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Method of Counting Rice Grains in Ears Based on Deformable Convolution

LIU Zeyu' ZHOU Yuncheng' LIANG Chengwei’ LI Ruiyang' ZHANG Yu'
(1. College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China
2. Rice Research Institute, Shenyang Agricultural University, Shenyang 110866, China)

Abstract: Rapid acquisition of grain number in rice spike is important for screening high-yielding and
high-quality varieties. Aiming to address the problems that threshing counting destroyed the topology of
the rice spike and cannot be used for the measurement of other phenotypic parameters, a method for
counting rice grains in the spike was proposed. Considering the in-situ counting of rice grains as a density
prediction problem, based on deformable convolution, a backbone network for feature extraction of rice
spike images was designed. With a small number of selected paradigms for feature correlation of rice
grains and spike images, feature correlation maps were generated through feature correlation layers, and
based on the feature correlation maps, the image features were reused and cascaded to predict the
distribution of density of the rice grains, which was then summed up to obtain the counting results through
the density maps. The test results showed that the method had high counting accuracy. The mean
absolute error (MAE) , root mean square error (RMSE) , and mean relative error (MRE) of rice grain
counts of the test samples were 4.71, 6.92, and 2.9% . respectively, with MRE being only 0.7
percentage points higher than that of the manual walk-through, and MRE reduction of 9.9, 8.6 and 11. 6
percentage points compared with that of existing benchmark methods FamNet, CSRNet and ICACount.
Rice spike image feature extraction network designed with deformable convolution can effectively improve

the accuracy of rice grain counting. With a close number of parameters, the model based on this network
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was 19.3% and 12. 9% lower than that of ResNet —50 in MAE and RMSE, and the model had a good fit
with coefficient of determination R of 0. 940 5. Deformable convolution reduced 28.9% and 22.0% of

rice grain count MAE and RMSE, and 1. 6 percentage points of MRE than conventional convolution for

the same network architecture. Image feature reuse played an important role in improving the accuracy of

rice grain counting, and this treatment decreased the MAE and RMSE of the model on the test set by

27.6% and 22. 1% , and the MRE by 2.2 percentage points. The processing time of single rice spike

image of this method was 0.92 s, which effectively improved the work efficiency, and the research can

provide technical reference for rice spike phenotype detection and platform design.

Key words: rice; rice spike phenotype; grain number; computer vision; deformable convolution
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Fig. 1 Schematic of rice spike imaging and labeling
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Fig.2 Model of rice grain counting in spike
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Fig.5 Structure diagram of rice grain density map prediction module
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Tab.1 Comparison of counting performance of different in-fringe counting methods

B UE 4R

RS

Ik PATRE I/ s
MAE RMSE MRE/% MAE RMSE MRE/%

AT e 3.077 5.088 2.1 4.354 5.541 2.2 180 ~ 300

s 5 AR DL 65. 450 69. 967 49. 1 54.192 58.313 39.9 15

5 1R ¥ 38. 123 43. 859 27.5 55.531 59.267 40. 8 10

T— Rex2 41.008 48. 812 28.9 43. 446 49. 409 31.2 4

FamNet 19.572 25.219 9.0 20.755 25.933 12.8 1.38

CSRNet 16. 607 22.013 11.0 14.773 26.769 11.6 1.20

ICACount 20. 897 30. 627 10.5 22.418 27.385 14.5 4.25

A 4.719 8. 064 1.9 4.710 6.920 2.9 0.92

i 28 1 AT, AR SOk AE ReOR AR BB B kS
JEAUR TN T A s 1, T HoAb 3+ 805 36
T H, HAERIUF4E i MAE Fil RMSE 435k 4. 719
f18.064 ,MRE 4 1.9% , [t A T E# 4% 0.2 4
B AR AE M 5 - MAE fil RMSE 43 3]
7 4.710 F1 6.920, MRE 4 2.9% ,MRE L%t % 19
NTEEGERE 0.7 AN H S, RAA LR
Bom MR R E BT BORS B . 5 N T A B A L,
ARSI B i 25 5 HAH ST R S BRH , NTE
gt 1 EG R R 180 ~ 300 s, i A< 3C 7
BH 0.92 s, Kig4e /s TR R, 5RMET %
FamNet A [t , 7 3C 5 % 78 03K 46 B /9 MRE 1% 9.9
ANE A B O B, AR SC ik
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8.6.11.6 A~ 43 5,3 Fl i AR 35 3L 1 4% 1% (&1 7
W ABASCO R B A TR . 5RO RAM L,
AT B RS T B AR R T — Rex2 J7 4k, 7
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Tab.2 Comparison of rice grain counting performance of different feature extraction networks
R B 24 el el By
MAE RMSE MRE/% MAE RMSE MRE/%
AlexNet 6.597 14. 082 8.6 6. 149 10. 208 7.7 6.00 x 107
VGG -16 8.990 13. 801 3.1 6.619 9.942 3.6 1.38 x 10*
ResNet — 50 6.495 12.911 2.0 5.838 7.983 3.0 2.56 x107
DenseNet — 121 12. 443 16. 802 2.6 7.018 9. 407 3.9 8.10 x 10°
DCNN (A& 3) 4.719 8. 064 1.9 4.710 6.920 2.9 3.00 x 107
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Fig.7 Correlation between predicted and actual values of rice grains
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Tab.3 Comparison of rice grain counting results

of different variant models

4b 7 4 i 4
[

DE3 AR A MRE/ MRE/
9 MAE RMSE MAE RMSE

HHR EH % %
1 x X 9.125 21.024 5.2 8.572 16.693 5.5
2 Vv x  6.474 14.147 3.3 6.098 13.021 3.9
3 X V' 6.782 13.041 2.4 6.209 12.997 3.3
4 Vv Vo 4.719 8.064 1.9 4.710 6.920 2.9

T VR R AL B, x RN AR AL 3

L B 2 FE 3G GE 4E [ ) MAE fil RMSE 43 51| B AIK
29.1% 1 32. 7% ,MRE | F&AE 1.9 4~ 45 55 720
K4 |, MAE F1 RMSE U 43 % [ % 28.9% F0I
22.0% ,MRE BE{I% 1.6 A H 4 i W0 LR RS 7 2
531 g FamNet, B & /9 F5 AF 32 B 25 K TR, /i
HAATRZRAR LT &, b w4
MRE T 8.9 AN F 43 i, i — 20 & WA SCRRAE 42 L
W26 A ROPE o T ASTE B B 51 A RLREAR T A
T 5 2% , 3 B R FH AT AR JE 4 BB VT ASE AR B ) 4%
AR . ML TR RSB, AT AR B RS H IS
JO7 1t A N7 J SRR ) ) AR AR 6, o R 8 AR R AT 55
T B T A 2 2] R IR 2 B I ROR R R AE AR e,
A F o B Rg kL B AR AE, Fl F R8T 5. 5
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Tab.4 Comparison of rice grain counting results
applying different loss functions
LIPS P IE4E It aE
45 M MAE RMSE MRE/% MAE RMSE MRE/%

4 l 4.719 8.064 1.9 4.710 6.920 2.9
5 L 5.681 9.733 5.4 6.709 8.483 4.8
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Fig.8 Examples of rice grain density map
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