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Abstract: [Objective] To address the problems of high labor intensity and low efficiency in manual measurements of
heading date in rice breeding, this study proposes an intelligent prediction method that integrates UAV imagery, the
YOLOV10b object detection algorithm, and a random forest regression model to achieve automated and efficient prediction
of heading date in rice breeding plots. [Methods] Using rice breeding plots as the research subject, UAV imagery was
acquired at 15 observation time points from booting to maturity. Based on the YOLOv10b algorithm, a rice panicle
detection model was trained to recognize and count panicles in plot images. Subsequently, the numbers of panicles at each
observation time point were used as input variables, and the number of days from transplanting to heading was used as the
prediction variable to construct and compare multiple heading date prediction models. Based on this, feature importance
analysis and dimensionality reduction were performed to develop a simplified model. [Results] Experimental results
showed that the YOLOv10b model achieved a precision of 91.7%, a recall of 92.1%, and an Fi score of 0.919 in the panicle
detection task. In the heading date prediction task, the random forest model constructed using the sequential features of
panicle counts from all 15 observation time points achieved an R? of 0.84, an RMSE of 1.57 days, and an MAE of 1.12
days. Furthermore, after feature dimensionality reduction based on feature importance analysis, a simplified model
constructed using 9 observation time points achieved an R? of 0.83, an RMSE of 1.65 days, and an MAE of 1.16 days. This
approach effectively reduced feature dimensionality while maintaining prediction accuracy, thereby improving the model's
efficiency and practicality. [ Conclusion] The proposed method can effectively reduce the workload of manual
measurements, improve the efficiency of heading date monitoring, and realize automated prediction of heading date in
breeding plots. It provides a feasible data foundation and technical pathway for intelligent breeding and precision
agricultural management.
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Table 1. Data collection dates and the corresponding information
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ide) PRI R R KA H I BEFE R 51— Wi
No. Period No. Collection date Days after transplanting (DAT) Interval from previous period (d)

1 T1 2024-08-26 56 0

2 T2 2024-08-28 58 2

3 T3 2024-08-30 60 2

4 T4 2024-09-02 63 3

5 T5 2024-09-04 65 2

6 T6 2024-09-06 67 2

7 T7 2024-09-09 70 3

8 T8 2024-09-10 71 1

9 T9 2024-09-12 73 2

10 T10 2024-09-14 75 2

11 T11 2024-09-18 79 4

12 T12 2024-09-20 81 2

13 T13 2024-09-23 84 3

14 T14 2024-09-26 87 3

15 T15 2024-09-29 90 3
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Table 2. Performance comparison of different YOLO models in rice panicle detection tasks

i) i ES Hlal % FifE YIRS A e

Model Precision(%) Recall(%) Fi-Score mAP50 FPS
YOLOv10n 90.9 89.2 0.900 95.3 227
YOLOv10s 90.2 90.0 0.901 95.5 188
YOLOv10m 91.7 91.2 0914 96.2 121
YOLOv10b 91.7 92.1 0.919 96.2 117
YOLOv8&n 97.2 79.2 0.873 88.5 238
YOLOv8s 95.6 86.4 0.908 92.0 172
YOLOv8m 97.1 83.4 0.897 90.5 111
YOLOv5n 93.6 89.2 0913 95.2 212
YOLOvS5s 93.8 91.0 0.924 95.2 147
YOLOv5m 94.2 90.5 0.923 95.4 86

mAP50, Mean average precision at loU=0.5; FPS, Frames per second.
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Table 3. Comparison of performance of different Top-K subfeature sets using the random forest model

Top-K 1 2 3 4 5 6

8 9 10 11 12 13 14

R 0.749 0.802 0.808 0.811 0.817 0.816
RMSE 1.998 1.775 1.749 1.735 1.707 1.709
MAE 1.556 1.225 1.200 1.222 1.227 1.208

0.817 0.811 0.829 0.834 0.832 0.832 0.837 0.835
1.707 1.735 1.649 1.627 1.636 1.638 1.610 1.622
1.199 1.210 1.164 1.166 1.171 1.174 1.161 1.172




X PREE T RARAGIN 5 HLAS 2 ST H 7K Fg af R T
4 HEp

B HE T — MRk A T N P R
YOLOv10b H e il 5 Bl AL AR AR 12 10 7K A8 46 7 1A
BRI 7% . {EZT779, YOLOV10b FEREAs
RS T FE AR ks B IR A RS 2 91.7%, A [F]
K 92.1%), APMEI TR T TSR, T2
R AR I PR AE BT AL O BB LAR PR, 3R
g DT B T P e (R2=0.84 , RMSE=1.57 d,
MAE=1.12d). $iEEEE TR, A EDULI T
TR DT HRAT AL 35 22 57, Jdid B EARAL, X7 9 A
SV 3 PR R SRR AE T 5 LR ALE TR0 ARG 1 [ Bl
FRIEAEERRAR 40%, BB 3Tt T AR SE R P S5 30
BRCR . AWK E P i IR T R

