performance of DBN model

s 2
o KRE 2L R MAPE/%  SAPE/%
=
1 70 0.9214 12.75 28. 68
2 70 —70 0.9278  11.79 24.63
3 70 —70 - 70 0.9299  11.19 18.36
4 70-70-70-70  0.9174  12.93 25.65
5 70-70-70-70-70 0.9145  12.69 28.26

®3 RAEET S DBN ZHE 48 M F N
Tab.3 Influence of hidden layer neuron number on

performance of DBN model

B )2 gk R? MAPE/ % SAPE/%
20 -20-20 0.9235 12. 67 25.96
30-30-30 0.922'1 12.21 22.96
40 - 40 — 40 0.9252 11.99 26. 05
50 -50—50 0.9269 12.21 22.46
60 — 60 — 60 0.926 4 11.73 19.02
70 -70 - 70 0.9299 11.19 18.36
80 — 80 — 80 0.9235 11. 69 16.36
90 - 90 - 90 0.9193 13.38 24.99

FRBE AU (1) ) FAS Bk A R Bl A2
XL PERE R B2 o 25 R WK, A o R BE 3 A IR B
AR B iR 2% 2 260 0.2 i, DBN Il 25 198G B2 5
S ST AR AR O A

. 5001,

" max(7,500)
Arp LA A o) R

%
LA
F*4 DBN g2 EHEERRBBEI
DBN #% 2 % &8 {9 5 i

Tab.4 Influence of learning rate which varied with

(11)

i

change of iterations on performance of DBN model

IEGERE S R? MAPE/ % SAPE/%
0.01 0.864 3 16. 69 19.93
0. 05 0.9156 12.94 29.25
0.10 0.9217 12.00 20. 85
0.20 0.9299 11.19 18.36
0. 40 0.9194 11.94 19.37
0. 60 0.924 6 13.17 25.45
0. 80 0.920 6 15.18 18.58
1.00 0.916 9 13.42 14.34
1.50 0.9226 21.33 24.09
2.00 0.9213 17.51 20. 43
(5) AR EL

SRR B BERLPE REA BRI . B AR

RS DBNIlGHREIEREERRB LT
DBN #% 24 {4 52 59 % 1
Tab.5 Influence of learning rate which did not vary with

change of iterations on performance of DBN model

)R R? MAPE/ % SAPE/%
0.01 0. 900 7 14.99 27.97
0.05 0.919 1 12.25 21. 61
0.10 0.9255 11.48 18. 86
0.20 0.9185 13.21 16. 32
0. 40 0.9238 12.70 18. 86
0. 60 0.9133 16. 17 26. 67
0. 80 0.9196 12.97 24. 68
1.00 0.9245 15.33 23.39
1.50 0.9159 19.24 23.47
2.00 0.903 6 12.78 14.95

%50 ~2 000 Z[A] 2k 9 A [ 1y 3 AR UKL, 23 i
I CH X DBN A8 1R BE (Y 52 R, 45 SR I3k 6 TR .
MFEHATAL, 24 DBN A8 25 AL K 200 1, KR
PERESRAR o
&6 EMRx¥x DBN A R
Tab.6 Influence of different numbers of iteration on

performance of DBN model

AR EL R? MAPE/ % SAPE/%
50 0.9243 11. 46 22.52
100 0.923 4 11. 62 18.15
200 0.9259 11. 60 17.99
400 0.9157 13.48 21.76
600 0.913 1 12.58 14.57
1000 0.908 2 13.48 24.19
1 400 0.9102 13.96 27.83
1800 0.9149 13.23 29. 88
2000 0.9179 13. 41 34.74
(6)zhi

ST I Bl X PR RE A R, 43 B0 T B
B 2% A% Uk Bl A (2 (12) ) R B 3% AR ok B ek 4 Xt
DBN ERIPEREISZ ], 45 R, AT | 4414 T
DBN ) R* % 0.929 9, MAPE  11.19% , SAPE ¥
18.36% ; [# 4 2h i 4 {F F DBN 1y R* Jy 0.915 4,
MAPE 2 12.70% ,SAPE Jy 23.34% .,
0.4

1+
L om—5 WK )&
b AW e T PR SRR DBN R B A]
TR BAR R m L RS 2RO 3 2 RS2
WEER 70 =70 — 70,24 2 %5k 0.2, AR ECH
200, 3 5t B 1% A% Y Bk R AR T kA
2.4 DBN #E 5E T EEE LR
[ 3 Sk DBN 45 AU 5[] )59 455 750 %o 0 3 46 Ak 2 1
RE LA I 45 4

m, =0.5 + (12)



