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Abstract 

Accurate estimation of reference evapotranspiration (ET0) provides information on crop 

water requirement. Knowing crop water requirement in advance allows water managers to take 

decision for improving the agricultural production and food security at the regional and global 

scales. ET0 and crop yield are complex and nonlinear phenomenon depending on various 

environmental factors. Due to their complex characteristics, this study implemented various 

machine learning algorithms to predict ET0 and crop yield. Performance of the implemented 

models were evaluated using statistical metrics of coefficient of determination (R2), root mean 

square error (RMSE), mean absolute error (MAE), and relative absolute error (RAE).  

The overall question this study aimed to address was: will machine learning algorithms 

be able to model the complex phenomenon of reference evapotranspiration and crop yield across 

the central United States? To support this research question, two studies were performed in 

which machine learning algorithms were developed and applied to estimate reference 

evapotranspiration and crop yield.  

 The first part of the study evaluates the performance of four machine learning algorithms 

of support vector machine (SVM), random forest (RF), artificial neural network (ANN), and 

extreme learning machine (ELM) to predict daily ET0. Four input combinations acquired from 

minimum and maximum temperatures (Tmin and Tmax), net solar radiation (Rn), wind speed (U2), 

and relative humidity (Hr) were considered using weather data from 1979-2014 for warm season 

(May through September) from 39 weather stations across the central United States. The 

predicted ET0 values were compared with the ET0 estimated using the FAO-56 Penman-

Monteith model. Results revealed that all implemented models showed good results with R2 > 

0.952 when all five parameters of Tmax, Tmin, Rn, U2, and Hr were used for input variables. When 



 

 

fewer meteorological parameters, including only Tmax, Rn, and Hr were used, all models still 

showed satisfactory results with an R2 not less than 0.868. ELM showed better performance for 

all input combinations.  

The second part of the study implemented six machine learning models, including SVM, 

ANN, ELM, RF, multiple linear regression (MLR), and deep neural network (DNN) for 

predicting corn yield using satellite-based vegetation index and weather data from 2003-2020 for 

growing season (May through September) across Kansas, Iowa, and Nebraska in the Corn Belt, 

United States. Normalized difference vegetation index (NDVI) is used as satellite-based 

vegetation index. Biweekly composite MODIS Aqua 1-km NDVI product were used. The 

predicted crop yield was compared with the USDA yield statistics. The USDA yield statistics 

consists of corn production in tons per hectare for each county. All models were trained using 

“with NDVI” and “without NDVI” input combinations. The “without NDVI” input combination 

weather data of day length, snow water equivalent, vapor pressure, solar radiation, maximum and 

minimum temperature, and precipitation and “with NDVI” input combination includes all 

parameters of “without NDVI” input combination plus satellite based NDVI. Results revealed 

that all implemented models showed R2 range between 0.351-0.634 when used with “with 

NDVI” input combination and R2 range between 0.343-0.591 when used with “without NDVI” 

input combination. Performance of all models were slightly higher using “with NDVI” input 

combination as compared to using “without NDVI” input combination. DNN showed the best 

performance following by ELM. MLR showed the worst performance using both the input 

combination. 

The developed machine learning models showed very high accuracy as compared to the 

other developed machine learning or empirical models for estimating ET0. This study could help 



 

 

to choose the best predictive machine learning models for estimating ET0 across the central 

United States with higher accuracy. The developed machine learning models helps to evaluate 

the ET0 with fewer parameters with competitive accuracy as compared to FAO-56 PM model. 

The accurate estimation of ET0 helps to quantify the crop water requirement in advance and 

helps to utilize the limited irrigation availability effectively. This helps to increase the irrigation 

system efficiency and supports in conversation of water resources and irrigation water 

management.  

Secondly, the implemented machine learning models showed average performance for 

forecasting crop yield across the part of the Corn Belt in the United States. Our model limits the 

estimation of crop yield before the harvest due to the utilization of NDVI data from the entire 

growing season. The predictive model would predict the crop yield at any period before the 

harvest when utilize with NDVI during different stages of the crop growth. The performance of 

the models could be increased by adding soil data as an input variable. This study helps to 

provide information on increasing performance of the models by using NDVI as an input.  
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Chapter 1- General Introduction 

Machine learning is the subset of Artificial Intelligence. Machine learning is a technique 

that uses previous experience (training data) to learn and use it to perform a new task. It consists 

of data in a form of set of examples. Each example is described by a set of attributes, also known 

as variables or features. A feature can be nominal, binary, ordinal or numeric. The performance 

of the machine learning models in a specific task is measured using performance metrics that are 

improved with experience over time. At the end, a machine learning model is used to predict, 

classify, or cluster new examples (testing data) from the learning experience during the training 

process. Depending on the learning signal, machine learning task can be classified into two 

categories, that is, supervised and unsupervised learning. In supervised learning, data are labeled 

(examples with input and corresponding output) and the objective is to construct a general rule 

that maps inputs to outputs. In unsupervised learning, however, there is no distinction between 

training and test sets with data being unlabeled. The learner processes input data with the goal of 

discovering hidden patterns.  

Artificial intelligence is a black box that maps the non-linear relationships between input 

and output variables and can efficiently improve prediction accuracy (Chia, Huang, Koo, et al., 

2020; Fan et al., 2018). Therefore, scientists have put forward the application artificial 

intelligence for predictive purpose. Due to high performance and the powerful advantage of 

capturing nonlinear and complex structures, machine learning is widely applicable in the field of 

marketing for tasks classification; in the field of finance for forecasting; in the field of 

telecommunications for prediction and tasks classification; and in the field of network analysis 

for relating tasks. In addition, there are wide application of machine learning in the agricultural 

production system which includes, water management, crop management, livestock 
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management, and soil management. Water management includes prediction of 

evapotranspiration (Feng, Peng, et al., 2017) and daily dew point temperature (K. Mohammadi et 

al., 2015). Crop management includes yield prediction (Kung et al., 2016), disease detection 

(Moshou et al., 2004), weed detection (Binch & Fox, 2017), crop quality (Maione et al., 2016), 

and species recognition (Grinblat et al., 2016). Livestock management includes the estimation of 

farming parameters to optimize the economic efficiency of production system such as animal 

welfare (Matthews et al., 2017) and livestock production (Alonso et al., 2013). Soil management 

includes prediction/identification of agricultural soil properties such as estimation of soil 

temperature (Nahvi et al., 2016), soil condition (Morellos et al., 2016), and soil moisture (Johann 

et al., 2016).  

Among the wide variety of application of machine learning in agriculture, its utility in 

modeling various hydrological and biophysical process has increased. Furthermore, due to high 

predictive ability, application of machine learning models for predicting evapotranspiration have 

dramatically increased since 2011 (Chia, Huang, Koo, et al., 2020). Allen et al., (1998) defined 

evapotranspiration (ET) as “the combination of water loss from soil surface by evaporation and 

from crops by transpiration”. Reference ET is the evapotranspiration rate from a reference 

surface without water source limitation and is generally denoted as ET0. ET is a non-linear and 

complex phenomenon which depends on integration of several climatological factors. It is 

difficult to estimate ET0 using empirical approaches. Several studies have used machine learning 

algorithms to predict ET0 (Majhi & Naidu, 2021; Reis et al., 2019; Seifi & Riahi, 2020)l.  

Additionally, crop yield has spatial and temporal nonlinear characteristics and depends on 

numerous complex factors such as crop genotype, environment, and management practices. It is 

extremely challenging to predict crop yield. Several studies applied numerous machine learning 
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algorithms to predict crop yield before the harvest (Kim et al., 2020; Kouadio et al., 2018; 

Sharifi, 2021).    

There exist a linear relationship between marketable yield and crop ET for crops such as 

corn, potato, sugar beet, and wheat (Letey et al., 2007). Many studies used empirical relationship 

between crop yield and ET for decades to examine the effects of water stress on potential yield 

reductions (Doorenbos & Kassam, 1979; Howell, 1990). With more than 60% of water 

contributed to irrigation of crops, agriculture is considered to be world’s largest consumer of 

fresh water (Wada & Bierkens, 2014). According to the NASS, 2017, United States’ irrigated 

cropland encompasses 18% of all the production area but it yields 50% of crop production. This 

indicate that irrigation plays a critical role in increasing crop yield. We must further increase 

irrigation efficiency to produce more food with less water to enhance food security at regional 

and global scales (Smidt et al., 2016). Despite the use of new cultivars, high yields are not 

achieved if water is limited. It is necessary to utilize the limited available source of water 

effectively to fulfil crop water requirement. One strategy to achieve this is through increasing 

irrigation efficiency based on accurate estimation of ET0. Accurate quantification of ET0 in 

advance helps to develop strategies to increase crop yield. Predicting crop yield before harvest 

helps farmers and decision makers for better planning and management. 

There are various studies applying different machine learning algorithms at local and 

global scales to predict ET0. During the last two decades, different artificial neural network 

(ANN) models have been applied for estimating ET0 such as multiple-layer perceptron neural 

network (Malik et al., 2018), fuzzy logic (Malik & Kumar, 2015), and the adaptive neuro-fuzzy 

neural network (Keshtegar et al., 2018). The motivation for utilizing the ANN model is due to its 

high accuracy, robustness, and big data handling (Kisi et al., 2018; Yuan et al., 2018). Support 



4  

vector machine (SVM) is also a powerful approach for classification and regression, which 

attempts to reduce the least square errors. SVM models for predicting ET0 includes but not 

limited to least square support vector machine (D. Chen, 2011), SVM-polynomial (Mehdizadeh 

et al., 2017), and SVM -radial basis function (Seifi & Riahi, 2020). The extreme learning 

machine (ELM) is a fast learning technique with high generalization capacity that uses single 

hidden layer feedforward neural network (Kasun et al., 2013). ELM has been used for predicting 

ET0 in various studies (e.g. Abdullah et al., 2015; Heddam et al., 2020; Wu et al., 2021). Tree-

based models such as random forest (RF) have been applied in many studies to predict ET0 due 

to their large data handling capacity and higher level of accuracy over decision tree algorithms 

(Fan et al., 2018; Filgueiras et al., 2020; Granata, 2019). Other machine learning models used for 

estimating ET0 are relevance vector machine (Bachour et al., 2016), gene expression 

programming (Mattar, 2018), and multivariate regression spline (Mehdizadeh et al., 2017).  

There are various machine learning algorithms used for estimating crop yield at local and 

regional level. These models include but not limited to RF (Dang et al., 2021; Prasad et al., 2021; 

Sahu et al., 2017), SVM (Bondre & Mahagaonkar, 2019; Oguntunde et al., 2018; Suresh et al., 

2020), ANN (Elavarasan & Vincent, 2021; Hara et al., 2021; Liang et al., 2021), multiple linear 

regression (Shahhosseini et al., 2021; Zaefizadeh et al., 2011), and LASSO (Shook et al., 2021). 

According to a literature review performed by Van Klompenburg et al., (2020) application of 

deep learning in predicting crop yield has been increasing. Deep learning models include 

convolutional neural network (CNN) (Sun et al., 2019; Terliksiz & Altýlar, 2019), long-short 

term memory (LSTM) (Sharma et al., 2020), recurrent neural network (RNN) (Agarwal & Tarar, 

2021; Sivanandhini & Prakash, 2020). Most applied deep learning algorithms include CNN, 

LSTM, and DNN.  
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Machine learning is very good at modeling non-linear and complex structure. Due to this 

advantage of machine learning, our study hypothesize that the machine learning will be able to 

model the complex agricultural phenomenon of reference evapotranspiration and crop yield with 

reasonable accuracies. To test this hypothesis, two research were conducted which are included 

as chapter 2 and chapter 3 in this study.  

