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1 Introduction

Accurate seasonal crop yield estimation is one of the most important pieces of

information that stakeholders such as farmers, commodity merchants, and gov-

ernment officials can have at their disposal to make strategic choices in their

respective positions. However, crop yield prediction is one of the challenging

problems in precision agriculture (Bali and Singla, 2022; Basso and Liu, 2019).

This problem requires the use of several datasets and analogies since crop yield

depends on many different factors such as climate, weather, soil, use of

fertilizer, and seed variety (Xu et al., 2019). This indicates that crop yield pre-

diction is not a trivial task; instead, it consists of several intricate steps. To

effectively forecast crop production, prior knowledge of the relationship

between functional features and interacting variables is needed. To investigate

such correlations, large datasets that can be obtained from farm systems, and

intelligent algorithms that machine learning (ML) can provide are needed

(Muruganantham et al., 2022).

ML, which is a branch of artificial intelligence (AI), is a data-driven

approach that can provide better yield prediction based on several features.

ML can determine patterns and correlations and discover knowledge from

datasets. Process-based agricultural models are developed to simulate the crop

growth under various environment and management conditions, some of which

include irrigation scheduling modules. With the help of calibrated process-

based agricultural models from several field treatments, it is possible to gener-

ate as many training samples as ML algorithms need.
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ML and simulation crop modeling advancements have offered new

approaches to enhance agricultural forecast (Archontoulis et al., 2020;

Bogard et al., 2020; Ersoz et al., 2020; Washburn et al., 2020). These technol-

ogies have each brought distinct capabilities and considerable improvements in

prediction performance; however, they have primarily been evaluated indepen-

dently, and there may be benefits to combining them to boost more the predic-

tion accuracy (Daw et al., 2022). Crop simulation models estimate yield,

flowering time, and water stress employing management, crop cultivar, and

environmental inputs, as well as science-based crop physiology, hydrology,

and soil C and N cycle equations (Asseng et al., 2014; Basso and Liu, 2019;

Shahhosseini et al., 2019). These crop models are pretrained utilizing a varied

collection of experimental data from various conditions and are further

enhanced (calibrated) in each research for more accurate forecasts (Ahmed

et al., 2016; Gaydon et al., 2017). ML, on the other hand, seeks to create

predictions by establishing links between input and response variables. ML

comprises techniques in which the system learns a transfer function to forecast

the intended output based on the available inputs, as opposed to a user providing

the transfer function. Furthermore, it is simpler to apply than simulated crop

models since calibrating the model does not require expert knowledge or user

abilities, has shorter runtimes, and less data storage limits (Shahhosseini

et al., 2019).

This study aimed at testing whether ML algorithms including multilayer

perceptron (MLP), Random Forest (RF), and gated recurrent unit (GRU) could

precisely estimate daily cotton yield during a growing season by learning from

data generated by a calibrated process-based agricultural model (AquaCrop)

and thereby serve as an appropriate tool for irrigation scheduling to optimize

yield and help farmers in planning in advance for equipment, labor, fertilizers,

or energy needs to better manage farm operations.

2 Materials and methods

2.1 Data collection and study site

This study was conducted at the Edisto Research and Education Center (EREC)

of Clemson University located in South Carolina, USA. The region is catego-

rized as a humid subtropical climatic region with mild winters and hot

summers. Climate data including precipitation, relative humidity, maximum

and minimum temperature, and solar radiation starting from April 25, 2003

to September 22, 2021 recorded by a National Oceanic and Atmospheric

Administration (NOAA) station. The variability of climate data over time is

illustrated Fig. 1. The data were then preprocessed to fill any gaps and mismatch

using the forward filling method. This method uses the nearest past observed

value to fill the gap of the following missing value.
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2.2 AquaCrop