142 P A1 M A 4

201094

SEATIEL 3 R, DBN BB R 52 2 P (o] U 4570 3%

F oA 1917 ASE 2 i, P DBN LR HA )

fny 0.122 3, MAPE 1 SAPE 43 5| FE{Ik T 10. 96 4~ LA ROR o
160 160
R=0.9299 y=x R=0.8076 y=x
140F MAPE}11.19% o 140  MAPE#22.15% . 2 8
S ° SAPE %37.53% 0

1ol SAPEH1836% L . 120l HITSI% e 40
= ° 50 8 & ° o 00 ®
m o OS%TELoR @ 100} X &% o
1 1001 ° . o g} © 8% %g%f
= &; 8 o = 80r : o
2 8o 2,3 S R & B o
e 2% W% 60F O
1 60t & 509 1 °
g i Y

; :
40+ . =~ 20+ nco A
20+ oL )
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
RN TR g AR N TR g
(a) DBNAELTY (b) [Ty ALY

% 3 DBN 551 J [a] 5 45 AU P fE b g

Fig.3 Comparison of performance between DBN model and regression model

3 &

(1) XoF A ] it Ao 7K A % 0 ol B 9 90 6 A7 IR
AR IF R HSL B8, 25 () [ 5 11 4 %13 2 1 1
18, % b G B R BEAT RRAE SR B, B A AR 2R AR AR
57 DK AREFFAEE -

(2) 3 4o 78 25 G Ve 0] A 5 32 4 el /K e A 9 £ [l
I A B A R G 4E 9 R S 0.807 6 MAPE iy

22.15% \SAPE %5 37.53% ,

(3) 3 5k f S AR g Tt — L T DL J2 Al S R Dy
AT R R EON 3 R R RO 70 —70 -
70 52 %0 0.2 GEACIRELC 200 1y 2 f Bl A ) B
JEASRE I DBN 5, AR 4E R Dy 0.929 9,
MAPE %y 11. 19% ,SAPE Jj 18.36%

(4)# [T ARS8 5 DBN A A 1 PE B JE A7 X B
ZiA AR WT, DBN BB ELA B A I R 45 20

z £ x #

[1]
[2]

[4]

[7]

[8]

[9]
(10]

SANG T, GE S. Understanding rice domestication and implications for cultivar improvement[ J]. Current Opinion in Plant
Biology, 2013, 16(2): 139 - 146.
RN, SR EBE, BRECE S T EKRE R R IR ORGSR [ T]. s E A AL, 2015, 48(17) :3404 - 3414,
ZHU Defeng, ZHANG Yuping, CHEN Huizhe, et al. Innovation and practice of high-yield rice cultivation technology in China
[J]. Scientia Agricultura Sinica, 2015, 48(17) : 3404 —3414. (in Chinese)
AL, Hisd, B#, & RGBS KOKR R E TR BRI ] PELAE, 2014, 30(18) ;14 - 17.
ZHANG Shiying, XIA Yunsheng, SHI Jing, et al. Progress in research on determination factors for super-high-yield rice in
special eco-site of Yunnan Province[ J]. Chinese Agricultural Science Bulletin,2014,30(18) :14 — 17. (iin Chinese)
JUIRIR, ERAE, i s A B v b DX 90t SRR B X K R R T AR R R IR A A s [ 1], R A4l
%, 2011, 27(27) ;184 — 190.
FAN Lele, FENG Yuehua, HE Tengbing, et al.
accumulation and fertilizer-N use efficiency of rice in the central areas of Guizhou Province[ J]. Chinese Agricultural Science
Bulletin, 2011, 27(27) :184 —190. (in Chinese)
FF, skBA, TGS ARDKRE S T YRR RS 8 RG], hER 7R, 2015,31(18) :1 -6.
YAN Ping, ZHANG Shuli, YU Yanmin, et al. Correlation research on dry matter accumulation and yield characters of different
rice varieties[ J|. Chinese Agricultural Science Bulletin, 2015,31(18) :1 —6. (in Chinese)
SRR, RULER, BOHAR,SF. B R RGP A AR R Sl m AR [T ). AR, 2010,36(11) 11921 —1930.
WU Guicheng,ZHANG Hongcheng,DAI Qigen, et al. Characteristics of dry matter production and accumulation and super-high
yield of japonica super rice in South China[ J]. Acta Agronomica Sinica, 2010, 36(11): 1921 —1930. (in Chinese)
PR, B BB PR R BT RIS [ T]. ERRL, 2007, 15(4) 146 - 148.
LIANG Shumin, YANG Jinzhong. Study on image process application in maize plant type [ J]. Journal of Maize Sciences,2007,
15(4) :146 — 148. (in Chinese)
RINF, RO, K% BN ARGEWEREN RGN A SRIELT]. fOl T#%4R, 2005, 21(4) :109 - 112.
WU Congling, TENG Guanghui, LI Changying. Application and validation of computer vision based nondestructive measurement
system for cucumber seedling growth conditions[ J]. Transactions of the CSAE,2005,21(4) :109 —112. (in Chinese)
NAGEL K, PUTZ A, GILMER F, et al. GROWSCREEN-Rhizo is a novel phenotyping robot enabling simultaneous measurements of
root and shoot growth for plants grown in soil-filled rhizotrons[ J]. Functional Plant Biology, 2012, 39(11) : 891 —904.
PARENT B, SHAHINNIA F, MAPHOSA L, et al. Combining field performance with controlled environment plant imaging to
identify the genetic control of growth and transpiration underlying yield response to water-deficit stress in wheat[ J]. Journal of