Previous research showed that the four machine learning models of ELM, SVM, RF, and 

ANN performance was better as compared to other models when applied on different 

geographical area. The accuracy of empirical models using few parameters is low as compared to 

different machine learning models (Gonzalez del Cerro et al., 2020; Reis et al., 2019). 

Furthermore, very few studies have investigated the performance of these models for estimating 

ET0 in the central United States.  

In the central United States, irrigation heavily relies on the High Plains Aquifer for 

agricultural production which has caused a dramatic drop in the water level of the Aquifer from 

predevelopment (about 1950) to 2015 and from 2013 to 2015 (V. L. McGuire, 2017). Increased 

irrigation efficiency by providing more accurate ET0 can improve water conservation and extend 

the life of the aquifer. To overcome this problem and help in water resource management and 

irrigation water planning, therefore, we performed research with following objectives (a) 

development and comparison of machine learning models of ELM, SVM, RF, and ANN to 

estimate daily ET0 with various meteorological parameters in the central United States. (b) To 

find an optimal climatic parameter that works with all the applied models in prediction with 

reasonable accuracies. (c) To find out the machine learning model with highest predictive power 

with optimal climatic parameter across the central United States. 
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There are various other studies that showed the highest predictive capabilities of machine 

learning models than other empirical method in estimating crop yield across the different 

climatic condition. Developing reliable model to predict crop yield in advanced helps farmers 

and decision makers for better planning and management. Recently, the Food and Agriculture 

Organization of the United Nations (FAO) reported maize to be largest grain crop produce in the 

world. Taylor & Koo, (2011) claimed United States to be the largest grain producer and exporter 

supplying approximately 40% of global annual corn production. Corn is among the world’s top 

three grain crops having substantial importance for the global economy. To overcome the 

problem of food security and helps in global economy, we performed research with following 

objectives (a) comparison of different machine learning models to forecast corn yield across the 

part of the Corn Belt in the United States. (b) To check weather adding NDVI to the weather 

variable as input increases the performance of the applied models.     
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Chapter 2 - Evaluating daily reference evapotranspiration using 

machine learning algorithms with meteorological data in the central 

United States 

 Abstract 

Due to an increase in drought events throughout the world, the incessant need to increase 

agricultural production requires a careful assessment of irrigation water planning. Accurate 

prediction of reference evapotranspiration (ET0) plays a critical role in irrigation water 

consumption and conservation of infinite water resources. This study evaluates the performance 

of four machine learning models, including the extreme learning machine (ELM), support vector 

machine (SVM), random forest (RF), and artificial neural network (ANN) for estimating daily 

ET0 using various meteorological data for input variables. Four input combinations acquired 

from minimum and maximum temperatures (Tmin and Tmax), net solar radiation (Rn), wind speed 

(U2), and relative humidity (Hr) were considered using meteorological data from 1979-2014 for 

warm seasons (May through September) from 39 weather stations across the central United 

States. Performance of the models was evaluated by comparing their outputs with the ET0 

estimated using the FAO-56 Penman-Monteith model. Four different statistical metrics of 

coefficient of determination (R2), root mean square error (RMSE), mean absolute error (MAE), 

and relative absolute error (RAE) were applied to assess performance of the models. Two 

strategies were used to develop the models and measure their efficiency: (i) general case: models 

are developed using data from all the weather stations (ii) cluster case: weather stations are 

clustered/grouped with similar climatic characteristics, using K-means algorithms, and models 

were developed for each group using data from weather stations in that group. All the models 
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were trained and tested using 1979-2004 and 2005-2014, data respectively. Results in the first 

strategy revealed that all implemented models showed good results with an R2 > 0.961 when five 

parameters of Tmax, Tmin, Rn, U2, and Hr were used for input variables. ELM performed best with 

an R2 = 0.976 and RMSE = 0.363 mmd-1. When fewer meteorological parameters, including only 

Tmax, Rn, and Hr were used, all models still showed satisfactory results with an R2 not less than 

0.903. ELM performed best with an R2 = 0.917 and RMSE = 0.678 mmd-1. The Second strategy 

also revealed similar result with ELM showing the best performance using all the four-input 

combination and RF being the least accurate. In addition, ELM showed the smallest 

computational costs. Considering prediction accuracy, reliability, and computational cost of the 

studied models, ELM can be recommended when used with complete and fewer meteorological 

parameters, respectively, across the central United States. These models can be utilized for 

estimating ET0 in other parts of the world depending on their prediction accuracy, particularly 

when fewer climate parameters are available.  

Keywords: extreme learning machine, support vector machine, random forest, artificial 

neural network, irrigation, artificial intelligence 

Introduction 

A progressive increase in the world population and drought conditions has led to the 

necessity of increased agricultural production (Tavakol, A., & Rahmani, V., 2020a, 2020b). 

Irrigation plays a significant role in supporting this production. Evapotranspiration (ET) is a key 

contributor to hydrological water balance and water resources planning and decision making for 

irrigation management. An accurate estimation of ET is essential for irrigation practices, and 

hence, fulfillment of crop water requirements. Allen et al. (1998)  defined ET as “the 

combination of water loss from the soil surface by evaporation and from crops by transpiration.” 
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Reference ET is the evapotranspiration rate from a reference surface without water source 

limitation and is generally denoted as ET0. ET0 is a climatic parameter and depends on climatic 

variables. It can be measured by either a direct method such as using a lysimeter (Anapalli et al., 

2016; Shrestha & Shukla, 2015) or estimated with indirect methods such as using meteorological 

data. Nevertheless, the measurement with a lysimeter is expensive, time consuming, and requires 

precise planned experiments (Chia, Huang, & Koo, 2020; Moorhead et al., 2019). Indirect 

methods, which vary from empirical relationships to complex functions based on different 

meteorological data, have been widely used for estimating ET0. 

The Penman-Monteith model, which incorporates both thermodynamic and aerodynamic 

aspects of the ET phenomenon, has shown to be relatively more accurate than other existing 

empirical approaches for estimating ET0 (Fan et al., 2018; Timm et al., 2014). The Food and 

Agriculture Organization of the United States (FAO) has recommended FAO-56 PM as the 

universal model among various models for estimating ET0 for any climatic conditions across the 

world (Richard G Allen et al., 1998). However, the FAO-56 model requires a large number of 

input variables such as minimum temperature (Tmin), maximum temperature (Tmax), wind speed 

(U2), relative humidity (Hr), and net solar radiation (Rn) (Chia, Huang, & Koo, 2020; Fan et al., 

2018). These climate parameters are not always available for specific times and geographic 

areas, which is a major drawback of the model. 

ET is a non-linear and complex phenomenon that depends on integration of several 

climatological factors and is difficult to estimate using empirical approaches. Scientists have put 

forward the application of artificial intelligence (AI) for estimating ET. AI is a black box that 

maps the non-linear relationships between input and output variables and can efficiently improve 

prediction accuracy (Chia, Huang, Koo, et al., 2020; Fan et al., 2018). In the past few decades, 
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different AI techniques, including machine learning methods, have been increasingly utilized to 

estimate different hydrological and renewable energy variables such as drought (Kousari et al., 

2017), solar radiation (Voyant et al., 2017), streamflow (Parisouj et al., 2020), evaporation 

(Keshtegar et al., 2016), and rainfall (Abrahart et al., 2012). Due to high performance and the 

powerful advantage of capturing nonlinear and complex structures, applications of machine 

learning models for predicting ET have dramatically increased since 2011 (Chia, Huang, Koo, et 

al., 2020). 

Various machine learning techniques have been applied both on local and global scales to 

predict ET0, which includes but is not limited to (1) support vector machine (SVM) (Chia, 

Huang, & Koo, 2020; B. Mohammadi & Mehdizadeh, 2020; Seifi & Riahi, 2020); (2) extreme 

learning machine (ELM) (Chia et al., 2021; Reis et al., 2019; Wu et al., 2019); (3) artificial 

neural networks (ANN) (Adnan et al., 2017; Althoff et al., 2018; Genaidy, 2020; Majhi & Naidu, 

2021) such as multiple layer perceptron (MLP), back propagation with different learning rates, 

radial basis function, and momentum; (4) tree-based models such as random forest (RF) (Althoff 

et al., 2018; Fan et al., 2018; Filgueiras et al., 2020; Granata, 2019; S. Wang et al., 2019) and 

MP5 regression tree and bagging (Granata, 2019); and (5) other machine learning models such as 

the adaptive neuro fuzzy inference system (Dou & Yang, 2018; Gonzalez del Cerro et al., 2020), 

relevance vector machine (RVM) (Deo et al., 2016), multivariate adaptive regression spline (Deo 

et al., 2016), and gene expression programming (S. Wang et al., 2019). 

 Yang et al., (2006) applied SVM, multiple regression and MLP with back propagation to 

predict ET in non-forest sites across the continental United States using remotely sensed data. 

They found SVM performed better than these two models. Moghaddamnia et al., (2008) found 

good ET0 estimates using SVM with the radial basis function as the kernel function for 
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Chahnimeh reservoirs in southeastern Iran. In terms of prediction accuracy and stability, SVM 

showed similar results to the ELM model when applied to predict daily ET0 across different 

climates in China (Fan et al., 2018). The SVM model was superior compared to ANN and RVM 

for predicting crop ET and crop coefficients in south Florida (Shrestha & Shukla, 2015). ANN 

and SVM models were developed for different clusters of weather stations and showed better 

performance when compared with various empirical models for estimating ET0 across the Brazil 

(Ferreira et al., 2019b). Similarly, deep learning models were compared with classical machine 

learning models using clustered weather stations for predicting ET0 across the Northeast plain, 

China (Z. Chen et al., 2020). Dou & Yang, (2018) employed the ELM model for predicting daily 

ET across different terrestrial ecosystems in Germany and Sweden and found that ELM can be 

recommended over ANN and SVM for forest and wetland ecosystems, respectively. In another 

study, ELM showed highest prediction accuracy when compared with ANN, SVM, and 

Hargreaves methods for modelling weekly ET in the Thar Desert in India (Patil & Deka, 2016). 

Using temperature-based data as input variables for ELM, ET0 was accurately estimated across 

the semi-arid region of the Verde River Basin in southern Brazil (Reis et al., 2019). In another 

study in the same region, ANN performed better than the original Hargreaves Samani method for 

predicting ET0 (Reis et al., 2019). The performance of ANN for estimating ET0 was better in 

grassland and cropland ecosystems as compared to ELM and ANFIS models in the United States 

and Belgium (Dou & Yang, 2018). RF was compared with SVM, bagging, and MP5 regression 

tree to predict ET in a site in central Florida with pastures of Bahia grass (Granata, 2019). They 

found the tree-based model, MP5 regression tree, has the best predictive capabilities. Filgueiras 

et al., (2020) compared the RF model with five regression models for predicting actual ET and 

soil water content using remote sensing data across the tropical climate of Brazil. Their results 
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indicated that RF accurately estimated soil water content. Chia, Huang, and  Koo, (2020) 

evaluated the performance of SVM using different input variables for estimating daily ET0 

across the tropical climate of Malaysia. It was found that SVM, using only solar radiation and 

mean temperature as input variables, performed the best.  