2.2.1 Description of AquaCrop

AquaCrop is a process-based model that simulates the attainable yield of crops

under different environmental conditions and management practices by

employing few conservative crop parameters and a limited number of input var-

iables (Vanuytrecht et al., 2014). AquaCrop can be used to predict crop yield at

the farm or regional scale. The model does this through related components of

the soil-crop-atmosphere continuum. The soil is subdivided into horizons of

variable depths and hydraulic properties such as hydraulic conductivity at sat-

uration (ksat), field capacity (FC), permanent wilting point (PWP), and drainage

coefficient (τ). The crop grows by expanding the canopy and accumulating bio-

mass in daily time steps. As it matures, it responds to water changes through

four stress coefficients, namely, leaf expansion, canopy senescence, stomata

closure, and change in harvest index (Steduto et al., 2009).

AquaCrop uses four steps to simulate crop growth. The first step is the crop

development simulation; first-order kinetics equations are employed to describe

FIG. 1 The variability of climatic data in the study area.
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this process. The initial canopy cover after emergence (CCo), the maximum

canopy cover reached (CCx), and the canopy growth coefficient (CGC) param-

eters are used for simulations of canopy development in nonlimiting conditions

(Hsiao et al., 2009). The decrease in canopy cover (CC) is expressed with a can-

opy decline coefficient (CDC). In case of water stress, the stress coefficient for

water expansion (Ksexp) starts to decrease to reduce the CGC, thus slowing

down canopy development. On the other hand, when water depletion in the root

zone reaches the maximum level for accelerated canopy senescence, CDC is

increased by Kssen, causing a rapid decline of the canopy (Raes et al., 2009).

The second step involves crop transpiration simulation, which is computed

bymultiplying ETo by the crop coefficient (KcTr). Third, the daily above ground

biomass (B) production is simulated using the normalized water productivity

(WP*). Last, crop yield is calculated by multiplying the final biomass

(B) with the harvest index (HI) (Steduto et al., 2009). For an in-depth descrip-

tion of these steps, refer to Steduto et al. (2009) and Vanuytrecht et al. (2014).

2.2.2 Model development

AquaCrop uses climate, crop, management, and soil data for yield simulation.

The climate variables during simulated growth seasons were defined by five

daily weather variables. Those are maximum temperature, minimum air tem-

peratures, precipitation, reference evapotranspiration (ETo), and carbon dioxide

concentration (CO2). ETo was computed using maximum, minimum and mean

temperature, relative humidity, and solar radiation based on the Penman-

Monteith method (Allen et al., 1998). The annual CO2 mean values measured

by the Mauna Loa station in Hawaii and provided in AquaCrop were used as

CO2 concentration in the study area. The total length of the cycle was 151 days,

starting from 25th of April to the 29th of September each year from 2003 to

2021. Sprinkler irrigation was selected as the irrigation method, and irrigation

was set to occur when the allowable depletion reached 80% of the readily avail-

able water. Table 1 indicates the input data used in the AquaCrop simulation.

The soil texture of the field mainly consists of loamy sand with some sandy clay

loam from 20 to 60 cm of depth as indicated in Table 2. Soil water content at

saturation, field capacity, and PWP were also defined.

2.3 ML algorithms

Several ML algorithms were tested to evaluate their capability to draw the pat-

terns embedded within the input variables and their relationship with the yield.

The tested algorithms include MPL, RF, and GRU. Their performances were

compared against each other to identify which model performs best.

2.3.1 Multilayer perceptron

MLP is a class of feedforward artificial neural network consisting of at least

three fully connected layers (an input layer, a hidden layer, and an output layer).
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Each node uses a nonlinear activation function except the input layer. The input

layer receives the data to train and test the model; the output layer gives its final

prediction using classification or regression functions. The hidden layers trans-

fer the input data to the output layer and are the computational brain of theMLP.

The links between adjacent layers connecting the neurons are known as

weights; these are updated during the learning phase to minimize the prediction

error. For training all neurons, MLP uses the backpropagation algorithm, a

chain rule-based supervised learning approach. MLP differs from linear percep-

tron in that it has multiple layers and uses nonlinear activation functions unlike

TABLE 1 AquaCrop’s input data and their sources.

