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Abstract

Prediction and forecasting of crop yield recently plays a vital role in the field
of Agriculture. Drastic changes in climatic conditions, changes in rainfall
season, and lack of nutrients content in the soil etc., due to major factors such
as rapid industrialisation, global warming and pollution. This leads to the
farmers’ predictions based on their own agricultural experiences on various
crop yields based on external factors gone wrong. This results in farmers not
getting adequate yield and suffering from financial loss. Machine learning
and time series models are involved in this research work to carry out pre-
diction and forecast of corn and soybean crop production over time through
mobile application and it consist of various regression algorithms of machine
learning such as multiple linear regression (MLR), decision tree regression
(DTR), random forest tree regression (RFTR), k-nearest neighbour (KNN)
and gradient boosting regression (GBR) are used for crop yield prediction.
Time series models such as auto regression (AR), moving average (MA), auto
regression integrated moving average (ARIMA) and vector auto regression
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(VAR) used for forecast of crop production. Comparative analysis also made
between machine learning and time series models, in which GBR of machine
learning outperformed other machine learning models with 92.648% pre-
dicted yield accuracy and VAR of time series model outperformed other time
series models with 94.367% forecasted yield accuracy. Regression metrics
such as mean square error (MSE), root mean square error (RMSE) and mean
absolute error (MAE) are also involved in predicting crop yields.

Keywords: Mobile application, yield prediction, forecast, regression
models, time series models, internet of things.

1 Introduction

In earlier day’s farmer’s domain knowledge about the various crops and
fields played a vital role in the forecast and prediction of crop production.
They have been involved in agriculture across the generations, giving them
expertise about various crop production with respect to seasons, climatic
conditions, environmental parameters, soil characteristics and irrigation facil-
ities. Historically prediction and forecast of crop production is usually made
by the farmers based on their vast knowledge about the crops and fields.
Their prediction and forecast about the crop production was more accurate
and got better yield on various crops across various fields. In present days,
due to rapid industrialisation and other technological developments across
the globe adversely affect agriculture and its production. Many countries are
facing food demand due to changing climatic factors, lack of water resources,
global warming and various other reasons. Nowadays it is very difficult
for the farmers to forecast crop productions due to the above mentioned
changing parameters and some of the predictions have gone wrong, this leads
to financial loss and suicidal rates of farmers increasing day by day. The
overall food supply chain is drastically affected due to inadequate forecasting
techniques related to the changing climatic conditions, lack of soil minerals
and other changing parameters.

Recent technological developments played a major role in the betterment
of agriculture in terms achieving good productions, early crop disease identi-
fication and classification, crop monitoring and automated irrigation facilities
etc., [oT [1], They were recently prominent in the sector of agriculture by
deploying sensors in the fields to monitor the crops, irrigation management
and earlier disease detection in crops etc., There are various sensors such as
light sensor, soil moisture sensor, humidity sensor, soil minerals sensors etc.,
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were placed in various places of agricultural fields are connected to internet
and the data can be transmitted to remote locations for the crop monitoring
and other usages. Cloud computing [2], a major technology playing a vital
role in crop related data storage management. Data retrieved from the various
IoT sensors were transmitted to the cloud storage for effective crop manage-
ment purposes. Data from cloud repositories can be used anywhere across the
globe for the crop monitoring through the sensors values, crop yield predic-
tion and forecast also carried out with yield related data, irrigation manage-
ment can be effectively carried out with irrigation related data. Data mining
process [3], also involved in the effective agricultural practices. Extraction of
relevant data and finding the hidden knowledge about the crop data leads
to effective crop yield prediction and other crop management processes.
Machine learning and Time series models [4], created a remarkable impact
in crop production and disease management process. Number of ML and
time series algorithms were engaged in the forecasting of crop yields, plant
disease detection and classification, crop selection and classification. Image
processing techniques [5, 6], also involved in the process of early disease
detection and classification of crop leaves images. Crop disease negatively
impacted crop production, there different image classifying machine learning
algorithms are available to classify the infected leaves from the healthier one.