Among the mentioned machine learning models, ELM, SVM, RF, and ANN exhibited 

better predicting accuracies compared to other models. These four models have been 

increasingly used for predicting ET0 in different locations worldwide. However, the application 

of machine learning techniques for estimating ET0 is very limited in the central United States. 

This region has been experiencing increase in dry (Stone & Rahmani, 2020; Tavakol et al., 

2020b) and windy (Tavakol et al., 2020c) conditions and heat waves (Tavakol et al., 2020a). The 

region is predominantly agricultural including rangeland; natural prairie; and irrigated and rain-

fed farming of maize, soybean, sorghum, alfalfa, cotton, and sugar beets (Mutiibwa & Irmak, 

2013). Most of the irrigation water in this region is provided from the High Plains Aquifer and 

other infinite water resources.  

Previous studies showed that the four machine learning models of ELM, SVM, RF, and 

ANN performed better compared to other models in different parts of the world. However, the 

performance of machine learning models depends on the geographical area in addition to the 

availability of input variables (Dou & Yang, 2018; Yaseen et al., 2020). Furthermore, very 

limited studies have investigated the performance of these models for predicting ET0 in the 

central United States. The objective of this study includes (a) development and comparison of 

machine learning models of ELM, SVM, RF, and ANN to estimate daily ET0 with various 

meteorological parameters in the central United States. (b) To find an optimal climatic parameter 

that works with all the applied models in prediction with reasonable accuracies. (c) To find out 
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the machine learning model with highest predictive power with optimal climatic parameter 

across the central United States. Information for 39 weather stations in warm season from 1979-

2014 were analyzed. Two strategies were used to develop the models and measure their 

efficiency: (i) general case: models were developed using data from all the weather stations and 

(ii) cluster case: weather stations were clustered with similar climatic characteristics, using K-

means algorithms, and models were developed for each group using data from weather stations 

in that group. 

 Materials and methods 

 Study area and data 

This study covers the central United States, which also has been designated as the Great 

Plains (Figure 2-1). The region consists of 10 states of Montana, Wyoming, North Dakota, South 

Dakota, Colorado, Nebraska, Kansas, New Mexico, Oklahoma, and Texas. Topographical 

characteristics of the area vary from the lowest elevation of 35 meters in the southern coastline in 

Texas in the south, to flat-to-rolling plains with the highest elevation of 1,884 meters in Colorado 

in the west. The long-term (1979-2014) warm season daily average values of Tmin and Tmax range 

from 11 °C in the north to 22 °C in the south, and 26 °C in the north to 33 °C in the south, 

respectively. Humid and warm air masses flowing from the Gulf of Mexico, and cold air fronts 

from the Rocky mountains in the northwest and Canada in the north, dominate climatic 

conditions of the region (Irmak et al., 2012). The long-term daily average U2 ranges from 2.8 ms-

1 in Montana in the northwest to 5.9 ms-1 in Kansas in the east. Daily average Hr varies from 36 

% in Colorado in the west to 76 % in Texas in the south. Daily average Rn varies from 226 Wm-2 

in North Dakota in the north to 292 Wm-2 in Colorado in the west. Similarly, long-term daily 
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average ET0 varies from 6 mmd-1 in North Dakota in the north to 9.6 mmd-1 in Texas in the 

south. 

Data for Tmin and Tmax, U2, and Hr were obtained from the HadISD 

(www.metoffice.gov.uk/hadobs/hadisd/), a sub-daily, station-based and quality controlled dataset 

based on the integrated surface database (ISD) from the National Oceanic and Atmospheric 

Administration’s National Centre for Environment Information (NOAA/NCEI, formerly the 

National Climatic Data Centre-NCDC) (Dunn et al., 2016; Tavakol et al., 2020b). The Rn dataset 

was obtained from the NCDC’s Solar and Meteorological Surface Observation Network 

(SAMSON, archived by NCDC, Ashville, NC), National Solar Radiation Database (NSRDB, 

archived by the National Renewable Energy Lab), and NCDC’s Integrated Surface Hourly 

Database (NCDC-ISH) (www.ncdc.noaa.gov/isd). Daily values of all five parameters of Tmin, 

Tmax, U2, Hr, and Rn from1979-2014 for warm seasons (May through September) were obtained 

from 39 weather stations across the region. For each station, when any of the five parameters 

were missing, values for that day were omitted from the analysis. 

http://www.metoffice.gov.uk/hadobs/hadisd/
http://www.ncdc.noaa.gov/isd
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Figure 2-1. Location of 39 weather stations analyzed across the central United States. The dots 

show the location of HadISD stations. The dots indicating weather station of the same color 

belong to the same cluster/group. 

 

FAO-56 Penman-Monteith model 

The FAO-56 PM method recommended by the FAO (Richard G Allen et al., 1998) was 

used to estimate daily ET0. This method is universally accepted for predicting ET0 in different 

climates (Bellido-Jiménez et al., 2021; Moratiel et al., 2019; Wen et al., 2015). 

 

𝑬𝑻𝟎 =  
𝟎.𝟒𝟎𝟖∆(𝑹𝒏−𝑮)+𝜸

𝟗𝟎𝟎

𝑻+𝟐𝟕𝟑
𝒖𝟐(𝒆𝒔−𝒆𝒂)

∆+𝜸(𝟏+𝟎.𝟑𝟒𝒖𝟐)
                                                                                     (1)  

where ET0 is the reference evapotranspiration (mmd-1), Rn is the net radiation at the crop surface 

(MJm-2d-1), G is the soil heat flux density (MJm-2d-1), T is the mean daily air temperature at 2 

meters height (°C), u2 is the wind speed at 2 meters height (ms-1), es is the saturation vapor 
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pressure (kPa), ea is the actual vapor pressure (kPa), es − ea is the saturation vapor pressure 

deficit (kPa), ∆ is the slope of the vapor pressure curve (kPa°C-1), and γ is the psychrometric 

constant (kPa°C-1). More details on can be accessed from the FAO-56 publication (Richard G 

Allen et al., 1998). The estimated ET0 using eq(1) acts as an output variable to the proposed, 

supervised machine learning models. In addition, performance of the models was evaluated by 

comparing the estimated ET0 from the models with ET0 values estimated using eq(1).  

 Machine learning models 

 Artificial neural network (ANN)  

ANN model was first introduced by Rosenblatt (1958) as a computational method. It is 

one of the most classically supervised learning models that is analogous to the biological neural 

network, which has been applied in several studies to estimate ET0 (Ferreira et al., 2019a; 

Maroufpoor et al., 2020; Yassin et al., 2016). ANN is a parallel distributed processing system 

that consists of an input layer, output layer, and one or more hidden layers (Sudheer et al., 2003). 

Each layer consists of a node or neuron and every node in one layer is connected to every other 

node in the next layer. Each node takes the weighted sum of its inputs and passes it through the 

non-linear activation function. The output of one node becomes the input of another node in the 

next layer. The signal flows from left to right and the final output is calculated by performing the 

procedure for all nodes. The processing element consists of two parts. The first aggregates the 

weighted input and the second is a non-linear filter, usually called the activation function. This 

process is described as a forward pass in which given an input and weights, the output is 

computed. To train our model to learn the weights, the backward pass from right to left was 

performed and propagated the error to every individual node using back propagation. 

Advantages of using back propagation are to derive optimal weights and minimize errors 
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between the desired target and the modeled values, i.e., loss function. The predictive ability of 

the ANN model is strongly dependent on its variety of internal parameters and functions such as 

network topology structure, activation functions, and data partitioning method (Maier et al., 

2010). In this study, selection of internal parameters was based on trial and error. 

 Extreme learning machine (ELM) 

The ELM was initially proposed by Huang et al. (2006). This model has been applied in 

several studies to estimate ET0 (e.g. Gocic et al., 2016; Reis et al., 2019; Zhu et al., 2020). ELM 

is a single-hidden-layer, feed-forward neural network, unlike the conventional back-propagation-

based ANN model. It consists of three layers: an input layer, a hidden layer, and an output layer. 

In the ELM, the number of neurons does not need to be obtained using a trial-and-error 

procedure as in the ANN. Moreover, adjustment of input weights and biases terms are not 

required as they are independent of training data. The speed of ELM is extremely fast with better 

generalization capacity and no problems of overfitting and local minima (Guang Bin Huang et 

al., 2006). 

 Support vector machine (SVM) 

SVMs are supervised learning algorithms developed by Cortes and Vapnik (1995) and 

deal with classification, regression, and pattern-recognition problems. The SVM works by 

transforming the lower-dimensional input data into higher-dimensional feature space and maps 

their relationship with the output data. The transformation of input vector is controlled by 

various kernel functions such as linear, polynomial, radial basis function (RBF), and sigmoid. 

The type of selected kernel function depends on the field of application. RBF is one of the most 

commonly deployed kernel functions for predicting the ET0 (Fan et al., 2018; Granata, 2019; 

Mehdizadeh et al., 2017; Yin et al., 2017). The RBF kernel function was used in this study. 
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 Random forest (RF) 

The RF model proposed by Breiman (2001) is one of the most effective ensemble 

algorithms. RF  has been used in many studies to estimate the ET0 (e.g., Fan et al., 2018; Feng et 

al., 2017; Wang et al., 2019). The RF model consists of random binary trees and employs a 

subset of the training dataset through the bootstrapping technique. The random subset of the 

training dataset is sampled from the raw dataset and the out-of-bag dataset (the dataset not 

included in the model development) is applied to evaluate general problems. During the process 

of RF development, groups of input variables are randomly selected to split at each node. 

Suppose there are M input variables such that at each node, m variables (m << M) are randomly 

selected out of the M. The best split on these m is used to divide the node. The value of m is kept 

constant throughout the growing of the forest. 

 Input parameters and model development 

To evaluate performance of the proposed machine learning models for estimating ET0 

using different meteorological data, four different input combinations were established using 

Tmax, Tmin, U2, Hr and Rn (Althoff et al., 2018; Chia et al., 2021; Fan et al., 2018; Feng, Cui, et al., 

2017). Input combination one included all five climatic parameters. The remaining input 

combinations were created by dropping a parameter having a lower correlation with ET0 (Figure 

2-2). Particularly, input combination two excludes U2; input combination three excludes U2 and 

Tmin; and input combination four excludes Hr, Tmin, and U2. Each of these four different input 

combinations of climatic variables act as one input set to the proposed models as shown in Table 

2-1. The weather stations were grouped according to the similar climatic characteristics using K-

means algorithms. For the general case, models were developed using data from all weather 

stations and in the cluster case, models were developed for each cluster using data from weather 



19  

stations in that cluster. All models were trained using data from 1979 - 2004 and tested using 

data from 2005 - 2014 data. The performance metrics of the models from each cluster were 

averaged and presented in Table 2-1 along with the general case. Similarly, the values of R2 and 

RMSE of each model for general, each cluster, and average cluster case is shown in the Figures 

2-3 and 2-4, respectively. Daily mean values of Tmin, Tmax, U2, Hr, Rn and ET0 from 1979 - 2014 

were available for each weather station. To reduce the impact of different scales, these features 

were standardized according to eq(2) and are used to group all weather stations by K-means 

algorithm. 

𝑥𝑛𝑖 =  
𝑥𝑖 −  𝜇

𝜎
                                                                                                                                             (2) 

where 𝑥𝑛𝑖 is the standardized value, 𝑥𝑖 is the observed value, 𝜇 is the mean and 𝜎 is the standard 

deviation. K-means is an unsupervised algorithm which aims objects of the same group to have 

high similarity and objects of different groups to have low similarity (Zhou & Zhao, 2013). It 

partitions n observations into k clusters in which each observation belongs to the cluster with the 

nearest mean. The clustering process is based on the proximity between objects measured by 

Euclidean distance. Previous studies used Silhouette coefficient to determine best number of 

groups and Euclidean to determine distance measure (Z. Chen et al., 2020; Ferreira et al., 2019a). 

