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Rice (Oryza sativa) is a primary food source for over half the global population, yet
its yield is increasingly threatened by climate-induced microclimatic variations,
particularly during sensitive growth stages like flowering. This study presents the
development of a Machine Learning (ML)-based Early Warning System (EWS)
designed to predict adverse canopy microclimate conditions, specifically
temperature, humidity, and wind that influence rice yield and spikelet sterility.
Utilizing high-resolution microclimatic data from the BG-358 rice canopy monitoring
system, a locally developed IoT-based platform for real-time monitoring of
microclimate, data were collected at 2-minute intervals from 2019 to 2024, resulting
in a dataset of approximately 200,000 data points for two flowering seasons (each
nearly 1 month) per year at RRDI Bathalagoda. These data, combined with NASA
global forecast inputs, were split into 70% for training and 30% for testing, ensuring
robust evaluation and reliable predictions to support proactive agricultural decision-
making. The study employed Random Forest, Support Vector Machines, and Neural
Networks to predict canopy temperature, relative humidity (RH), and wind
conditions. After data pre-processing, including normalization and temporal feature
engineering, models were evaluated using MAE, RMSE, and R? metrics. The
Random Forest model demonstrated superior performance with an MAE of 0.78 °C,
RMSE of 1.15 °C, and R? 0f 0.91 for temperature prediction. RH and wind predictions
also showed high accuracy, with RH remaining above the 60% critical threshold in
most cases, though wind forecasts, especially above the 20 km/h threshold, exhibited
greater variability due to localized microclimatic conditions. Integrating real-time
canopy data with weather forecasts enhanced prediction robustness, enabling heat-
induced spikelet sterility anticipation up to 48 hours in advance with 85% reliability.
The developed EWS incorporates real-time dashboards and automated alerts,
demonstrating strong potential in mitigating climate-related rice yield losses and
supporting sustainable agriculture. Future work will expand datasets across varieties
and regions and foster collaboration with agricultural stakeholders for wider adoption
and broader-scale yield forecasting to strengthen food security planning.
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INTRODUCTION

Oryza sativa (rice) is a staple food crop essential to more than half of the global
population. However, climate change and unpredictable microclimatic variations,
particularly during critical stages such as flowering, pose severe threats to rice yield
(Jagadish et al., 2007; Peng et al., 2004; Tsujimoto et al., 2021). This study focuses
on developing a Machine Learning (ML)-based Early Warning System (EWS) to
analyze rice canopy conditions and forecast potential climatic stresses. The BG-358
rice seed monitoring system, collecting data since 2019, provides microclimate
variables including canopy temperature, relative humidity (RH), and wind. When
integrated with global weather forecast data from NASA and similar agencies, this
study aims to generate predictive insights to optimize planting schedules and reduce
climate-induced yield losses, especially spikelet sterility due to high temperatures
(Cleugh et al., 1998; Huang et al., 2021; Tian et al., 2024).

This study explores two key research questions: how machine learning (ML) models
can be utilized to predict rice canopy microclimate conditions, and how these
predictions can support farmers in optimizing planting strategies and reducing yield
loss (Chen et al., 2023; Nikhil et al., 2024).

METHODOLOGY

The study involved high-frequency data collection (every 2 minutes) on canopy
temperature, relative humidity (RH), and wind conditions using the BG-358
monitoring system during the flowering stage in two seasons of ‘Yala’ and ‘Maha’,
approximately 200,000 data points from 2019-2024, supplemented by external
forecast data from NASA (Jones et al., 2000). The dataset was pre-processed through
cleaning (handling missing values and outliers) and normalization, with feature
engineering extracting time-based features such as diurnal patterns and seasonal
factors (Ekanayake et al., 2022). Based on the Machine learning concepts, the
augmented dataset was split into 70% for training and 30% for testing, ensuring
robust evaluation and reliable predictions to support proactive agricultural decision-
making (Shastri, Kumar, & Reddy, 2025).

Machine learning models, including Random Forest, Support Vector Machines, and
Neural Networks, were developed and evaluated using metrics like Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), and R-squared (R?) (Umutoni &
Samadi, 2024).

A real-time Early Warning System (EWS) was designed to predict and alert adverse
canopy microclimate conditions. The threshold values for generating warning signs
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were determined based on agronomic guidelines and historical data trends.
Specifically, canopy temperature exceeding 35 °C has been linked to plant damage or
lethality (Asseng, 2021). In contrast, the Relative Humidity (RH) and wind speed
thresholds set at RH below 60% and wind speeds above 20 km/h were established
based on known plant stress responses and empirical observations during the
flowering stage. The EWS featured visual dashboards and automated notifications to
support farmer decision-making (Tian et al., 2024; Yoshida, 1981).