The structure of the paper is illustrated as follows Section 2 covers related
crop yield prediction and forecast research, Sections 3, 4 and 5 deals about
pre-processing, Sections 6 and 7 describes about machine learning regression
models and time series feature engineering process, Section 8 illustrates about
methodology and workflow, Section 9 deals about results and discussions
of machine learning and time series models and Section 10 deals about
concluding remarks.

2 Related Works

Support vector machine (SVM) [7], applied in the crop named maize, clas-
sification and prediction of yield process. Classification and yield related
information gleaned from remote sensing and accuracy comparison made
between other machine learning classifiers and predictors namely Decision
tree (DT) and random forest (RF) with accuracy parameter metrics of lowest
RMSE and MAE. Forward feature selection based SVM [8], involved in the
sugarcane crop yield forecast procedure. Data collection part includes domain
knowledge of experts as well as historical sugarcane crop data across the
years. The accuracy of Forward feature selection SVM was higher with other
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regressors. Random forest (RF) [9], employed in the wheat crop yield forecast
process, including environmental and meteorological data for training and
testing. The performance of RF is better than the SVM when it comes to
precision in related to lowest regression equivalent such as MAE, RMSE.
Random forest [10], also engaged in the crop yield prediction process of
grain crops. Dataset comprises multiple grains data in different farm land
and it also covers seasonality data of pre, mid and late season of grain
crops. RF outperformed all other machine learning prediction algorithms with
major regression accuracy parameter metrics were considered. All machine
learning predictions are trained and tested, and their predictive performance
is compared. Extreme machine learning (EML) [11], engaged in estimation
of agricultural yield of coffee crops. It includes yield parameters as well as
soil nutrients data contains, zinc, ph, nitrogen and magnesium etc., Several
supervised learning predictors, which including DT, MLR and RF were also
compared using regression measures.

Fuzzy logic (FL) as well as regression model [12], applied in the process
of wheat crop forecasting comprises logical rules related with yield param-
eters and the time period of crop yield. FL outperformed other regression
models in terms of yield forecast accuracy, average forecast error and MSE.
Auto regression moving average (ARMA) [13], involved in the forecast of
crop production, comparison also made between various time series mod-
els such as simple exponential smoothing, double exponential smoothing
and damped-trend linear exponential smoothing for every district in Ghana.
ARMA outperformed all other time series models and produced better fore-
casts of crop production in all major districts. Auto regression integrated
moving average (ARIMA) [14], also involved in the forecast of rice crop
production between the years 2008-2014, Ananthapur district of Andhra
Pradesh (AP) for the two main rice crop seasons namely Kharif and Rabi.
Forecast of rice production for upcoming four years were forecasted and
produced better accuracy when compared to other existing time series mod-
els. Neural network auto regression [15], in the process of forecasting rice
crop production, a mix of neural networks and auto regression is also used.
Classical time series models such as double moving average and exponential
smoothing also tried for yield forecasting, but neural network auto regression
approach produced better forecast accuracies in terms of yield. Hybrid time
series model [16], used for forecast of wheat production in the Karnal district
of Haryana. Combination of ARIMA and Artificial neural network (ANN)
methodology used for the wheat forecast. Comparative analysis also made
between various time series models, Hybrid time series models outperformed
other classical time series analysis models.
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There are a number of challenges, including a lack of predictor variables
in terms of environment, soil, and other management issues are still acting
as challenging aspects in successful crop production forecast or estimation,
according to the understanding of connected studies. Despite the use of
ensemble approaches and machine learning algorithms in the agricultural
yield prediction, it needs appropriate feature selection approaches and a
diverse approach for better prediction. Our recommended based prediction
model included most of the relevant predictor variables, feature selection
methodologies and a heterogeneous strategy for agricultural production
estimation.