Input variable Source/value

Daily maximum and minimum
temperature and rainfall

NOAA station

Daily ETo Computed by ETo calculator

Mean annual CO2 concentrations Historical data from Mauna Loa
Observatory (Hawaii)

Planting date April 25

Harvest date September 22

Plant density 13.6 plants/m2

Normalized water productivity 14.5 g/m2

HI 0.27

Length of crop cycle 151 days

TABLE 2 Soil texture and properties of the study area.

Depth

(cm) Soil type

Water

content at

saturation

(%)

Field

capacity

(%)

Permanent

wilting

point (%)

ksat
(mm/day)

0–20 Loamy Sand 38 16 8 800

20–40 Sandy Clay
loam

47 32 20 125

40–60 Sandy Clay
loam

50 39 27 75
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linear perceptron. MLP can, thus, solve problems that are nonlinear. The com-

putation done by each neuron in the hidden and output layers is formulated in

Eqs. (1) and (2).

h rð Þ ¼ Φ rð Þ ¼ ρðw1g rð Þ + b1Þ (1)

g rð Þ ¼ ρðw2h rð Þ + b2Þ (2)

where the parameters to be learned are the bias vectors (b1 and b2) and the

weight matrices (w1 and w2); Φ and ρ represent the activation functions.

The data were split into three sets: training, validation, and test sets. The

training dataset is used to train the model to learn the underlying pattern in

the data. The validation dataset is used to evaluate different model architecture

and to find the best set of parameters without overfitting at the learning stage.

The test set is employed to assess the performance of the model on unseen data

and is disregarded during model training and parameter tuning. The dataset was

split into 50%, 20%, and 30% of the train, validation, and test sets, respectively.

Before being fitted to the model, data were scaled between 0 and 1 using the

min-max scaler for all the data points to be in the same range. The input features

were precipitation, minimum and maximum temperature, solar radiation, sur-

face temperature, ETo, cotton growth stage, irrigation amount, and total water

content, whereas cotton yield was the predictand. Fig. 2 depicts the structure of

MLP. The developed model consists of an input layer, two hidden layers of 128

nodes each, and an output layer. The number of layers and the number of nodes

in each layer are model hyperparameters that need to be tuned. In this paper, the

hyperparameters were selected manually. We used tanh as the activation func-

tion, the learning rate was set to 10e�3, and Adam optimization method was

used as the optimizer.

2.3.2 Random Forest

RF, which is a machine learning algorithm introduced by Breiman (2001), relies

on the concept of model aggregation to solve classification problems by

FIG. 2 The MLP architecture. The data flow in the structure from the input layer to hidden layers

to the output layer. We used an MLP structure with one input layer, two hidden layers of 128 nodes

each, and an output layer.
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predicting a categorical response variable or to provide a continuous response

variable as a solution for regression problems. RF solves these two types of

problems by combining binary decision trees built from the training subset

of a dataset. To increase the predictability of the response variable, the data

for each tree are iteratively separated into more homogeneous units known

as nodes. Split points are determined by the values of predictor variables. As

a result, the factors utilized to separate the data are regarded as major explan-

atory variables. A categorical response’s predicted value is the mode of the

classes from all the individual fitted decision trees, and a continuous response’s

predicted value is the mean fitted response from all the individual trees that

emerged from each bootstrapped sample. The main hyperparameter to be

tuned is the number of decision trees which was set to be 200 after a series

of trial and error to identify the optimum value. Fig. 3 demonstrates the work-

flow of RF.