Experimental Botany, 2015, 66(18) :5481 —5492.

Effects of site-specific nitrogen management on yield and dry matter



LR B R 4. BT IR BE AR A 458 1 22 i R K RS A= ) 4k T 454G T 143

(11]
(12]
[13]
[14]

[15]

[21]

[24]

[25]

HONSDORF N, MARCH T, BERGER B, et al. High-throughput phenotyping to detect drought tolerance QTL in wild barley
introgression lines[ J]. PLoS ONE, 2014, 9(5) : €97047.

HAIRMANSIS A, BERGER B, TESTER M, et al. Image-based phenotyping for non-destructive screening of different salinity
tolerance traits in rice[ J]. Rice, 2014, 7:16.

POORTER H, POT C, LAMBERS H. The effect of an elevated atmospheric CO, concentration on growth, photosynthesis and
respiration of Plantago major[ J]. Physiologia Plantarum, 1988, 73(4) :553 - 559.

CHEN D, NEUMANN K, FRIEDEL S, et al. Dissecting the phenotypic components of crop plant growth and drought
responses based on high-throughput image analysis[ J]. Plant Cell, 2014, 26(12) : 4636 —4655.

i, WE, BOTRE, . AR T O AR A SRR K R AR AR b B A s T TN O A AT ] T E R RS
i, 2015,17(3) :63 - 69.

FANG Wei, FENG Hui, YANG Wanneng, et al. Studies on non-destructiveoptical method for predicting above-ground biomass
of individual rice plant based on visible light imaging[ J]. Journal of Agricultural Science & Technology, 2015, 17(3) . 63 -
69. (in Chinese)

TACKENBERG O. A new method for non-destructive measurement of biomass, growth rates, vertical biomass distribution and
dry matter contene based on digital image analysis[ J]. Annals of Botany,2007,99(4) :777 - 783.

GOLZARIAN M, FRICK R, RAJENDRAN K, et al. Accurate inference of shoot biomass from high-throughput images of
cereal plants[ J]. Plant Methods, 2011, 7(2) . 1 —11.

XIZRLL. ARAE AR IR K 2 T FE AR T R G0 S Hl 3 P e (D] WM PR FH ARk R %, 2012,

HINTON G, OSINDERO S, TEH Y. A fast learning algorithm for deep belief nets[ J]. Neural Computation, 2006, 18(7) :
1527 - 1554.

BUNEL, P, U S FE T RDEIE AR Sk E DR AN 7k [1/0L ] R AL, 2016, 47(3) 1228 -233.
LI Xiaoyu,KU Jing, YAN Yiyun,et al. Detection method of green potato based on hyperspectral imaging[ J/OL]. Transactions
of the Chinese Society for Agricultural Machinery, 2016, 47(3) :228 —233. http: / www. j-csam. org/jcsam/ch/reader/view_
abstract. aspx? file _no = 20160332&flag = 1&journal _id = jesam. DOI; 10. 6041/j. issn. 1000-1298. 2016. 03. 032. (in
Chinese)

W, BRI, SeAehn 4. BT T gl 4 R B A% o A 48 T8 4 1 RO BRSO A [ /0L ] Rl MLAE 2 4, 2015,
46(1) :20 -25.