This study also adopted same technique and obtained three clusters with a best Silhouette 

coefficient of 0.381. 
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Figure 2-2. Correlation matrix between different climate parameters impacting ET0. 

 

Performance criteria 

The performance of machine learning forecasting models was assessed by means of four 

different statistical metrics: coefficient of determination (R2), root mean square error (RMSE), 

mean absolute error (MAE), and relative absolute error (RAE) using the following equations: 

𝐑𝟐 = 𝟏 −  
∑ (𝐱𝐢 − 𝐲𝐢)

𝟐𝐧
𝐢=𝟏

∑ (𝐱𝐢 − 𝐱̅)𝟐𝐧
𝐢=𝟏

                                                                                                                          (𝟑) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
 ∑(𝑥𝑖 −  𝑦𝑖)2

𝑛

𝑖=1

                                                                                                                      (4) 

𝑀𝐴𝐸 =  
1

𝑛
 ∑|𝑥𝑖 −  𝑦𝑖|

𝑛

𝑖=1

                                                                                                                              (5) 

𝑅𝐴𝐸 =  
∑ |𝑦𝑖 − 𝑥𝑖|𝑛

𝑖=1

∑ |𝑥̅ − 𝑥𝑖|𝑛
𝑖=1

                                                                                                                                 (6) 

where xi, yi,  x,̄  and n  are the measured value, model estimated value, mean of measured value, 

and total number of observations, respectively. 
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R2 ranges between 0 and 1 and values closer to 1 indicate better performance. RMSE, 

MAE, and RAE range from 0 to infinity and lower values (closer to zero) of these metrics 

indicate better performance for a model. These statistical indicators have been widely used when 

comparing different models for predicting ET0 (Fan et al., 2018; Landeras et al., 2008). 

 Results and discussion 

Predicted ET0 values using four machine learning models were compared with Penman-

Monteith estimates. Penman-Monteith values were estimated using the FAO-56 PM method 

(Richard G Allen et al., 1998). Four statistical metrics of RMSE, MAE, RAE, and R2 were used 

to measure the goodness-of-fit of each model. Each ELM, SVM, RF, and ANN model was 

performed with the four different input combinations. Each input combination consisted of 

different climate variables selected based on their correlation with ET0 (Figure 2-2). The results 

shown in Table 2-1 represent the performance of the proposed models for the general and cluster 

cases.  

For the general case, the result revealed that models performed differently using various 

input combinations (Table 2-1). Applying input combination one for predicting daily ET0, all 

four models, with R2 values of 0.961 or higher, performed best compared to using other input 

combinations. ELM performed best with the highest R2 (0.976) and lowest error values of RMSE 

(0.363 mmd-1), MAE (0.256 mmd-1), and RAE (13.753 mmd-1) followed by RF, SVM, and ANN 

(Table 1). However, results obtained by all four models were very close to each other suggesting 

that when using Tmax, Tmin, U2, Hr, and Rn for the input variables, all four machine learning 

methods can predict daily ET0 with high accuracy. Using input combination two, ELM showed 

the best performance (R2 = 0.936, RMSE = 0.597 mmd-1, MAE = 0.403 mmd-1, and RAE = 

21.677 mmd-1) followed by ANN, RF, and SVM. There was a 4-6 % decrease in values of R2 
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among all models using input combination two versus one. This small difference indicates that 

performance of machine learning models without using U2 among the input parameters is still 

satisfactory for estimating daily ET0. All models indicated similar performances applying input 

combination two. Using input combination three, ELM showed the best performance (R2 = 

0.917, RMSE = 0.678 mmd-1, MAE = 0.485 mmd-1, and RAE = 26.096 mmd-1) followed by 

ANN, SVM, and RF. Like using input combinations one and two, all models showed similar 

performances using input combination three. R2 values decreased by less than 2% for input 

combination three versus two. With R2 values greater than 0.903 for all models using input 

combination three, the models were effective in predicting daily ET0. This suggests that without 

including U2 and Tmin among the input variables, all four machine learning methods can provide 

daily ET0 estimates with high accuracy. Finally, using input combination four, ELM showed the 

best performance (R2 = 0.799) followed by ANN, SVM, and RF. There was a 12-15 % decrease 

in R2 values for all models using input combination four versus three. This large decrease 

indicates that models not including U2, Tmin, and Hr for input parameters, are less likely to 

estimate ET0 accurately as performance drops considerably.
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Table 2-1. Performance metrics for the four machine learning models with different input parameters during general and cluster case. 

Input combinations/ 

Parameters 

Machine 

Learning 

Models 

general case  cluster case 

R2 RMSE 

(mmd-1) 

MAE 

(mmd-1) 

RAE 

(%) 

R2 RMSE 

(mmd-1) 

MAE  

(mmd-1) 

RAE 

(%) 

Input combination 1 

(Tmax, Tmin, U2, Hr, Rn) 

ELM 0.976 0.363 0.256 13.753 0.977 0.338 0.237 13.310 

SVM 0.971 0.397 0.303 16.295 0.954 0.471 0.404 22.907 

RF 0.975 0.387 0.308 16.544 0.952 0.458 0.389 22.255 

ANN 0.961 0.464 0.325 17.472 0.954 0.466 0.399 22.633 

Input combination 2 

(Tmax, Tmin, Hr, Rn) 

ELM 0.936 0.597 0.403 21.677 0.933 0.585 0.405 22.638 

SVM 0.910 0.702 0.547 29.422 0.905 0.678 0.539 30.494 

RF 0.911 0.686 0.536 28.801 0.898 0.689 0.546 30.932 

ANN 0.916 0.676 0.520 27.957 0.905 0.673 0.530 30.061 

Input combination 3 

(Tmax, Hr, Rn) 

ELM 0.917 0.678 0.485 26.096 0.912 0.664 0.478 26.736 

SVM 0.904 0.723 0.547 29.402 0.875 0.713 0.558 32.107 

RF 0.903 0.724 0.549 29.533 0.868 0.789 0.620 35.061 

ANN 0.905 0.722 0.546 29.356 0.880 0.760 0.596 33.747 

Input combination 4 

(Tmax, Rn) 

ELM 0.799 1.079 0.807 43.375 0.803 1.018 0.757 42.463 

SVM 0.763 1.138 0.859 46.209 0.727 1.143 0.877 49.661 

RF 0.761 1.130 0.854 45.930 0.703 1.164 0.891 50.335 

ANN 0.788 1.079 0.815 43.838 0.728 1.139 0.876 49.632 

ELM: extreme learning machine, SVM: support vector machine, RF: random forest, ANN: artificial neural network, Tmax: maximum 

temperature, Tmin: minimum temperature, U2: wind speed, Hr: relative humidity, Rn: net solar radiation
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In cluster case, there are three groups consisting of 5, 16, and 18 weather stations. The 

performance of the models from all the clusters are averaged as shown in the Table 2-1. 

Applying input combination one for predicting daily ET0, all four models, with R2 values of 

0.952 or higher, performed best compared to using other input combinations. ELM performed 

best with the highest R2 (0.977) and lowest error values of RMSE (0.338 mmd-1), MAE (0.237 

mmd-1), and RAE (13.310 mmd-1) followed by ANN, SVM, and RF (Table 1). ELM performed 

slightly better in cluster case but ANN, SVM, and RF showed better performance in general 

case. However, all of the models performed was similar in both general and cluster cases. Using 

input combination two, ELM showed the best performance (R2 = 0.933, RMSE = 0.585 mmd-1, 

MAE = 0.405 mmd-1, and RAE = 22.638 mmd-1) followed by ANN, SVM, and RF. All models 

show slightly lower performance compared to the general case. Using input combination three, 

ELM showed the best performance (R2 = 0.912, RMSE = 0.664 mmd-1, MAE = 0.478 mmd-1, 

and RAE = 26.736 mmd-1) followed by ANN, SVM, and RF. The performance of all models was 

slightly weaker as compared to the general case. Finally, using input combination four, ELM 

showed the best performance (R2 = 0.803) followed by ANN, SVM, and RF. ELM performed 

slightly better in cluster case but ANN, SVM, and RF showed better performance in general 

case. There was an 11-19 % decrease in R2 values for all models using input combination four 

versus three. This large decrease indicates that models with not including U2, Tmin, and Hr for 

input parameters are less likely to estimate ET0 accurately as performance drops considerably 

even in the cluster case.  
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Figure 2-3. R2 of general, each cluster, and average cluster cases for the four machine learning 

models using different input combinations. 
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Figure 2-4. RMSE of general, each cluster, and average cluster cases for the four machine 

learning models using different input combinations. 

 

ELM indicated best predictive accuracies using all four input combinations for both 

cases. Using input combination one, ANN performed weak in general case and RF performed 

weak in cluster case. Using input combination two, SVM and RF exhibited lower performance in 

general and cluster cases, respectively. However, using input combination three and four, RF 

performed worst in both cases. This indicates that performance of RF model is less reliable as 

compared to all other models. Figures 2-3 and 2-4 show the performance metrics R2 and RMSE 

for the proposed model using four different input combinations for general case, cluster case 

(average result of individual clusters), and individual clusters, respectively. Most of the models 
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performed slightly better in cluster 1 as compared to the general case. Cluster 2 and 3 performed 

slightly worse than the general case. However, overall, most of the models showed slightly better 

performance in the general case as compared to the cluster case (Figures 2-3 and 2-4). Changes 

in R2 values between general and cluster case ranged from 0.1% - 7.6% for all models and input 

combinations. This indicates that there is no considerable difference in the performance of the 

models between general and cluster cases which indicates the reliability of the models in 

different climatic conditions.  

 

Figure 2-5. Scatter plots of the estimated ET0 values versus the values calculated using FAO-56 

PM model for the general case. Each subplot is for one input combination. The models in the 

legend are ordered according to their R2 values, lowest value at the top. 
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 Daily ET0 values calculated by the FAO-56 PM model were plotted against daily ET0 

values predicted by the four machine learning models for the testing period in the general case 

(Figure 2-5). Each subplot included the values estimated by all four machine learning models 

using one of the input combinations. The dispersion degree of the data points in the scatter plots 

was lowest for input combination one, followed by input combinations two, three, and four, 

respectively. 