BoRERAR, WHESNEE A AR B RIRE .
EEPEE

(11 B K. H T 00 SR B 7R ) A R A o B

THFE[D]. B kR, 2023.
Wei Y F. Research on monitoring rice growth stage based
on optimized weighted integrated model [D]. Wuhan:
Huazhong Agricultural University, 2023. (in Chinese with
English abstract)

[2] Bai X, Cao Z, Zhao L, Zhang J, Lv C, Li C, Xie J. Rice
heading stage automatic observation by multi-classifier
cascade based rice spike detection method[J]. Agricultural
and Forest Meteorology, 2018, 259: 260-270.

[3] Hyun S, Kim K S. Estimation of heading date for rice
cultivars using ORYZA (v3)[J]. Korean Journal of
Agricultural and Forest Meteorology, 2017, 19(4): 246-
253.

[4] ZhangZ, Song X, ChenY, Wang P, Wei X, Tao F. Dynamic
variability of the heading—flowering stages of single rice
in China based on field observations and NDVI
estimations[J]. International Journal of Biometeorology,
2015, 59(5): 643-655.

[5] ChenY C, Lin WS, Chen R K, Chao Y'Y, Chin S W, Chen
F C, Lee C Y. Establishment of a prediction model for the
miRNA-based heading date characteristics of rice in the
booting stage[J]. Genetics and Molecular Research, 2015,
14(2): 4381-4390.

[6] Kawakita S, Yamasaki M, Teratani R, Yabe S, Kajiya-
Kanegae H, Yoshida H, Fushimi E, Nakagawa H. Dual
ensemble approach to predict rice heading date by
integrating multiple rice phenology models and machine
learning-based genetic parameter regression models[J].
Agricultural and Forest Meteorology, 2024, 344: 109821.

[7] ChenTS, Aoike T, Yamasaki M, Kajiya-Kanegae H, Iwata
H. Predicting rice heading date using an integrated

[11]

[14]

567

approach combining a machine learning method and a
crop growth model[J]. Frontiers in Genetics, 2020, 11:
599510.

Zhang J, Lin X, Jiang C, Hu X, Liu B, Liu L, Xiao L, Zhu
Y, Cao W, Tang L. Predicting rice phenology across China
by integrating crop phenology model and machine
learning[J]. Science of the Total Environment, 2024, 951:
175585.

Hong W, Li Z, Feng X, Qin J, Wang A, Jin S, Wang D,
Chen S. Estimating key phenological dates of multiple rice
accessions using unmanned aerial vehicle-based plant
height dynamics for breeding[J]. Rice Science, 2024,
31(5): 617-628.

Taniguchi S, Sakamoto T, Imase R, Nonoue Y, Tsunematsu
H, Goto A, Matsushita K, Ohmori S, Maeda H, Takeuchi
Y, Ishii T, Yonemaru J I, Ogawa D. Prediction of heading
date, culm length, and biomass from canopy-height-
UAV
observations of rice[J]. Frontiers in Plant Science, 2022,
13: 998803.

LyuM, Lu X, Shen Y, Tan Y, Wan L, Shu Q, He Y, He Y,
Cen H. UAV time-series imagery with novel machine

related parameters derived from time-series

learning to estimate heading dates of rice accessions for
breeding[J]. Agricultural and Forest Meteorology, 2023,
341: 109646.

TR, B, XNGE, T BT EANEBESZAM
2 i ol K R Al RIS (8] i 0], T R AL R, 2022,
51(1): 154-161.

Mo J C, Peng Y, Liu X J, Wang J. Estimation of heading
time for rice of different cultivars based on UAV remote
sensing images[J]. Journal of Henan Agricultural
Sciences, 2022, 51(1): 154-161. (in Chinese with English
abstract)

May, Jiang Q, Wu X, Zhu R, Gong Y, Peng Y, Duan B,
Fang S. Monitoring hybrid rice phenology at initial
heading stage based on low-altitude remote sensing
data[J]. Remote Sensing, 2021, 13(1): 86.

BB FT T8 AN AR B /K ARG A 5 W I 0 7 = Ak o
[D]. BB sBUREE, 2021,

Ma Y. Monitoring rice growth parameters and estimating
yield based on UAV images[D]. Wuhan: Wuhan
University, 2021. (in Chinese with English abstract)

He Z, Li S, Wang Y, Dai L, Lin S. Monitoring rice
phenology based on backscattering characteristics of
multi-temporal RADARSAT-2 datasets[J].
Sensing, 2018, 10(2): 340.