RESULTS AND DISCUSSION

The ML models demonstrated strong predictive capabilities. Among the tested
algorithms, the Random Forest model yielded the best performance, with an MAE of
0.78°C for canopy temperature prediction, RMSE of 1.15°C, and R? 0of 0.91. For RH
prediction, similar accuracy was achieved (MAE = 3.2%, RMSE = 4.1%). Wind
prediction was moderately accurate due to variability in local patterns (MAE = 1.4
m/s, R?=10.72) (Chen et al., 2023; Lysenko et al., 2023).
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Figure 1: Model Accuracy Comparisons(algorithms) for Key Variables

The integration of real-time microclimate data with global forecasts improved the
robustness of predictions. Heat-induced spikelet sterility, previously unanticipated in
traditional farming, could now be predicted up to 48 hours in advance with 85%
reliability (Jagadish et al., 2007; Jia et al., 2015).

This predictive capability allows for:
e Adjusting irrigation schedules
e Planning stress-mitigation treatments
e Delaying or advancing planting operations

Moreover, the use of historical trends and weather models has potential for regional-
scale yield forecasting, aiding policymakers in planning food security strategies (Espe
et al., 2016; Zubair et al., 2015).
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CONCLUSIONS/RECOMMENDATIONS

This study confirms that machine learning (ML)-based prediction systems
significantly improve the accuracy of canopy microclimate forecasting (Chen et al.,
2023; Nikhil et al., 2024). The developed early warning system (EWS) demonstrates
the potential to reduce heat-induced spikelet sterility, optimize planting decisions, and
support sustainable agricultural practices (Tian et al., 2024; Tsujimoto et al., 2021).
To further enhance the system's effectiveness, the study recommends expanding the
dataset to include a wider range of rice varieties and geographic regions (Yoshida,
1981). It also suggests training models with more diverse meteorological data sources
to improve generalizability (Jones et al., 2000; Umutoni & Samadi, 2024).
Additionally, collaboration with agricultural extension services is advised to facilitate
the practical deployment of EWS tools in the field (Zubair et al., 2015).

REFERENCES

Asseng, S., Spankuch, D., Hernandez-Ochoa, 1. M., & Laporta, J. (2021). The
upper temperature thresholds of life. The Lancet Planetary Health, 5(6),
e378-e385. https://doi.org/10.1016/S2542-5196(21)00079-6

Chen, L., Han, B., Wang, X., Zhao, J., Yang, W., & Yang, Z. (2023). Machine
learning methods in weather and climate applications: A survey. Applied
Sciences, 13(21), Article 12019. https://doi.org/10.3390/app132112019

Cleugh, H. A., Miller, J. M., & Bohm, M. (1998). Direct mechanical effects of
wind on crops. Agroforestry Systems, 41(1), 85-112.
https://doi.org/10.1023/A:1006067721039

Ekanayake, P., Wickramasinghe, L., & Jayasinghe, J. M. J. W. (2022).
Development of crop-weather models using Gaussian process regression
for the prediction of paddy yield in Sri Lanka. International Journal of
Intelligent Systems and Applications, 14(4), 52-65.
https://doi.org/10.5815/ijisa.2022.04.05

Espe, M. B., Yang, H., Cassman, K. G., Guilpart, N., Sharifi, H., & Linquist, B. A.
(2016). Estimating yield potential in temperate high-yielding, direct-
seeded US rice production systems. Field Crops Research, 193, 123—-132.
https://doi.org/10.1016/j.fcr.2016.04.003

Huang, G., Yang, Y., Zhu, L., Peng, S., & Li, Y. (2021). Temperature responses of
photosynthesis and stomatal conductance in rice and wheat plants.
Agricultural and Forest Meteorology, 300, 108322.
https://doi.org/10.1016/j.agrformet.2021.108322

Jagadish, S., Craufurd, P., & Wheeler, T. (2007). High temperature stress and
spikelet fertility in rice (Oryza sativa L.). Journal of Experimental Botany,
58(7), 1627-1635. https://doi.org/10.1093/jxb/erm003

Jia, Q., Lv, B., Guo, M., Luo, C., Zheng, L., Hsiang, T., & Huang, J. (2015). Effect
of rice growth stage, temperature, relative humidity and wetness duration
on infection of rice panicles by Villosiclava virens. European Journal of
Plant  Pathology, 141(1), 15-25. https://doi.org/10.1007/s10658-014-
0516-4

Jones, J. W., Hansen, J. W., Royce, F. S., & Messina, C. D. (2000). Potential
benefits of climate forecasting to agriculture. Agriculture, Ecosystems &