Our findings indicate that all the adopted machine learning models are powerful tools for 

predicting daily ET0. Number and type of input variables implemented in the models played an 

important role in determining accuracies of these models. Suleiman and Hoogenboom (2007) 

used the same five input variables as input combination one to estimate daily ET0 with FAO-56 

PM and Priestley-Taylor models across Georgia. They found that FAO-56 PM ET0 values were 

very close to measured ET0. Results are generally in accordance with previous studies, which 

had concluded that more input variables improve model performance (Althoff et al., 2018; Chia 

et al., 2021; Fan et al., 2018; Tabari et al., 2012). ELM shows the highest accuracy for predicting 

weekly ET for the various input combinations from Tmin, Tmax, solar radiation, and ET0 in the 

Thar desert of India (Patil & Deka, 2016). SVM, ELM, and other tree-based models showed 

better performance than other input combinations when used with these five parameters to 

predict daily ET0 in the temperate continental, mountain plateau, and temperate monsoon zones 

of China (Fan et al., 2018). ELM was best ET0 estimator over ANN and SVM in forest and 

wetland ecosystems in Germany and Sweden, respectively (Dou & Yang, 2018). Wavelet ELM 

model showed highest accuracy for predicting daily ET0 when used with different input 

combinations from temperature, solar radiation, relative humidity, and wind speed data across 

Turkey (Kisi & Alizamir, 2018). Feng et al. (2017) found that random forest and generalized 
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regression neural network showed good performance for predicting daily ET0 in the humid 

region of southwest China using the same input variables as in input combination one in this 

study. Results of this study showed similar performance metrics for all four machine learning 

models when U2 data was eliminated from input variables in input combination two. This is 

particularly critical when spatial and/or temporal U2 data is not available. It should be noted that 

the Penman-Monteith approach suggests assuming a 2 ms-1 fixed value for wind speed when 

direct measurements are not available, recommending the lesser impact of this variable on the 

estimated values for ET0. Córdova et al., (2015) further supported the assumption of Penman-

Monteith and showed the negligible difference in performance with and without using U2 among 

input variables for estimating daily ET0. Granata (2019) carried out a study in central Florida 

with pastures of Bahia grass to predict actual ET. The author concluded that RF and SVM 

models showed satisfactory performance when Rn, mean Hr, and mean temperature were 

included in the input variables, and U2 was excluded. ELM showed highest accuracy as 

compared to Hargreaves Samani method to predict daily ET0 using only temperature data in 

Verde River Basin, Southern Brazil (Reis et al., 2019). ELM with genetic algorithm optimization 

technique shows reliable performance when implemented with only temperature data across the 

different climates of China (Gong et al., 2021). When both U2 and Tmin were eliminated from 

input variables (input combination three), all four machine learning methods demonstrated high 

performance metrics. The performances were very close to when only U2 was eliminated for 

input combination two, suggesting that in addition to U2, excluding Tmin does not considerably 

decrease the prediction power. This result agreed with the study conducted by Chia et al., 2021 

in which the difference in predictive accuracies measured by R2 was very optimal using input 

combination two versus three. This is particularly important when temporal and/or spatial 
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information is not available for Tmin. Finally, when Hr is eliminated from input variables (input 

combination four), model performances dropped remarkably. Althoff et al., (2018) applied five 

models to estimate daily ET0 and compared them with the FAO-56 PM ET0 using different input 

combinations across the Minas Gerais in Brazil. They found that dropping U2 among input 

variables of mean temperature, Rn, Hr, and U2, the performance of SVM and RF models 

decreased considerably as compared to using all input variables. Shiri et al. (2014) applied 

several models including ANN and SVM to estimate ET0 in hyper-arid, semi-arid, and humid 

regions in Iran. SVM and ANN provided small RMSE values ranging from 0.359 to 0.704 mmd-1 

when Tmin, Tmax, mean temperature, Rn, and Hr were used for input variables. Generally, model 

performance decreased when only temperature data and Rn were used for input variables with 

RMSE ranging from 0.470 to 0.804 mmd-1. Using only temperature and solar radiation data to 

predict daily ET0 across the Poyang Lake basin of South China, ELM model performance was 

better than RF (Wu et al., 2021). 

 

Figure 2-6. Computational time (in seconds) for all the proposed models for general case using 

different input combinations. C1, C2, C3, and C4 indicate input combination one, two, three, and 

four, respectively. 
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Training and testing machine learning models have been implemented using dataset from all 

weather stations within the study area (Ferreira et al., 2019b; Reis et al., 2019). ANN was best 

and ELM was worst for grassland ecosystem but ELM was best and ANN was worst for forest 

ecosystem (Dou & Yang, 2018). To overcome this problem, our study used K-means method to 

cluster the weather stations into three groups having similar climatic conditions. In each cluster, 

all proposed models were trained and tested using weather stations from the same cluster. The 

results indicated that the proposed models had no considerable difference in their accuracies for 

the cluster case as compared to the model performance in general case. Ferreira et al., 2019b 

found no considerable difference in performance between general case and cluster case for 

predicting daily ET0 by SVM, ANN, and empirical models in Brazil. The present study used 

large amount of data that are spatially and temporally variant, which shows greater reliability of 

the proposed models. 

Computational costs/time of all proposed models were measured using different input 

combinations (Figure 2-6). SVM and RF were implemented using a grid search to find the best 

combination of parameters among 45 and 144 different parameter combinations, respectively. 

Computational costs of SVM were higher compared to other models for all of the four input 

combinations. Computational costs of SVM increased when number of input parameters dropped 

from five for input combination one to two for input combination four. RF showed less 

computational costs compared to SVM and ANN. Computational costs of SVM models were 

3.4-8.4 times greater than RF. ANN was implemented using 5,000 iterations to obtain higher 

values of R2 and lower values of prediction errors. Computational costs were high for ANN 

compared to ELM and RF, and lower than SVM. ELM indicated the least computational costs 

for all of the input combinations. In a study by Fan et al. (2018), computational costs of SVM 
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were up to 1.4 times higher than the computational costs of  RF and ELM for estimating daily 

ET0 across different climatic zones in China. In another study, Hassan et al. (2017) indicated the 

computational costs of SVM were up to 0.7-19.5 times higher than the computational costs of RF 

and four other models for estimating global solar radiation in five different countries. In terms of 

computational costs, ELM showed the greatest predicting speed following by RF, ANN, and 

SVM. All computation analysis was performed with the following computing features: Intel(R) 

Xeon(R) CPU E3-1245 v5 @ 3.50GHz, and 16 GB Ram memory. 

 Summary and conclusion 

An accurate prediction of ET0 is crucial for water resource management and irrigation 

water planning. Application of four machine learning algorithms, including ELM, SVM, RF, and 

ANN, were evaluated for estimating daily ET0. The four machine learning models indicated high 

prediction accuracy using different input combinations. Analyses was conducted for 39 weather 

stations across the central United States from 1979–2014 during the warm season (May through 

September). Using four input combinations from meteorological data (Tmax, Tmin, Rn, Hr, and U2) 

as input variables, all models performed well, with ELM showing the best performance for each 

combination. Models using input combination two (Tmax, Tmin, Rn, and Hr) showed similar results 

compared to models using input combination three (Tmax, Rn, and Hr). This indicates lack of wind 

speed and minimum temperature information does not impact model efficiency considerably. 

Performance of the models decreased dramatically when only Tmax and Rn were used for input 

variables, suggesting that using only Tmax and Rn may not provide good estimates of ET0. In 

addition, RF, SVM, and ANN showed the lowest performance and highest computational costs 

as compared to the ELM. Results recommended that ELM is reliable, accurate, and less 

expensive models when used with both complete and limited input data for predicting daily ET0 
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across the central United States. In the central United States, irrigation heavily relies on the High 

Plains Aquifer for agricultural production which has caused a dramatic drop in the water level of 

the Aquifer from predevelopment (about 1950) to 2015 and  from 2013 to 2015 (V. L. McGuire, 

2017). Increased irrigation efficiency by providing more accurate ET0 can improve water 

conservation and extend the life of the aquifer (Deines et al., 2021). In addition, the accurate 

estimation of ET0 helps to quantify the crop water requirement in advance and therefore, help 

farmers to utilize the limited irrigation water effectively which increases the irrigation efficiency. 

This work also helps farmers to manage the irrigation water requirement and conserve the water 

resources. The future study includes evaluating the performance of machine learning models at 

different time scales (hourly or monthly) or in different climatic conditions across the world or 

using different technique of forming input combination rather than based on correlation 

coefficient.  
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Chapter 3 - Crop yield forecasting with machine learning in the 

United States Corn Belt 

 Abstract 

Accurate predictions of crop yield are crucial for enhancing food security at the regional 

and global scales. The United States supplies approximately 40% of the global annual corn 

production and claimed to be the world largest grain producer and exporter. Developing reliable 

model to accurately predict crop yield helps to assure food security by guiding the farmers, 

planning food storage and transport, and by helping policymakers focus on the most vulnerable 

communities. Yield prediction can help prevent famine, support local economy, and improve 

sustainable agricultural practices. Due to spatiotemporal nonlinear characteristics of crop yield, 

this study implemented six machine learning models, including support vector machine (SVM), 

artificial neural network (ANN), extreme learning machine (ELM), random forest (RF), multiple 

linear regression (MLR), and deep neural network (DNN) for predicting corn yield using 

satellite-based vegetation index and weather data from 2003-2020 for growing season (May 

through September). Analyses were conducted across the three states in midwestern United 

States (Kansas with 105 counties, Nebraska with 93 counties, and Iowa with 99 counties) that are 

part of the Corn Belt. All the models were trained using “with NDVI” and “without NDVI” input 

combination. The “without NDVI” input combination includes weather data of day length, snow 

water equivalent, vapor pressure, solar radiation, maximum and minimum temperature, and 

precipitation. The “with NDVI” input combination includes all the parameters of “without 

NDVI” input combination plus satellite based NDVI. Three different statistical metrics of 

coefficient of determination (R2), root mean square error (RMSE), and mean absolute error 

(MAE) were applied to assess the performance of the models. Results revealed that all the 
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implemented models showed R2 range between 0.351-0.634 when used with the “with NDVI” 

input combination and R2 range between 0.343-0.591 when used with the “without NDVI” input 

combination. Results indicated that performance of all models was slightly higher using “with 

NDVI” input combination as compared to the “without NDVI” input combination. There is 

approximately up to 23% increase in predictive capabilities of all applied models when NDVI 

information was used. The DNN model showed the highest performance following by ELM. The 

MLR indicated the least performance using both input combinations. The results could outbreak 

the limitation of ELM model to predict corn yield across the Corn Belt in the United States. 

However, performance of the applied machine learning models can be further improved using 

data related to soil water in addition to weather and satellite-based information for predicting 

corn yield.  

Keywords: crop yield, food security, corn production, artificial intelligence, machine 

learning, deep learning, normalized difference vegetation index    

 Introduction 

It is estimated that nearly 795 million people in the world lack sufficient food (S. 

McGuire, 2015) and there will be two billion more people to feed by 2050 (Dodds & Bartram, 

2016). Improvising food security is a primary objective in the 2030 Agenda for Sustainable 

Development of the United Nations (Cf, 2015). A central challenge of ensuring food security is 

possible only through the development of reliable crop yield model, which helps to accurately 

predict crop yield before harvest. Developing reliable model to accurately predict crop yield 

helps to assure food security by guiding the farmers, planning food storage and transport, and by 

helping policymakers focus on the most vulnerable communities. Yield prediction can help 

prevent famine, support local economy, and improve sustainable agricultural practices. Also, 
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farmers and other decision makers can utilize the precise yield prediction for better planning and 

decision-making (Paswan & Begum, 2013). However, crop yield prediction is extremely 

challenging due to its dependency on numerous complex factors such as crop genotype, 

environment, and management practices. Additionally, genotype and environmental factors 

interaction makes the yield prediction more challenging.  

Recently, artificial intelligence (AI) branch machine learning and deep learning techniques have 

been applied for crop yield prediction, which include but is not limited to regression tree (RT), 

random forest (RF), multiple linear regression (MLR), support vector machine (SVM), artificial 

neural network (ANN), and deep neural network (DNN). Machine learning approaches treat 

output (crop yield) as an implicit function of the input variables, which would be a highly non-

linear and complex function. Due to its powerful advantage of capturing nonlinear and complex 

structures, applications of machine learning models for prediction purposes have been 

dramatically increased.  