ROKF5. FETIRE S 2 RGN KoK FE 2 4 1R
HWETTD]. A FRERIAE, 2024,

Wu S X. Deep learning-based rice spike detection and rice

Remote

multi-growth stage recognition research[D]. Fuzhou:
Fujian Agriculture and Forestry University, 2024. (in
Chinese with English abstract)



568

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Bak H J, Sang W G, Chang S, Kwon D, Im W J, Lee J H,
Chung N J, Cho J I. Estimation of rice heading date of
paddy rice from slanted and top-view images using deep
learning classification model[J]. Korean Journal of
Agricultural and Forest Meteorology, 2023, 25(4): 337-
345

Desai S V, Balasubramanian V N, Fukatsu T, Ninomiya S,
Guo W. Automatic estimation of heading date of paddy
rice using deep learning[J]. Plant Methods, 2019, 15(1):
76.

Tan S, Lu H, Yu J, Lan M, Hu X, Zheng H, Peng Y, Wang
Y, Li Z, Qi L, Ma X. In-field rice panicles detection and
growth stages recognition based on RiceRes2Net[J].
Computers and Electronics in Agriculture, 2023, 206:
107704.

Zhang Y, Xiao D, Liu Y, Wu H. An algorithm for automatic
identification of multiple developmental stages of rice
spikes based on improved Faster R-CNN[J]. The Crop
Journal, 2022, 10(5): 1323-1333.

Cai W, Lu K, Fan M, Liu C, Huang W, Chen J, Wu Z, Xu
C, Ma X, Tan S. Rice growth-stage recognition based on
improved YOLOv8 with UAV imagery[J]. Agronomy,
2024, 14(12): 2751.

Qin J, Hu T, Yuan J, Liu Q, Wang W, Liu J, Guo L, Song
G. Deep-learning-based rice phenological
recognition[J]. Remote Sensing, 2023, 15(11): 2891.
Wang A, Chen H, Liu L. YOLOv10: Real-Time End-to-
End Object Detection[A]. arXiv, 2024.

Howard A G, Zhu M, Chen B, Kalenichenko D, Wang W,
Weyand T, Andreetto M, Adam H. MobileNets: Efficient

stage

[25]

[29]

HH E 7K FE R 22 (Chin J Rice Sci) 55 40 555 4 #1 (2026 47 H)

convolutional neural networks for mobile vision
applications[J]. ArXiv Preprint, ArXiv: 170404861,2017.

Lin TY, Maire M, Belongie S, Hays J, Perona P, Ramanan
D, Dollar P, Zitnick C L. Microsoft COCO: Common
objects in context[C]//Computer Vision — ECCV 2014.
Cham: Springer, 2014: 740-755.

Kamilaris A, Prenafeta-Boldi F X. Deep learning in
agriculture: A survey[J]. Computers and Electronics in
Agriculture, 2018, 147: 70-90.

Willmott C J, Matsuura K. Advantages of the mean
absolute error (MAE) over the root mean square error
(RMSE) in assessing average model performance[J].
Climate Research, 2005, 30(1): 79-82.

Botchkarev A. Performance metrics (error measures) in
machine learning regression, forecasting and prognostics:
Properties and typology[J]. Interdisciplinary Journal of
Information, Knowledge, and Management, 2018, 14: 45-
76.

Hodson T O. Root-mean-square error (RMSE) or mean
absolute error (MAE): When to use them or not[J].
Geoscientific Model Development, 2022, 15(14): 5481-
5487.

KALA, TR, BRFEE T, XM, SONRE, Bk
U Dy 5 25 24 M 759k B0 A R A A B B TR ).
THENL TR 5N, 2025, 61(13): 291-299.

Zhang L C, Zhang X, Chen X, Liu J M, Wen X T, Yang S
X. Improved pseudo-labeled semi-supervised method for
pomegranate growth stage detection modeling[J].
Computer Engineering and Applications, 2025, 61(13):

291-299. (in Chinese with English abstract)



	1  材料与方法
	1.1  试验材料
	1.2  数据采集
	1.3  数据集构建
	1.4  稻穗检测算法
	1.5  实验环境及训练策略
	1.6  始穗期预测建模
	1.7  评价指标
	1.7.1  稻穗检测评价指标
	1.7.2  始穗期预测评价指标


	2  结果与分析
	2.1  稻穗检测模型精度
	2.2  小区稻穗识别结果分析
	2.3  基于稻穗检测结果的始穗期预测
	2.3.1  多模型性能对比分析
	2.3.2  误差分布及分析
	2.3.3  特征重要性
	2.3.4  降维优化


	3  讨论
	4  结论
	参考文献：