2.3.3 Gated recurrent unit

GRU is a newest type of recurrent neural network (RNN) developed by Cho

et al. (2014) to solve the vanishing gradient problem of RNN (Bengio et al.,

1993; Hochreiter, 1998). In GRU, the information flow is regulated by two

gates: the update gate that determines the amount of information that will be

transmitted from the previous timestep to the current timestep and reset gate

that decides what to forget from the past information. Two fully connected

layers with sigmoid activation functions provide the gates’ outputs. Fig. 4

FIG. 3 RF architecture. (Adapted from Umutoni, L., Samadi, V., 2024. Application of machine

learning approaches in supporting irrigation decision making: a review. Agric. Water Manag. 294.)
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illustrates the structure of a GRU network, and Eqs. (3) and (4) describe the

algorithmic workflow process:

Rt ¼ σ XtWxr + Ht�1Whr + brð Þ (3)

Zt ¼ σ XtWxz + Ht�1Whz + bzð Þ (4)

where Xt is the input vector, Ht�1 is the hidden state and contains the informa-

tion of the previous time step, Rt and Zt are the reset gate and update gate,

respectively, σ is the activation function, Wxr, Whr, Wxz, Whz are weights, and

br and bz are biases.

The process of training a neural network model starts with initializing the

values of some specific variables known as hyperparameters. Some of these

hyperparameters such as the activation function and number of hidden layers

define the structure of a model while parameters such as the learning rate, decay

time, etc. define how it is trained (Patterson and Gibson, 2017). Multiple runs of

the same algorithm with various hyperparameters will provide different results.

The number of layers, number of hidden units, the learning rate, and the dropout

size are the hyperparameters adjusted in this study. The learning rate is a hyper-

parameter that controls the rate at which the model’s weights are updated with

respect to the gradient of the loss function. It has a substantial influence on the

deep learning model training process. A very low learning rate slows network

learning, whereas a very high learning rate produces variations in training

and hinders learning process convergence (Patterson and Gibson, 2017). The

developed GRU model consists of one input layer, three hidden layers, and

an output layer. Each of the four layers has 64 hidden units to avoid overfitting,

the dropout parameter was set to 0.2 and the batch size to 64, and the learning

rate was 10e�3. The input data are the same as the ones used for theMLP and RF

FIG. 4 The GRU structure.� symbolizes element-wise multiplication,� is element-wise concat-

enation, σ is the sigmoid function, and tanh is the hyperbolic tangent function.

298 Intelligence systems for earth, environmental and planetary sciences

Bonakdari, H., & Gumiere, S. J. (Eds.). (2024). Intelligence systems for earth, environmental and planetary sciences : Methods,
         models and applications. Elsevier.
Created from gmu on 2025-08-05 16:53:40.

C
op

yr
ig

ht
 ©

 2
02

4.
 E

ls
ev

ie
r.

 A
ll 

rig
ht

s 
re

se
rv

ed
.

Image of Fig. 4


models; similarly, the dataset was split into 50% training set, 20% validation

set, and 30% testing set.

2.4 Performance evaluation

To assess howwell the models predicted the yield, we used several performance

measures, namely, mean absolute error (MAE), root mean squared error (MSE),

and R-squared (R2). MAEmeasures the discrepancies between the observed and

simulated values of a variable and returns the mean of their absolute values;

RMSE, on the other hand, gives the square root of the mean of the squared

errors. R2 evaluates the predictive performance of a model by measuring the

average squared difference between the observed and predicted values (see

Eqs. 5–7).

MSE ¼ 1

n

Xn

i¼1

|yi � ŷi| (5)

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xn

i¼1

yi � ŷið Þ2

n

v
u
u
u
t

(6)

R2 ¼ 1�

Xn

i¼1

yi � ŷið Þ2

Xn

i¼1

yi � yð Þ2
(7)

where yi is the actual cotton yield, ŷi is the simulated yield, and y is the actual
yield mean value.