Regression models have been widely used to predict crop yield in various studies 

(Abdipour et al., 2019; Shahhosseini et al., 2021; Zaefizadeh et al., 2011). The use of regression 

model is limited especially in complex cases like extreme data values, non-linear relationships, 

and multicollinearity (Zaefizadeh et al., 2011). Due to this limitation, regression model is used as 

benchmark in various previous studies for the comparison with other models. Simulation method 

has potential to specify relevant factors affecting yield. However, simulation requires 

consideration of biophysical inputs that demands estimation instead of measurement. This 

method requires expert knowledge and user skills to calibrate and more data storage constraints 

(Shahhosseini et al., 2021). RF shows competitive accuracies when compared with deep learning 

and neural network models in predicting crop yield in many of the studies (Agarwal & Tarar, 



37  

2021; Khaki et al., 2020; Kim & Lee, 2016). RF outperformed MLR when applied for predicting 

wheat, maize, and potato yield using weather and biophysical data at global and regional scale in 

the United States (Jeong et al., 2016). SVM shows best prediction accuracies when used with 

different input combination as compared to deep learning model to predict crop yield (corn) 

using remote sensing and weather data in Illinois (Kuwata & Shibasaki, 2015). Cai et al., 2019 

used weather and satellite data to predict wheat yield in Australia using SVM, RF, and ANN. 

Five machine learning algorithms along with SVM was compared for predicting crop yield 

(corn) under extreme weather condition using satellite and meteorological data (Kim et al., 

2020). SVM shows similar accuracies as compared to the different deep learning models when 

used to predict different crop yield (maize, rice, soybean) using climate and soil data in India 

(Agarwal & Tarar, 2021). ANN outperformed MLR model for estimating winter wheat yields 

based on remotely sensed and climate data (Jiang et al., 2004). ANN was very effective in 

predicting corn and soybean yield in Maryland using different input variables of soil and rainfall 

data (Kaul et al., 2005). ANN was applied to predict maize yield in Jilin China using climate and 

fertilizer data as predictors (Matsumura et al., 2015). Kross et al., 2018 evaluated the predicting 

power of ANN for corn and soybean yield using remotely sensed data in eastern Ontario, 

Canada. Adisa et al., 2019 applied ANN using different input variable combination to predict 

maize production in different province of South Africa. ANN was compared with DNN, and 

other machine learning models  to predict corn yield using satellite and climate data in 

midwestern United States (Kim et al., 2020). ANN was applied and compared with RT model to 

predict crop yield using satellite and climate data in southern Iran (Sharifi, 2021). The 

performance of 18 different extreme learning machine (ELM)-based models with different 

combinations of the predictor variables based on soil fertility properties was evaluated and 
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compared with MLR and RF to predict coffee yield in Lam Dong Province, Vietnam (Kouadio et 

al., 2018). This study found that ELM performance was better than MLR and RF. Similarly, 

Maimaitiyiming et al., 2019 found that weighted regularized ELM using combination of 

hyperbolic tangent and rectified linear unit activation function outperformed RF, MLR, and 

partial least squares regression in predicting grapevine berry yield in Missouri, United States. In 

another study by Taherei Ghazvinei et al., 2018, it was found that ELM outperformed ANN and 

genetic programming model when used for predicting sugarcane growth based on meteorological 

data in Iran. However, the application of ELM to predict corn yield is very limited across the 

globe. The application of machine/deep learning in predicting crop yield has been widely 

increased since 2013 (Van Klompenburg et al., 2020). There are various studies applying deep 

learning algorithms especially when used with remote sensing data (Kim et al., 2020; Kim & 

Lee, 2016; A. X. Wang et al., 2018). convolutional neural network (CNN) – a deep learning 

algorithms was applied to predict wheat and barley using remote sensing data (Nevavuori et al., 

2019). Shook et al., 2021 applied recurrent neural network (RNN) to predict soybean yield using 

genotype and weather variables in Canada and United States. They found that RNN performance 

was better than least absolute shrinkage and selection operator (LASSO) and SVM. Sun et al., 

2019 applied CNN, long-short term memory (LSTM), and CNN-LSTM model to predict 

soybean yield using crop growth and environmental variables in the continental United States. 

There are other various machine learning algorithms applied to predict crop yield such as 

bayesian neural network (Johnson et al., 2016), multivariate adaptive regression spline (Kim et 

al., 2020), naïve bayes (M. Paul et al., 2015; Sujatha & Isakki, 2016). Among the mentioned 

algorithms, ANN, CNN, LSTM, and DNN are most widely used machine learning algorithms in 

crop yield prediction (Van Klompenburg et al., 2020). In addition,  Chlingaryan et al., 2018 also 
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found that ANN, SVM, RF, and deep learning (CNN, RNN, LSTM) are widely applicable for 

predicting crop yield in precision agriculture (Chlingaryan et al., 2018).  

In this study, we focused on building multiple AI models to predict corn yield in the 

midwestern United States. Six different AI models included SVM, ANN, ELM, RF, MLR, and 

DNN. For this, we prepared the input data, including satellite-based vegetation index and 

weather data for May through September (the dominant growth period) during 2003-2020. The 

objective of this study includes (a) comparison of different machine learning models to forecast 

corn yield across the part of the Corn Belt in the United States. (b) To check weather adding 

NDVI to the weather variable as input increases the performance of the applied models.     

 Materials and methods 

 Study area and data 

Corn is among the world’s top three grain crops having substantial importance for the 

global economy. In 2018, the Food and Agriculture Organization of the United Nations (FAO) 

reported maize to be largest grain crop produce in the world. Taylor & Koo, 2011 claimed 

United States to be the largest grain producer and exporter supplying approximately 40% of 

global annual corn production. This study covers three states in midwestern United States 

(Kansas with 105 counties, Nebraska with 93 counties, and Iowa with 99 counties) that are part 

of the Corn Belt where most of the corn is produced in the United States (Figure 3-1).  
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Figure 3-1. Study area covers the three states of Kansas, Nebraska, and Iowa in United States 

Corn Belt. 

 

 Normalized difference vegetation index (NDVI), weather, and corn yield information 

were used from 2003-2020 during warm season (May through September). The USGS EROS 

Data Center provides Moderate Resolution Imaging Spectroradiometer (MODIS) data for Earth 

environmental monitoring. The NDVI information was acquired from the MODIS database as 

indicators of vegetation vitality, biomass, and photosynthesis. Biweekly composite MODIS 

Aqua 1-km NDVI product were used. The weather data included daily record of seven weather 

variables including day length, snow water equivalent, vapor pressure, solar radiation, maximum 

and minimum temperature, and precipitation. The weather data was acquired from Daymet 

(Thornton et al., 2014). The spatial resolution of the weather data is 1 km. The National 

Agricultural Statistics Service operated by the USDA provides annual corn yield statistics at the 

county level available at https://www.nass.usda.gov/. The corn yield data in bushel per acre were 

converted to a ton per hectare. Figure 3-2 shows the time-series plot of annual corn yield in the 

https://www.nass.usda.gov/
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study area including Kansas, Nebraska, and Iowa. The mean annual climatic condition of the 

study area is shown in Table 3-1. 

 

Figure 3-2. The mean corn yield across the study area from 2003 to 2020. Kansas shows the 

lowest corn yield and Iowa shows the highest corn yield during the period. 
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Table 3-1. The annual mean values of climatic parameters of the study area. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Year Corn 

yield 

(ton/ha) 

Day 

length 

(sec) 

Snow water 

equivalent 

(kg/m2) 

Vapor 

pressure 

(pa) 

Solar 

radiation 

(w/m2) 

Maximum 

temperature 

(°C) 

Minimum 

temperature 

(°C) 

Precipitation 

(mm) 

NDVI 

2003 8.9 49,986 0.00 1,582 393 28 14 402 5,897 

2004 10.8 49,983 0.00 1,560 386 27 14 506 6,127 

2005 9.9 49,989 0.00 1,704 389 29 15 477 6,123 

2006 9.2 49,993 0.00 1,623 385 28 14 420 5,949 

2007 10.1 50,000 0.00 1,763 381 28 15 559 6,173 

2008 10.4 50,095 0.01 1,583 379 27 13 610 6,392 

2009 11.2 50,039 0.00 1,536 381 26 13 520 6,401 

2010 9.6 50,017 0.00 1,744 375 28 15 667 6,257 

2011 9.3 50,022 0.00 1,660 385 28 14 458 6,112 

2012 7.8 50,011 0.00 1,513 406 30 14 257 5,573 

2013 10.0 50,030 0.01 1,649 383 28 14 453 6,116 

2014 11.2 50,038 0.00 1,585 380 27 14 613 6,407 

2015 11.6 50,068 0.00 1,706 368 27 15 634 6,462 

2016 11.7 50,056 0.00 1,753 378 28 15 584 6,556 

2017 11.4 50,040 0.00 1,643 387 28 14 465 6,390 

2018 11.5 50,056 0.00 1,783 366 28 16 657 6,512 

2019 11.5 50,061 0.00 1,748 365 27 15 715 6,544 

2020 10.9 49,999 0.00 1,633 382 28 14 433 6,212 
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 Machine learning models 

 Multiple linear regression (MLR) 

MLR is a widely used statistical method, which attempts to model the correlation 

between dependent and independent variables in a dataset. MLR has been applied for estimating 

yield estimation for different crops (e.g. Gonzalez-Sanchez et al., 2014; Zaefizadeh et al., 2011). 

In this method, a dependent variable is linearly related to multiple independent variables and can 

be written as  

𝑦̂ =  𝑎0 + 𝑎1𝑥1 +  𝑎2𝑥2 + ⋯ + 𝑎𝑚𝑥𝑚                                                                         (1)                                                                                                

where 𝑦̂ is the predicted dependent variable, 𝑥1,2,…,𝑚 are the independent variables and 𝑎0,1,…,𝑚 

are the coefficients of the independent variables. These parameters are determined during 

training phase. 

 Artificial neural network (ANN) 

ANN was first introduced by Rosenblat, 1958 as a computational method. It is a machine 

learning algorithm that is analogous to the biological neural network, which has been applied in 

several studies to estimate crop yield (e.g. Bose et al., 2016; Dahikar & Rode, 2014). ANN is a 

parallel distributed processing system that contains input, hidden, and output layers. Each neuron 

in each layer is calculated from the previous layer by first calculating a weighted sum of all of its 

inputs and then applying an activation function. The hyper-parameters such as the number of 

hidden layers, the number of neurons in each layer, an activation function, learning rate, 

momentum, and other factors are tuned for each model. The predictive ability of ANN model is 

highly dependent on its variety of internal parameters, network topology structure, activation 
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functions, and data partitioning method (Maier et al., 2010). In this study, selection of hyper-

parameters was based on trial-and-error procedure.  

 Support vector machine (SVM) 

SVM was first developed by Cortes & Vapnik, 1995 which deals with the classification 

and regression problems. SVM have been implanted for regression model especially for crop 

yield prediction (Brdar et al., 2011; R. Li et al., 2009). In the SVM regression, the lower-

dimensional input data are transformed into a high-dimensional feature space using kernel 

function. The type of kernel function deployed depends on the relationship between dependent 

and independent variables. Hyperparameters that need tuning include parameters of kernel 

function, error margin and other factors. The various kernel functions include linear, polynomial, 

radial basis function (RBF) and sigmoid. The RBF kernel function was deployed in this study.     