TAN Wenxue,ZHAO Chunjiang, WU Huarui, et al. A deep learning network for recognizing fruit pathologic images based on
flexible momentum[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery,2015,46 (1) :20 —25. http: // www.
j-csam. org/jesam/ ch/reader/view_abstract. aspx? file_no = 20150104 &flag = 1&journal _id = jesam. DOI. 10. 6041/j. issn.
1000-1298.2015.01.004. (in Chinese)

TS, TR T, TZE. T U R 1R P9 2 1 R & 0 B TN AL [T ] A0l TR 274, 2017, 33(19) :202 - 208.
ZHANG Shanwen,ZHANG Chuanlei, DING Jun. Disease and insect pest forecasting model of greenhouse winter jujube based on
modified deep belief network[ J]. Transactions of the CSAE,2017,33(19) :202 —208. (in Chinese)

B, R, Ao, 5 BT IR B (R A P2 A A R U [J/OL ] el HLBK 2 41,2018 ,49(3) : 179 - 186.

LI Xuan,ZHAO Jian,GAO Yun,et al. Recognition of pig cough sound based on deep belief nets[ J/OL]. Transactions of the
Chinese Society for Agricultural Machinery, 2018,49 (3):179 - 186. http: / www. j-csam. org/jcsam/ch/reader/view _
abstract. aspx? file _no = 20180322&flag = 1&journal _id = jesam. DOI: 10. 6041/j. issn. 1000-1298. 2018. 03. 022. (in
Chinese)

ARAKHYE LM, B /NI, S B T I IR B A ST B B LR 3 S RS BE B0 7 1 [ J/O0L ] RO HLBE A% 4%, 2019,50 (1) -
421 -426.

YU Yongwei, DU Liuqing, YI Xiaobo,et al. Prediction method of NC machine tools” motion precision based on sequential deep
learning[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery,2019,50(1) ;421 —426. http: / www. j-csam.
org/jesam/ch/reader/view_abstract. aspx? file _no = 20190149&flag = 1&journal _id = jesam. DOI. 10. 6041/j. issn. 1000-
1298.2019.01.049. (in Chinese)

B MR, E R, 4. T 00 ML IR 85 45 TR 28 ) 2% 11 R JRL ) b 43 36 07 16 [ J/O0L . R ALK 2 42, 2019,50(4) -
188 —195.

YANG Hongyan,DU Jianmin, WANG Yuan, et al. Classification method of grassland species based on unmanned aerial vehicle
remote sensing and convolutional neural network[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery,2019,
50(4) :188 —195. http: // www. j-csam. org/jcsam/ ch/reader/view_abstract. aspx? file_no = 20190421 &flag = 1 &journal_id =
jesam. DOI;10. 6041/j. issn. 1000-1298.2019.04. 021. (in Chinese)

KA, BRiz i, 25 2 i, 5 BT A U R W 2% 10 & /N2 2 B DN TR 52 [ 1/ OL ). AR LA 1R ,2019,50(3) 144 ~ 150.
ZHANG Lingxian, CHEN Yungiang, LI Yunxia, et al. Detection and counting system for winter wheat ears based on
convolutional neural network[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery,2019,50(3) ;144 - 150.
http: / www. j-csam. org/jcsam/ch/reader/view _abstract. aspx? file_no = 20190315&flag = 1 &journal _id = jesam. DOI: 10.
6041/j. issn. 1000-1298.2019. 03.015. (in Chinese)

B, DRI B2 S R TR I MG IR 5B 1] B RE RS %R ,2019,14(1) <1 - 19.

HU Yue,LUO Dongyang, HUA Kui,et al. Overview on deep learning[ J]. Transactions on Intelligent Systems,2019,14(1) .1 -
19. (in Chinese)

LECUN Y, BENGIO Y, HINTON G. Deep learning[ J]. Nature, 2015, 521(7553) :436 - 444.

GUO Z, YANG W, CHANG Y, et al. Genome-wide association studies of image traits reveal the genetic architecture of
drought resistance in rice[ J]. Molecular Plant,2018,11(6) ;789 —805.

B 53 BRI RS S T AT U A R SE (D ] R AR PR R A%, 2014,