Following these proposed algorithms and data, we developed data-driven

models to simulate yield at an irrigation field in the EREC. The development

of anML-based crop yield estimation model was done in two steps as illustrated

by Fig. 5. First, AquaCrop was used to simulate the yield based on climate, crop,

soil, and management practices. A study conducted by Qiao (2012) from 2009

to 2011 at EREC established the optimum parameters for cotton simulations in

AquaCrop. From 2009 to 2010, irrigation experiments were conducted under

field environments, while in 2011, a rainout shelter was used to control the

environment. The study’s goal was to parameterize and validate AquaCrop

for cotton growth simulations in humid climate of the southeast United States.

Adjusted parameters were CGC, CDC, water depletion thresholds (p factors),

water productivity (WP), and reference harvest index (HIo). Building on this

research, cotton growth seasons from 2003 to 2021 were simulated using the

AquaCrop model with the aim of generating sufficient data to train an ML

model to replicate AquaCrop in simulating cotton yield. Weather data were

obtained from a NOAAweather station located in Blackville, SC. Prior to being

used in the AquaCrop, the collected weather data were preprocessed to correct
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gaps and identify missing values and outliers. Missing data values were filled

using the forward filling method of numpy. The method uses a previously

recorded value to fill the following missing data points. This technique was cho-

sen because the dataset did not have a significant number of consecutively miss-

ing values.

Second, the outputs of AquaCrop were used as input data to ML models.

After setting up and calibrating the AquaCrop model, simulation results were

used to train MLP and GRU models to predict cotton yield. In addition to

weather data (rainfall, minimum and maximum temperature, and evapotranspi-

ration, solar radiation, and surface temperature), crop growth stage, total water

content, and applied irrigation data obtained from AquaCrop were used to train

these ML models. To investigate the most influencing variables on yield, a cor-

relation analysis was performed by using the Pearson correlation coefficient (r)
value as an indicator of the strength of correlation between each feature and the

yield. Values of r presented in Table 3 show that growth stage, solar radiation,

evapotranspiration, and minimum temperature are the most important features

for yield prediction with r ranging from 0.59 to 0.18, while precipitation, tem-

perature, water content, surface temperature, and irrigation are least correlated

to yield (0.00 < r < 0.07). The highest correlation of yield to temperature, solar

radiation, and evapotranspiration compared to other climatic variables can be

explained by the fact that for cotton developmental events occur much more

rapidly as temperature increases (Reddy et al., 1996). This implies that the

ML models for yield simulation are likely to extract the most meaningful pat-

terns from these features.

3 Results and discussion

3.1 AquaCrop results

After setting up and parameterizing the AquaCrop model, each season was run

to simulate the yield given weather, crop, and management data. One of the

FIG. 5 Workflow followed to simulate yield with crop and data-driven models.
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results AquaCrop produces is the total water content which is the soil moisture

in the defined soil profile (0.0–0.6 m). The soil moisture during the simulation

period ranges from 135.2 to 269.8 mm as illustrated by Fig. 6. The average soil

moisture is 167.7 mm, and the higher soil moisture levels were mostly observed

on days with rainfall or irrigation.

In addition, the amount of water applied to plants through irrigation is shown

by Fig. 7. Fig. 8 illustrates the yearly irrigation amount against precipitation.

Like the two figures depict it, the irrigation amount was higher for periods

of low rainfall such as the years 2006, 2007, and 2008 which had a total rainfall

of 466.4, 375.9, and 506.6 mm during the simulation period consequently

requiring more water to grow plants.

Precipitation amount over time determines the soil water dynamics. In the

EREC, precipitation varies significantly during the growing season facilitating

a period of utilization of stored water during the early growing season or irri-

gation if the region experienced a prolonged deficit. Fig. 8 illustrates the fluc-

tuations in soil water content, irrigation, and rainfall. The comparison of soil

water content, irrigation, and rainfall provides an example of how soil moisture

dynamics and precipitation timing govern water utilization and movement in

soil. The timing of precipitation is equally as important as its magnitude when

considering soil water dynamics. As evidence, it appears that higher irrigation

amount was applied by the model for years with low rainfall to overcome the

water deficit.