 Random forest (RF) 

The RF model was proposed by (Breiman, 2001) is a tree-based ensemble method built 

on the concept of bagging. Bagging reduces the prediction variance by averaging the predictions 

made by sampling with replacement. RF has been applied in many studies to predict various crop 

yield (Everingham et al., 2016; Jeong et al., 2016). RF randomly choose a random number of 

features and construct a regression tree with them and repeat this procedure many times and 

finally average all the prediction made by all regression trees. Hence, RF addresses both bias and 

variance and is proved to be powerful (Cutler et al., 2007).  

 Extreme learning machine (ELM) 

The ELM was initially proposed by (G.-B. Huang et al., 2006). It is a single hidden layer 

feedforward neural network with randomly initialized input weights and biases. It consists of 

three layers: an input layer, a hidden layer, and an output layer. Due to its easy implementation, 
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fast learning, better generalization capacity, and no problems of overfitting and local minima 

(G.-B. Huang et al., 2006), ELM has gained more popularity compared to other machine learning 

methods (Gao Huang et al., 2015). However, very few studies has explored the potential of ELM 

in crop yield prediction (Maimaitiyiming et al., 2019; Taherei Ghazvinei et al., 2018).  

 Deep neural network (DNN)  

DNN is a new approach in the field of machine learning research, which was originally 

proposed by Hinton & Salakhutdinov, 2006. DNN regression network is similar to ANN with 

multiple hidden layers between input and output layers which can model complex non-linear 

relationships. A fully connected feed-forward DNN has been successfully applied to various 

regression problems for crop yield prediction especially corn (Khaki & Wang, 2019; Kim et al., 

2020). The generic ANN has a problem of local minima and overfitting and hence DNN 

overcame these problems in more intensive network where backward and forward optimizations 

are combined.  

 

 Performance metrics 

In this paper, coefficient of determination (R2), root mean square error (RMSE), and 

mean absolute error (MAE) were used to evaluate the performance of machine learning 

forecasting model. The mathematical formulas are: 

𝑅2 = 1 − 
∑ (𝑥𝑖− 𝑥̅)2𝑛

𝑖=1

∑ (𝑥𝑖− 𝑦𝑖)2𝑛
𝑖=1

                                                                                                        (2)  

𝑅𝑀𝑆𝐸 = √
1

𝑛
 ∑ (𝑥𝑖 − 𝑦𝑖)2𝑛

𝑖=1                                                                                           (3)  

𝑀𝐴𝐸 =  
1

𝑛
 ∑ |𝑥𝑖 − 𝑦𝑖|𝑛

𝑖=1                                                                                                   (4)                                                                                                                                                                                                                                                                                             
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where xi, yi,  x,̄  and n represents the measured value, model predicted value, mean of measured 

value, and total number of observations, respectively. 

R2 value ranges between 0 and 1. Similarly, RMSE and MAE values range from 0 to 

infinity. R2 close to 1 and RMSE and MAE close to zero indicate the better performance of a 

model. These statistical metrics have been widely used in previous studies for comparison of 

different machine learning model to predict crop yield (Dang et al., 2021; Sagan et al., 2021; 

Shahhosseini et al., 2021). 

 Result and Discussion 

Six different machine learning models were used including MLR, ANN, SVM, RF, ELM, 

and DNN for predicting corn yield. The estimated corn yields for growing season (May-

September) were compared with the USDA yield statistics. Two different input combinations 

were formed based on weather and satellite data. First input combination includes weather data 

and NDVI and is called “with NDVI” input combination hereafter. Second input combination 

includes all the input as in the “with NDVI” input combination excluding the NDVI information. 

This combination is denoted as the “without NDVI” input combination hereafter (Table 3-2). 

Each model is implemented using both input combinations and their performance is evaluated 

using three statistical metrics of RMSE, MAE, and R2.  To avoid spatial and temporal effect, 

75% of randomly selected samples were used in the training phase and 25% are used for testing 

phase. 

For the testing data, results indicated that models performed slightly different using the 

two input combinations (Table 3-2). Applying “with NDVI” input combination for predicting 

corn yield, all six models, with R2 values ranging from 0.351-0.634, performed better compared 

to using “without NDVI” input combination with R2 values ranging from 0.343-0.591. DNN 



47  

performed the best with the highest R2 (0.634) and lowest error values of RMSE (1.547 ton/ha) 

and MAE (1.191 ton/ha) following by ELM, RF, SVM, ANN, and MLR. Similarly, applying 

“without NDVI” input combination, DNN performed the best with the highest R2 (0.591), and 

lowest error values of RMSE (1.635 ton/ha) and MAE (1.258 ton/ha). There is approximately up 

to 23% increase in values of R2 for all models using “with NDVI” versus “without NDVI” input 

combination. This large increase in R2 values indicates that performance of machine learning 

models improved using NDVI information along with the weather data. 

 

 

 

 

 

 

Without NDVI input combination includes weather data of day length, snow water equivalent, 

vapor pressure, solar radiation, maximum and minimum temperature, and precipitation. The with 

NDVI input combination includes all the parameters of “without NDVI” input combination plus 

satellite based NDVI 

 

 

Table 3-2. The performance metrics for six machine learning models with NDVI and without 

NDVI input combination during training and testing data. 

 

 

Input 

combinations  

Machine 

learning 

models  

Training   Testing 

R2 RMSE 

(ton/ha) 

MAE 

(ton/ha) 

R2 RMSE 

(ton/ha) 

MAE 

(ton/ha) 

                                                     

With NDVI 

MLR 0.385 2.013 1.539 0.351 2.061 1.592 

ANN 0.560 1.703 1.330 0.499 1.810 1.421 

SVM 0.596 1.631 1.242 0.520 1.771 1.354 

RF 0.614 1.595 1.237 0.546 1.724 1.349 

ELM 0.669 1.476 1.133 0.632 1.558 1.212 

DNN 0.720 1.358 1.053 0.634 1.547 1.191 

Without 

NDVI 

MLR 0.384 2.015 1.542 0.343 2.073 1.602 

ANN 0.502 1.812 1.383 0.404 1.975 1.527 

SVM 0.562 1.699 1.289 0.501 1.807 1.377 

RF 0.611 1.602 1.244 0.542 1.730 1.364 

ELM 0.643 1.534 1.196 0.571 1.696 1.292 

DNN 0.699 1.409 1.094 0.591 1.635 1.258 
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For training data, the six models performed slightly different using the two input combinations 

(Table 3-2). Applying “with NDVI” input combination for predicting corn yield, all six models, 

with R2 values ranging from 0.385-0.720, performed best compared to using “without NDVI” 

input combination with R2 values ranging from 0.384-0.699. DNN indicated the best 

performance with the highest R2 (0.720) and lowest error values of RMSE (1.358 ton/ha) and 

MAE (1.053 ton/ha) following by ELM, RF, SVM, ANN, and MLR. Similarly, applying 

“without NDVI” input combination, DNN performed the best with the highest R2 (0.699), and 

lowest error values of RMSE (1.409 ton/ha) and MAE (1.094 ton/ha). There is approximately up 

to 11% increase in values of R2 for all models using “with NDVI” versus “without NDVI” input 

combination. This large increase in R2 values indicates that performance of machine learning 

models would increase using NDVI information along with the weather data. 

 
Figure 3-3. Performance metrics R2 and RMSE for six machine learning models using with 

NDVI and without NDVI input combinations. 

 

With both training and testing data, DNN and MLR indicated the best and least predictive 

accuracies, respectively for both input combinations. All models exhibited lower decrease in 

their performance for predicting corn yield between training and testing data (Figure 3-3). 
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Changes in R2, RMSE, and MAE for training and testing data ranged from 5-19%, 2-16%, and 3-

14% for all models and input combinations. Results indicate good stability of all models by 

showing small changes for prediction errors between training and testing data. 

Predicted crop yield values using six machine learning models were compared to USDA actual 

yield values for the testing data (Figure 3-4). Each subplot included the values estimated by each 

model using “with NDVI” and “without NDVI” input combination. The dispersion degree of the 

data points in the scatter plot was lowest for DNN and highest for MLR model.  

 
Figure 3-4. Crop yield estimates by the six machine learning models versus the actual crop yield 

obtained from the USDA NASS. Each subplot is for model using both input combinations. 

 

Our findings indicate all adopted machine learning models have potential for predicting 

corn yield depending on the type of weather and satellite data used as input parameters. Among 

all the implemented models, results demonstrated that DNN showed highest predictive 

capabilities for estimating corn yield. Using weather and satellite data as an input feature 

increases the predictive power of the DNN model as compared to using only weather data. 
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Similar results were obtained in a study conducted by Kim & Lee, 2016. They found that DNN 

showed highest performance for predicting corn yield when compared to the SVM, RF and 

extremely randomized trees using climate and satellite data from May-September for the whole 

growing season in Iowa. The current study used additional satellite and weather data and found 

better performance using different machine learning models. Similarly, DNN when compared 

with MARS, SVM, RF, ERT, and ANN showed better performance for predicting corn yield 

using weather and satellite data in the midwestern United States (Kim et al., 2020). In addition, 

DNN outperformed LASSO, shallow neural network, and RT model when used for estimating 

corn yield using crop genotype, weather, and soil data across the United States and Canada 

(Khaki et al., 2020). Results confirms that DNN performs better than SVM, RF, and ANN for 

predicting corn yield over the Corn Belt in the United States.  

Results demonstrated that ELM slightly showed weaker performance compared to DNN 

and outperformed all the other models. Previous studies (e.g. Kouadio et al., 2018; 

Maimaitiyiming et al., 2019; Taherei Ghazvinei et al., 2018) used ELM to predict coffee yield, 

grapevine berry yield and sugarcane growth. They found that ELM performance was better than 

MLR, RF, ANN, and genetic programming. However, the application of ELM for predicting 

corn yield is very limited previously and this study provides new results for applying ELM. 

Results shows that RF indicated better performance after DNN, and ELM and outperformed 

MLR, ANN, and SVM. RF showed better performance than SVM and lower performance than 

DNN when used for corn yield prediction in Iowa (Kim & Lee, 2016). RF model was compared 

with other machine learning and ensemble models to predict corn yield in the United States Corn 

Belt (Shahhosseini et al., 2021). They found that weather information alone is not sufficient, and 

models need more hydrological inputs to make improved yield predictions. RF was good 
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predictive model as compared to the SVM when used for corn yield prediction in the midwestern 

United States (Kim et al., 2020). RF model outperformed MLR when used to predict wheat, 

maize, potato at global and regional in the United States (Jeong et al., 2016).  

SVM showed better performance after DNN, ELM, and RF and outperformed MLR and ANN. 

SVM showed 97% accuracy outperforming ANN with 93% accuracy when used for predicting 

wheat, rice, soybean, maize, millets, and pea yield using temperature, rainfall, location, soil type, 

pH, area, and relative humidity data (Agarwal & Tarar, 2021). Cai et al., 2019 also found that 

SVM outperformed ANN for predicting wheat yield using satellite and climate data in Australia. 

SVM was least accurate in predicting corn yield as compared to deep learning using different 

input combinations from remotely sensed enhanced vegetation index (EVI) and climate data 

(temperature, potential evapotranspiration, pressure) in Illinois (Kuwata & Shibasaki, 2015). 

SVM presented the most accurate results with the lowest average RMSE as compared to ANN 

and other machine learning models when used for predicting paddy yield in South Korea, and 

corn and soybean yield using satellite and weather data in Illinois and Iowa, United States (Ju et 

al., 2021). SVM was compared with ANN and genetic programming to predict crop yield under 

climate change conditions in eastern Iran (Arefinia et al., 2021). They found that SVM model 

achieved highest accuracy among all the models.  