ISSN 3093-6470 © The Open University of Sri Lanka 44


https://doi.org/10.1016/S2542-5196(21)00079-6?utm_source=chatgpt.com
https://doi.org/10.3390/app132112019
https://doi.org/10.1023/A:1006067721039
https://doi.org/10.5815/ijisa.2022.04.05
https://doi.org/10.1016/j.fcr.2016.04.003
https://doi.org/10.1016/j.agrformet.2021.108322
https://doi.org/10.1093/jxb/erm003
https://doi.org/10.1007/s10658-014-%090516-4
https://doi.org/10.1007/s10658-014-%090516-4

.
¥

Proceedings of the International Research Conference of the Open University of Sri Lanka (IRC-OUSL 2025) @

Environment, 82(1), 169-184. https://doi.org/10.1016/S0167-
8809(00)00225-5

Lysenko, E. A., Kozuleva, M. A., Klaus, A. A., Pshybytko, N. L., & Kusnetsov, V.
V. (2023). Lower air humidity reduced both the plant growth and activities
of photosystems I and II under prolonged heat stress. Plant Physiology and
Biochemistry, 194, 246-262. https://doi.org/10.1016/j.plaphy.2022.11.016

Nikhil, U. V., Pandiyan, A. M., Raja, S. P., & Stamenkovic, Z. (2024). Machine
learning-based crop yield prediction in South India: Performance analysis
of various models. Computers, 13(6), Article 137.
https://doi.org/10.3390/computers13060137

Peng, S., Huang, J., Sheehy, J. E., Laza, R. C., Visperas, R. M., Zhong, X.,
Centeno, G. S., Khush, G. S., & Cassman, K. G. (2004). Rice yields
decline with higher night temperature from global warming. Proceedings
of the National Academy of Sciences, 101(27), 9971-9975.
https://doi.org/10.1073/pnas.0403720101

Shastri, S., Kumar, S., & Reddy, S. (2025). Advancing crop recommendation
system with supervised machine learmning and explainable artificial
intelligence. Scientific Reports, 15(1), 12345.
https://doi.org/10.1038/s41598-025-07003-8

Tian, W., Mu, Q., Gao, Y., Zhang, Y., Wang, Y., Ding, S., Aloryi, K., Okpala, N., &

Tian, X. (2024). Micrometeorological monitoring reveals that canopy
temperature is a reliable trait for the screening of heat tolerance in rice.
Frontiers in Plant Science, 15, Article 1326606.
https://doi.org/10.3389/fpls.2024.1326606

Tsujimoto, Y., Fuseini, A., Inusah, B. L. Y., Dogbe, W., Yoshimoto, M., & Fukuoka,
M. (2021). Different effects of water-saving management on canopy
microclimate, spikelet sterility, and rice yield in the dry and wet seasons of

the sub-humid tropics in northern Ghana. Field Crops Research, 260,
107978. https://doi.org/10.1016/j.fcr.2020.107978

Umutoni, L., & Samadi, V. (2024). Application of machine learning approaches in
supporting irrigation decision making: A review. Agricultural Water
Management, 294, 108710. https://doi.org/10.1016/j.agwat.2024.108710

Yoshida, S. (1981). Fundamentals of rice crop science. International Rice
Research Institute.

Zubair, N., Nissanka, S., Wijayasiri, W., Manthrithilake, H., Karunaratne, A.,
Agalawatte, P., ... McDermid, S. (2015). Climate change impacts on rice
farming systems in Northwestern Sri Lanka. In W. Leal Filho (Ed.),
Handbook of climate change adaptation (pp. 315-352). Springer.
https://doi.org/10.1142/9781783265640 0022

ACKNOWLEDGMENTS

We extend our sincere gratitude to Mr. L.C. Silva, former Assistant Director of
Agriculture (Research) at the Rice Research and Development Institute (RRDI),
Bathalagoda, for his invaluable encouragement, guidance, and significant
contributions to this research project. We also thank the staff of RRDI, Bathalagoda,
for their support and for providing access to essential resources used in the study.

ISSN 3093-6470 © The Open University of Sri Lanka 45


https://doi.org/10.1016/S0167-%098809(00)00225-5
https://doi.org/10.1016/S0167-%098809(00)00225-5
https://doi.org/10.1016/j.plaphy.2022.11.016
https://doi.org/10.3390/computers13060137
https://doi.org/10.1073/pnas.0403720101
https://doi.org/10.1038/s41598-025-07003-8
https://doi.org/10.3389/fpls.2024.1326606
https://doi.org/10.1016/j.fcr.2020.107978
https://doi.org/10.1016/j.agwat.2024.108710
https://doi.org/10.1142/9781783265640_0022