3.2 MLP results

Using weather data, namely, precipitation, evapotranspiration, maximum

and minimum temperature, and AquaCrop’s results, including irrigation, water

TABLE 3 Input features and their respective correlation coefficient.

Predictor variable Pearson correlation coefficient (r)

Growth stage 0.59

Solar radiation �0.29

Evapotranspiration �0.24

Minimum temperature 0.18

Maximum temperature 0.05

Irrigation �0.07

Surface temperature �0.06

Soil water content �0.06

Precipitation 0.00
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FIG. 6 Total soil water content.

FIG. 7 Applied irrigation amount during the simulated period.
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content, and growth stage, MLP was trained up to 257 epochs with a different

combination of input variables to evaluate the effect of input features on the

model’s ability to predict yield. First, all the input variables were used, and

the obtained results showed that MLP accurately simulated the yield with an

MAE of 0.23, RMSE of 0.34, and R2 of 0.88. The model was able to emulate

AquaCrop in simulating cotton’s yield by simulating the yield values quite close

to the actual yield (from AquaCrop). The observed yield was, however, slightly

higher than the predicted yield throughout the simulation period (see Fig. 9),

and it appears that the model performed slightly better at predicting peak yield

values than lower values.

Furthermore, input variables were changed to identify the best set of inputs,

i.e., input variables that give the minimum error metric. The results of the cor-

relation analysis showed that growth stage has the highest correlation compared

to other inputs; thus, the model was run without this variable to assess its accu-

racy when the growth stage data are unavailable and the impact this would have

on the simulation. Omission of growth stage resulted in a reduced performance

as RMSE increased from 0.34 to 0.9 and R2 decreased from 0.88 to 0.2 while the

MAE became 0.7. Based on the graphical performance of this model (see

Fig. 10), it is evident that it performs poorly and does not capture the trends

in the output yield.

Second, solar radiation and evapotranspiration were omitted one at the time

to assess the impact on the simulation as they are the second and the third sig-

nificant variables after growth stage. Without solar radiation as an input, the

model still had an acceptable performance as the MAE was 0.24, RMSE was

0.33, and R2 was 0.88. The performance when evapotranspiration was excluded

was anMAE of 0.25, a RMSE of 0.38, and R2 was 0.85. Additionally, the model

was run with the variables that have a high r (r > 0.15); the error metrics are

FIG. 8 Seasonal precipitation, irrigation, and soil water content.
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FIG. 9 Simulated yield using all variables.

FIG. 10 Simulated yield without the growth stage.
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shown in Table 4 and indicate that for the study area, the most important vari-

ables for yield estimation are growth stage, solar radiation, evapotranspiration,

and minimum temperature.

3.3 GRU results

GRU, a more advancedML algorithm, was also tested, and its results were com-

pared to the MLP model. Likewise, GRU performance was evaluated with

respect to various input variables. When all variables were included, the perfor-

mance scores were 0.22, 0.34, and 0.88 for MAE, RMSE, and R2, respectively.

The model was able to learn the pattern in the data and simulate the results well

(see Fig. 11), although low yield values were underestimated like for MLP.

Running the model without solar radiation data was excluded; the performance

was 0.22, 0.35, and 0.87 for MAE, RMSE, and R2, respectively. Thus, no con-

siderable difference was observed between the two GRU models. On the

other hand, excluding the growth stage from the input variables resulted in

an MAE of 0.64, a RMSE of 1, and a R2 of 0. This shows that the model’s per-

formance in predicting daily crop yield is highly dependent on data of the

growth stage of a crop as depicted by Fig. 12. Simulating yield with variables

highly correlated to the yield and omitting the reminder of the training dataset

did not hinder the model performance as 0.21, 0.33, and 0.89 were obtained for

MAE, RMSE, R2, and respectively. Table 5 presents the model performance

when different input data combinations were used.

TABLE 4 MLP performance metrics.