Our study showed that ANN performance was lower as compared to all other models except 

MLR. Similar results were obtained by Kaul et al., 2005. They compared ANN and MLR models 

to predict corn and soybean yield using different input variables from rainfall and soil data in 

Maryland. They found that ANN performance was better than MLR. Gandhi et al., 2016 applied 

ANN model to predict rice yield using precipitation, temperature, and evapotranspiration data. 

They found that ANN can predict rice yield with 97.54% accuracy in different districts of 
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Maharashtra, India. Non-linear model bayesian neural network showed slightly better 

performance than MLR when used for predicting crop yield (barley, canola, spring wheat) using 

NDVI and EVI data in Canada (Johnson et al., 2016). Gopal & Bhargavi, 2019 applied ANN, 

MLR, SVM, KNN and hybrid MLR-ANN models to predict paddy yield using agricultural 

production and weather data in Tamilnadu, India. They found that hybrid MLR-ANN model was 

better than all other models. However, ANN was slightly better than MLR. Abrougui et al., 2019 

compared MLR and ANN predictive abilities for estimating organic potato yield using soil 

properties and tillage data in Tunisia. They found that generally, the ANN model showed greater 

potential for predicting potato yield. ANN and MLR were implemented for forecasting maize 

yield using precipitation and fertilizer data in Jilin province of China (Matsumura et al., 2015). 

They found that ANN models significantly outperformed the MLR. ANN showed better 

performance as compared to MLR when used to predict corn and soybean yield on a county-by-

county basis, in the corn belt area in the midwestern and Great Plains regions of the United 

States using NDVI data (A. Li et al., 2007). 

 Summary and conclusion 

Accurate prediction of corn yield is crucial for farmers and decision makers for better 

planning and management. The United States supplies approximately 40% of global annual corn 

production and hence claimed to be the largest grain producer and exporter (Taylor & Koo, 

2011). Developing reliable models to predict corn yield helps to improve food security and 

economy. In this study, application of six machine learning algorithms, including SVM, ANN, 

ELM, RF, MLR, and DNN were evaluated for predicting corn yield using meteorological and 

satellite-based data from 2003-2020 during the growing season (May through September). 

Analyses were conducted across the states in the midwestern United States, Kansas with 105 
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counties, Nebraska with 93 counties, and Iowa with 99 counties, which are part of the Corn Belt. 

All models were trained using “with NDVI” and “without NDVI” input combination. The 

“without NDVI” input combination includes only weather data of day length, snow water 

equivalent, vapor pressure, solar radiation, maximum and minimum temperature, and 

precipitation. The “with NDVI” input combination includes all the parameters of “without 

NDVI” input plus NDVI information. Results indicated that performance of all models were 

slightly higher using “with NDVI” input combination as compared to using “without NDVI” 

input combination. There is approximately up to 23% increase in predictive capabilities of all 

applied models when NDVI information was used. This indicate that using NDVI increases the 

predictive power of the machine learning model for estimating corn yield. DNN showed the best 

performance following by ELM. MLR showed the worst performance. ELM was applied for 

predicting corn yield. Findings of this study could outbreak the limitation of ELM model to 

predict corn yield across the Corn Belt in the United States. Performance of the applied models 

can be further improved using soil related data in addition to climate and remote sensing data 

(Shahhosseini et al., 2021; Sharifi, 2021) for predicting crop yield. Machine learning can be built 

to predict crop yield at any time during the growing period.     
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Chapter 4 - Summary and Conclusion 

The goal of this study was to answer the question: can machine learning models be able 

to predict ET0 and corn yield across the central United States and the Corn Belt with reasonable 

accuracies? To address this question, different machine learning models were implemented to 

estimate ET0 and crop yield. The model performance was evaluated using different statistical 

metrics of R2, RMSE, MAE, and RAE.  

For predicting ET0, four different machine learning models (SVM, RF, ELM, and ANN) 

were implemented using data from 1979-2014 during the warm season (May through September) 

from 39 weather stations across the central United States. Four different input combination from 

meteorological data of minimum and maximum temperature (Tmin and Tmax), net solar radiation 

(Rn), relative humidity (Hr), and wind speed (U2) were used as a input parameters to the models. 

Two strategies were used to develop the models and measure their efficiency: (i) General case: 

models were developed using data from all the weather stations (ii) Cluster case: weather stations 

were clustered/grouped with similar climatic characteristics, using K-means algorithms. Then 

models were developed for each group using data from weather stations in that group. All 

models were trained and tested using 1979-2004 and 2005-2014 datasets, respectively. Results in 

the first strategy revealed that all implemented models showed good performance with R2 > 

0.961 when five parameters of Tmax, Tmin, Rn, U2, and Hr were used for input variables. ELM 

performed best with an R2 = 0.976 and RMSE = 0.363 mmd-1. When limited meteorological 

parameters, including only Tmax, Rn, and Hr were used, all models still showed satisfactory results 

with an R2 not less than 0.903. ELM performed best with an R2 = 0.917 and RMSE = 0.678 

mmd-1. Second strategy also revealed similar results with ELM showing the best performance 

using all four input combinations with RF indicating the worst performance. In addition, ELM 
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showed the smallest computational costs. Considering prediction accuracy, reliability, and 

computational cost of the studied models, ELM can be recommended when used with all five 

parameters or excluding a few parameters across the central United States. 

For predicting corn yield, six different machine learning models of SVM, RF, ELM, 

ANN, MLR, DNN were developed using data from 2003-2020 during the growing season (May 

through September). Analyses were conducted across three states of Kansas, Nebraska, and Iowa 

in the Corn Belt, United States. All models were trained using “with NDVI” and “without 

NDVI” input combinations. The “without NDVI” input combination includes only weather data 

of day length, snow water equivalent, vapor pressure, solar radiation, maximum and minimum 

temperature, and precipitation. The “with NDVI” input combination includes all parameters of 

“without NDVI” input combination plus satellite based NDVI. Results revealed that all 

implemented models showed R2 ranging from 0.351-0.634 when used with “with NDVI” input 

combination and R2 ranging from 0.343-0.591 when used with “without NDVI” input 

combination. This showed that performance of all models were slightly higher using the “with 

NDVI” input combination as compared to using the “without NDVI” input combination. There is 

less than 19% decrease in the predictive capabilities of the applied models not using NDVI 

information. This indicate that using only weather data can provide satisfactory performance. In 

addition, DNN showed the best performance following by ELM. MLR showed the worst 

performance using both input combinations. This result could outbreak the limitation of ELM 

model to predict corn yield across the Corn Belt in the United States. 

The first study shows the accuracy lies between R2 values of 0.977 to 0.703 and second 

study shows the accuracy lies between R2 values of 0.343 to 0.634. The above two studies 

indicate that machine learning algorithms could be very useful tool for estimating ET0 and crop 
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yield. However, the performance of models largely depends upon on the types of algorithm and 

input parameters used. The results of this study could help choosing the best machine learning 

model when predicting ET0 which helps in conservation of water resource and irrigation water 

management. Information on crop yields before harvest helps farmers and decision makers for 

better planning and management which increases economy and enhance food security.  

Machine learning model might not work for all the climatic conditions. That is 

developing machine learning models for one climatic condition and using it for another climatic 

condition might not perform best. Therefore, a future step to this work could be to test the 

reliability of the machine learning models in different climatic conditions and then improve their 

performance using long period data from different climatic conditions. Increase the performance 

of the models using limited agriculture data availability.   
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Appendix A - Mean values of meteorological data for 39 weather stations with location 

St 

No. 

HadISD 

StationID 

Latitude 

(N) 

Longitude 

(E) 

Elevation 

(m) 

Tmax 

(°C) 

Tmin 

(°C) 

U2 

(ms-1) 

Hr 

(%) 

Rn     

(wm-2s-1) 

ET0 

(mmd-1) 

Cluster 

1 722530-12921 29.5 98.5 241 33 22 3.8 66 255 7.8 3 

2 722540-13958 30.3 97.8 201 33 22 3.1 66 252 7.5 3 

3 722550-12912 28.9 96.9 35 33 23 4.0 76 255 7.1 3 

4 722560-13959 31.6 97.2 152 34 22 4.3 65 253 7.9 3 

5 722590-03927 32.9 97.0 171 33 22 4.4 62 254 8.1 3 

6 722630-23034 31.4 100.5 584 34 20 4.2 57 261 8.5 3 

7 722650-23023 31.9 102.2 872 33 19 5.0 52 263 9.1 3 

8 722660-13962 32.4 99.7 546 33 21 4.7 57 261 8.6 3 

9 722700-23044 31.8 106.4 1,194 34 19 3.5 39 272 9.6 1 

10 723510-13966 34.0 98.5 310 33 20 4.9 60 258 8.5 3 

11 723530-13967 35.4 97.6 392 31 19 4.6 65 254 7.6 3 

12 723560-13968 36.2 95.9 198 31 20 4.0 66 246 7.3 3 

13 723630-23047 35.2 101.7 1,099 31 16 5.8 56 258 8.4 3 

14 723650-23050 35.0 106.6 1,619 30 16 3.9 38 284 9.4 1 

15 724500-03928 37.6 97.4 403 31 18 5.0 64 248 7.5 3 

16 724510-13985 37.8 100.0 787 31 16 5.9 60 249 7.9 3 

17 724560-13996 39.1 95.6 267 29 17 3.4 69 245 6.7 2 

18 724580-13984 39.6 97.7 448 29 17 4.9 66 245 7.1 3 

19 724585-93997 38.9 98.8 568 30 17 5.6 63 248 7.6 3 

20 724650-23065 39.4 101.7 1,114 29 13 5.3 60 241 7.3 2 

21 724660-93037 38.8 104.7 1,884 26 11 4.1 49 278 7.9 1 

22 724760-23066 39.1 108.5 1,481 30 15 4.1 36 292 9.7 1 

23 725520-14935 41.0 98.3 561 28 15 4.7 67 240 6.6 2 

24 725560-14941 42.0 97.4 473 28 15 4.5 67 239 6.5 2 

25 725620-24023 41.1 100.7 847 28 13 4.2 65 236 6.5 2 

26 725640-24018 41.2 104.8 1,863 24 10 4.8 53 263 7.3 2 

27 725660-24028 41.9 103.6 1,202 29 12 4.2 57 246 7.1 2 
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28 725760-24021 42.8 108.7 1,704 26 11 3.2 42 269 7.9 1 

29 726510-14944 43.6 96.8 435 26 14 4.4 69 237 6.1 2 

30 726540-14936 44.4 98.2 390 27 13 4.4 68 234 6.1 2 

31 726620-24090 44.0 103.1 963 27 12 4.6 58 238 6.8 2 

32 726770-24033 45.8 108.5 1,092 26 12 4.2 49 240 7.2 2 

33 727530-14914 46.9 96.8 274 25 12 4.7 65 226 6.0 2 

34 727640-24011 46.8 100.8 503 26 11 4.1 63 226 6.0 2 

35 727680-94008 48.2 106.6 697 26 11 4.9 53 224 6.8 2 

36 727720-24144 46.6 112.0 1,167 25 10 3.3 50 254 6.9 2 

37 727730-24153 46.9 114.1 973 26 8 2.8 55 242 6.4 2 

38 727750-24143 47.5 111.4 1,117 25 9 4.4 51 240 6.8 2 

39 742300-24037 46.4 105.9 800 28 12 4.3 49 230 7.3 2 


