Iranian Journal of Soil and Water Research ISNN: 2423-7833

Homepage: http://ijswr.ut.ac.ir

Prediction of daily evapotranspiration images of rice using machine learning

Homa Noghankar!"' | Mahmoud Raeini-Sarjaz?>'"' | MohammadAli Gholami Sefidkouhi3X

| Majid Mobini

1. Department of Water Engineering, Faculty of Agricultural Engineering, Sari Agricultural Sciences and Natural

Resources University, Sari, Iran. E-mail: h.noghankar@stu.sanru.ac.ir

2. Department of Water Engineering, Faculty of Agricultural Engineering, Sari Agricultural Sciences and Natural

Resources University, Sari, Iran. E-mail: raeini@yahoo.com

3. Corresponding Author, Department of Water Engineering, Faculty of Agricultural Engineering, Sari Agricultural
Sciences and Natural Resources University, Sari, Iran. E-mail: ma.gholami@sanru.ac.ir
4. Department of Electrical and Computer Engineering, Mazandaran Institute of Technology, Iran. E-mail:

mobini2002@gmail.com

Article Info

ABSTRACT

Article type: Research Article

Article history:

Received: Nov. 11, 2022
Revised: Dec. 20, 2022
Accepted: Dec. 24, 2022
Published online: Feb. 20, 2023

Keywords:

LSTM METRIC algorithm,
Relevance Vector Machine,
Satellite image fusion.

Short-term prediction of daily plant evapotranspiration (ET) is of great importance in precision
agriculture and irrigation management. In this paper, a method for short-term prediction of
daily ET maps of rice is presented using satellite images and machine learning algorithms.
After merging the bands of Landsat-8 and MODIS images using the STARFM method, daily
ET images were produced using the METRIC algorithm and used to predict the ET maps of
the following days as input to the relation vector machine (RVM) and long short-term memory
(LSTM). Two scenarios were considered for prediction. In the first scenario, model is trained
using image of nth day of the growth period as input, and the n+6th day's image as target.
Using this configuration, the model can predict ET images at a six-day timestep. In the second
scenario, the forecast was made for consecutive days up to six days. The correlation coefficient
between the values obtained by RVM and the values calculated by METRIC for the first and
second scenario were 0.89 and 0.84, respectively, which indicates the acceptable accuracy of
these two scenarios in predicting ET. In the first scenario, R2 values for RVM and LSTM
methods were 0.8 and 0.59, respectively, which shows that RVM is more accurate for
evapotranspiration prediction compared to LSTM. The values of RMSE for RVM in the first
and second scenarios were 0.56 and 0.82, respectively, and the values of MAE were 0.43 and
0.66, respectively, which indicates a lower error in the configuration of the first scenario.
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Prediction of daily evapotranspiration images of rice using machine learning

Extended Abstract

Introduction

Short-term prediction of actual evapotranspiration (ET) during the growing season is of great importance in precision
agriculture, water requirements and irrigation demands estimation and irrigation management. In this paper, a method for short-
term prediction of daily ET images of rice is presented using satellite images fusion and machine learning algorithms. Satellite
imaging in cloudy days leads to the loss of information, especially when we work on a farm-scale at a coastal region. For
example, Landsat or Modis original images alone cannot be used for prediction due to the presence of clouds and low
temporal/spatial resolution. Therefore, in order to reach desired spatial and temporal resolutions, a spatiotemporal method of
satellite image fusion was used in this study.

Research method

This study was carried out in the following steps. First, the consequent VNIR and SWIR bands of Landsat-8 and Modis images
were merged using the STARFM method to generate Landsat-like images on days when Landsat data acquisition is not
available. This was also done for a generated LST band from both satellites. Then, Using the resulting bands, daily ET maps
were produced using METRIC algorithm. ET maps from this step were applied as input to relevance vector machine (RVM)
and long short-term memory (LSTM) in order to predict the ET maps of the following days. We performed the experiments
organizing two different scenarios. In the first scenario, model is trained using image of a given day of the growth period as
input, and the image of 6 days after that as target. Using this configuration, the model can predict ET images at a six-day
timestep. In the second scenario, the model received two consecutive days' images as training data, and the prediction was made
for up to six days. Prediction results were assessed using common assessment indices such as RMSE, MAE, Nash-Sutcliffe
index, index of agreement, correlation coefficient (r) and coefficient of determination (R2). Furthermore, the results obtained
from RVM in both scenarios were compared with the results obtained from LSTM.

Findings

The correlation coefficient between the values obtained by RVM and ET estimated by METRIC for the first and second scenario
was 0.89 and 0.84, respectively. These results confirm that both two scenarios are able to accurately predict ET. In the first
scenario, the values of R2 for the RVM and LSTM methods were 0.8 and 0.59, respectively, which show that the RVM-based
method is more accurate for prediction compared to the LSTM-based method. The RMSE values for the RVM method in the
first and second scenarios were 0.56 and 0.82, respectively. Moreover, the MAE values in the first and second scenarios were
0.43 and 0.66, respectively. These results show that the configuration performed in the first scenario leads to less error compared
to the second scenario.

Conclusion

As a general result, the value s of the RMSE, R2, Nash-Sutcliffe index, and index of agreement show that for both scenarios,
the RVM model provides more accurate predictions than the LSTM. The first scenario is more accurate for the prediction of
the target day (the sixth day from a given date). However, predicting in one-day steps can potentially predict all days of the
growing season and provide valuable information for agricultural and water resources managers.
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