Predictor

Performance metrics

MAE RMSE R2

Precipitation, maximum and minimum temperature,
evapotranspiration, solar radiation, surface temperature,
water content, irrigation, and growth stage

0.23 0.34 0.88

Precipitation, maximum and minimum temperature,
evapotranspiration, solar radiation, surface temperature,
water content, and irrigation

0.7 0.9 0.2

Precipitation, maximum and minimum temperature,
evapotranspiration, surface temperature, water content,
irrigation, and growth stage

0.24 0.33 0.88

Precipitation, maximum and minimum temperature, solar
radiation, surface temperature, water content, irrigation,
and growth stage

0.25 0.38 0.85

Growth stage, solar radiation, evapotranspiration, and
minimum temperature

0.22 0.32 0.89

Note: The boldface numbers indicate the best performing model.
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FIG. 11 Simulated yield vs AquaCrop simulation when all variables are included.

FIG. 12 GRU prediction without incorporating growth stage data.
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3.4 RF results

A detailed performance of RF in simulating yield using different combinations

of inputs is presented in Table 6. For all RF simulations, the results of MAE

varied from to 0.2 to 0.63, RMSE was between 0.3 and 0.84, the minimum

R2 value obtained was 0.27, while the best model performance resulted in a

R2 value of 0.9. High MAE and RMSE and low R2 values were found for

the model without growth stage data (see Fig. 13). The best performance results

were observed when all variables were used as inputs. Graphical results show

that RF can simulate yield when trained by a dataset from which it can learn the

function that relates soil and climatic variables to yield (Fig. 14).

The assessment approach considers how a varied set of characteristics

affects the performance of ML models. Nonetheless, each ML approach uses

the same parameters to produce all its models. A comparison of the three algo-

rithms shows that they can be reliable in crop yield estimation even though none

of them was able to accurately simulate low yield values. The results from this

study support prior findings that MLmodels can be beneficial in crop yield esti-

mation provided that sufficient data are available to train the models (Fukuda

et al., 2013; Prasad et al., 2021; Ren et al., 2023). According to the best perfor-

mance achieved by each model as presented in Table 7, MLP and GRU can

accurately simulate the yield with less inputs compared to RF that achieved

the best performance but using more input features.

TABLE 5 GRU performance metrics.

Predictor

Performance metrics

MAE RMSE R2

Precipitation, maximum and minimum temperature, ETo,
solar radiation, surface temperature, water content,
irrigation, and growth stage

0.22 0.34 0.88

Precipitation, maximum and minimum temperature, ETo,
solar radiation, surface temperature, water content, and
irrigation

0.64 1 0

Precipitation, maximum and minimum temperature, ETo,
surface temperature, water content, irrigation, and growth
stage

0.22 0.35 0.87

Precipitation, maximum and minimum temperature, solar
radiation, surface temperature, water content, irrigation,
and growth stage

0.22 0.33 0.88

Growth stage, solar radiation, evapotranspiration, and
minimum temperature

0.21 0.33 0.89

Note: The boldface numbers indicate the best performing model.
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TABLE 6 RF performance results.

Predictor

Performance metrics

MAE RMSE R2

Precipitation, maximum and minimum temperature, ETo,
solar radiation, surface temperature, water content,
irrigation, and growth stage

0.19 0.3 0.9

Precipitation, maximum and minimum temperature, ETo,
solar radiation, surface temperature, water content, and
irrigation

0.63 0.84 0.27

Precipitation, maximum and minimum temperature, ETo,
surface temperature, water content, irrigation, and growth
stage

0.2 0.31 0.9

Precipitation, maximum and minimum temperature, solar
radiation, surface temperature, water content, irrigation,
and growth stage

0.2 0.3 0.9

Growth stage, solar radiation, evapotranspiration, and
minimum temperature

0.2 0.32 0.89

Note: The boldface numbers indicate the best performing model.

FIG. 13 RF simulated yield when all variables are included except growth stage.
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FIG. 14 RF yield simulation results when all variables are included.

