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Image

sequences

AR R AE R G T o 45 e 5% 6 Be i, T WO A AL A9 B8 5 7 A T4E 3 Refers to the image acquisition system,the controller con-
trols the rotation of the rotary table.and the photos taken by the visible light camera are stored in the workstation; B: &4 19 K14 , b6 % i€ 5%
BREFEMPLIAE A 13 3Kk A T /A E A RGB Bl A Refers to the collected images, 13 RGB pictures with different angles taken by the rotating

camera of the rotary table.
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Fig.2 Schematic diagram of SegNet network structure
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AB.C.D N 4 41RERAS I 7 B & L 22 02 R AR B R A R m BT A7 i SR A I &5 e di i 181 . ALBLC and D are four groups of schematic

diagram of rice panicle detection, the left is the local schematic diagram of the original picture,and the right is the output picture of the detec-

tion result.
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Fig.4 Schematic diagram of rice panicle detection effect of Faster R-CNN model
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Table 1 Segmentation effect evaluation

155 LiFl:3 FENIIES FAH/% I
Number Precision  Recall rate =~ F-measure 10U
1 0.958 0.875 91.489 0.843

2 0.974 0.887 92.836 0.866

3 0.972 0.870 91.825 0.849

4 0.979 0.842 90.524 0.827

5 0.945 0.870 90.592 0.828

6 0.992 0.819 89.740 0.814
14 Average 0.970 0.861 91.168 0.838
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Table 2 Five times cross validation performance evaluation of multiple prediction models for fresh and dry weight of rice panicle
PR A - PR R AT AR FEAY [ A8 N . AH X 15 22 4 4] ]
- BB AL S BERM THMXRE Sl
Dependent Model feature Model independent i Y A o 22
. Model number . R? MAPE
variable set variables SAPE
1 a P_E I.P_TI11 0.78740.051 0.10740.024 0.08840.029
LY 2 b P _E I.P_TI11 0.78740.051 0.10740.024 0.08840.029
FW
3 c M_I,F6,H 0.5054-0.177 0.1904-0.069 0.1834-0.108
4 a P_E_I,P_T11,H,F6 0.8404-0.054 0.1034-0.019 0.0874-0.019
N E=N
TRk 5 b P_E I,P_TI11 0.8084-0.043 0.10340.020 0.0794-0.024
DW
6 c SE_I.PC1 0.5124-0.187 0.1754-0.066 0.1714-0.080

I Note:a; 2R FIB A T A 85 MIFMEEYE 85 feature data; b;Faster R-CNN [ £% K6 i £5 3] #E A (PND FIFE IS ) 33 N 4FAE Faster R-CNN
network detects 33 features of panicle number (PN) and panicle; c: KA AY 51 A~4HFAE 51 Features of the whole rice plant.
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Deep learning-based extraction of rice phenotypic characteristics
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Abstract

The yield of rice is closely related to the panicle number and the panicle weight of rice.

The accurate prediction of rice yield can accelerate the speed of breeding. In order to study the relation-

ship between rice yield and rice phenotypic characteristics, the visible light images combined with image
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processing technology was used for extracting feature of potted rice. 51 phenotypic traits of whole rice
were obtained. Combined with deep learning technology,the Faster R-CNN convolutional neural network
training model was used to detect the number of rice spikes. At the same time, the SegNet model was
trained using the SegNet network framework to segment the rice spikes to obtain the binary image of the
rice spikes. 33 phenotypic feature data of the panicle were extracted with image processing technology. A
total of 85 phenotypic parameters of color,shape,and texture were extracted,and all 85 data were nor-
malized. The 85 phenotypic data normalized were gradually linearly regressed with the fresh and dry
quality of rice panicle,and the correlation was selected. The artificial measurement data in the experi-
ment included the fresh weight and dry weight of potted rice panicle. The models of predicting fresh and
dry panicle weight of potted rice were established separately by using panicle number and characteristic
panicles,51 characteristics of whole plants and all 85 characteristics of high correlation characteristic da-
ta, The prediction model was optimized according to the determination coefficient R?, mean relative error
(MAPE) and standard deviation of absolute relative error (SAPE). The optimal prediction model was
selected according to the decision coefficient R?,average relative error (MAPE) and standard deviation
of relative absolute value (SAPE) of the model. The results of prediction showed that the effect of pre-
dicting panicle characteristics is the best. The decision coefficients R? of the predicted value and the real
value of the model with the best effect are 0.7872+0.051 and 0.840240.054, respectively. Combined with
deep learning, the number and characteristics of panicle difficult to obtain automatically by traditional
methods are extracted. It will provide a new idea and method for predicting rice panicle weight,and fur-
ther improving the accuracy of predicting rice panicle weight.

Keywords prediction of rice yield; plant phenomics; deep learning; image processing; rice panicle

weight prediction; SegNet; Faster R-CNN
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