TABLE 7 MLP, GRU, and RF best performances.

Model Input features

Performance metrics

MAE RMSE R2

MLP Growth stage, solar radiation,
evapotranspiration, and minimum
temperature

0.22 0.32 0.89

GRU Growth stage, solar radiation,
evapotranspiration, and minimum
temperature

0.21 0.33 0.89

RF Precipitation, maximum and minimum
temperature, ETo, solar radiation, surface
temperature, water content, irrigation, and
growth stage

0.19 0.3 0.9
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4 Conclusion

The purpose of this study was to determine whether MLP, GRU, and RF could

accurately estimate the daily cotton yield during a growing season by learning

from data generated by AquaCrop. We demonstrated how the performance of

these three models varies with changing inputs and presented the most signif-

icant variables required for an accurate prediction of daily yield. Analysis sug-

gested that the most important input was growth stage as it helps in predicting a

crop’s vegetative development during its life cycle. We conclude that using ML

algorithms in crop yield estimation can be another approach of predicting yield

when sufficient data are available. An advantage of ML-based crop yield esti-

mation models over traditional models is that the number of parameters to be

calibrated is minimum for the former; hence, a well-trained model can be used

and applied to simulate yield of other crops in regions. Such models can be use-

ful in irrigation planning and facilitate better management of agricultural activ-

ities to increase the productivity.

In terms of simulation performance, MLP, GRU, and RF models employed

in this research simulated yield values accurately. In this case, the three algo-

rithms demonstrated the potential to simulate complex yet nonlinear cotton

yield data at a farm scale. We were able to improve the model performance

in terms of including additional climatic data and features, although we were

less successful at improving the estimation of low yield values. There is some

evidence that this failure may be related to fluctuations in field conditions and

nutrient applications that were not considered in the simulation. This is a sub-

stantial challenge as this type of simulation is tempered by the heterogeneity in

climatic attributes, soil (soil moisture, drainage and evapotranspiration, etc.),

crop characteristics, complexities in soil water storage capacity due to rapid

and active evapotranspiration process, and difficulties in computing subsur-

face/soil moisture contribution to the yield estimation.

Based on the results, we argue that the potential benefits of ML models for

crop yield simulation can only be realized via the formulation of a robust and

rigorous GRU model that is well suited to evaluate input-output behavior

(behavioral consistency) for sequential climatic and yield time-series data.

One obvious way to reduce the obstacles and improveML fidelity is to use more

advanced ML techniques such as Transformers (Lim et al., 2021) algorithms to

overcome the problem of sequence transduction in simulation. Transformers

algorithms are faster than recurrent layers for shorter sequence lengths and

can be restricted to consider only a neighborhood in the input sequence for long

seasonal sequence lengths. Enhancing the ability of data-driven models to sim-

ulate extreme fluctuations within yield time-series records is also important,

which needs further attention.

Furthermore, other parameters indicating the growth of plants, including leaf

area index, could be mathematically formulated and incorporated into the ML

models. Our research group has sought, therefore, to develop appropriate ML
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models that are comparable with a farm-scale crop simulation model. The main

limitation of data-driven approaches, however, is their overfitting problems that

make them somewhat poor predictors. Our ongoing work explores the develop-

ment of more advanced and computationally cost-effective data-driven algo-

rithms. MLP, GRU, and RF models could be extended to similar climate

regions or could be developed for other regions with available field data for yield

simulation. Moreover, this study validated the usefulness of coupling process-

based models with ML in yield estimation to help growers in applying water

and nutrients more efficiently to optimize yield and for better farmmanagement.

Although incorporating field-based yield data may challenge data-driven simu-

lations due in part to the higher variability of yields from year to year as well as a

lack of adequate field-based yield datasets. We acknowledge that training the

models with observed data would render the model more robust to handle the

high variability in soil and crop features and encourage future work to identify

if alternative data sources such as remote sensing could lead to improved model

accuracy.
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