3 Dataset

Dataset for corn and soybean crop yields is used for crop yield prediction
and forecast. It contains data on crop yield performance for the past 38 years
covering between 1980 and 2018 across 13 states of the USA having 105
identified corn and soybean belts [17]. The crop yield performance dataset
for corn and soybeans consists of four major categories of parameters namely
crop yield, management, soil and weather parameters across 28 years of 105
unified locations. In [18], the study results reveal that phenotype factors have
more impact on crop production than the genotype factors. USDA-National
Agricultural Statistics Service [19], provided the crop yield performance data
as well as crop management practices data. Daymet [20], provided weather
data. The soil parameters were obtained from the gSSURGO [21].

4 Missing Data

The corn and soybean production performance dataset has some missing
numbers. In the soil data, approximately 7% of missing values can be
replaced using the mean value of the same variable obtained in the adjacent
belt. Around 6% of missing data values are found in crop management data,
which can be replaced by mean value of the same variables found in the other
belt. In weather or environmental data, no missing values are found.

5 Dimensionality Reduction and Feature Selection

The corn and soybean crop performance dataset needs some dimensionality
reduction in the weather data having daily records, covering 38 years between
1980 and 2018. This leads to an enormous number of weather data that need
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to be used for training and testing purposes. Weather data was dimensionally
reduced by using the average method, transformation of daily observations
into weekly basis of 38 years, results in significant reduction in weather
parameters from 2,190 to 312 trainable parameters only needed for training
and produced better yield prediction accuracy.

Yield measurement data is considered a dimension of output data. The
input data dimensions can be divided into a variety of components when it
comes to weather, soil, and management data.

Feature selection based on correlation is one of the most effective
strategies for extracting the most connected features. The anticipated yield
parameter is associated with weather, soil, and management features in in
our data set on corn and soybean bean. In order to obtain mostly associated
parameters relating to yield, our model used pearson coefficient. Using this
feature selection based on correlation technique, we are attempting to extract
characteristics that are strongly associated to crop productivity. As a result,
roughly 25 traits were left out since they were unrelated to crop productivity.
21 weather parameters and four crop management variables have no associa-
tion with crop yield. We were able to restore the remaining related features of
the corn and soybean crop in terms of crop yield according to their acceptable
scores. Based on the scores of correlated variables, almost 170 elements of
corn and 192 features of soybean are related to crop production.

6 Machine Learning Models in Mobile Application

For prediction challenges, machine learning regression models are commonly
utilised. Our proposed study also uses regression measures such as MSE
and MAE to forecast corn and soybean crop yields, as well as different
machine learning regression models for crop yield prediction in relation to
other meteorological, soil, and crop management parameters.

Feature selection based on correlation outperformed other feature selec-
tion strategies, achieving higher yield accuracies with other machine learning
and ensemble learning models, with 270 features of corn crop and 290
features of soybean crop being the most influential features.

6.1 Multiple Linear Regression (MLR)

Numerous regression is a good fit for our model in terms of predicting crop
output based on multiple variables such as management soil and weather.
It uses management, weather and soil data as input variables, predicting
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corn and soybean crop yields as the output or target variable. It also acted
as a statistical model to explore the linear relationship between independent
variables and target variables.

P = Ao+ Aywin + Aswip + -+ + Apw;p + € (D

Where P; is output or predicted yield, w; is input variables, A is the
Constant, A, is Independent variable coefficients and e denoting Error.

6.2 Decision Tree Regression (DTR)

In order to make decisions in the form of a decision tree structure, decision
tree regression is also appropriate for the prediction of crop yields in our
model. The overall problem is subdivided into a number of smaller sub
trees for making different decisions. Our prediction model also includes
several sub trees for input variables such as weather, soil, and management
parameters, which are then combined into a single decision tree for corn and
soybean crop yield prediction. The conceptual structure of the decision tree
as shown in Figure 1.
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Figure 1 Schematic representation of decision tree.

6.3 Random Forest Tree Regression (RFTR)

This model closely suits our crop yield prediction. It includes multiple deci-
sion trees based on all the aspects of independent variables and its impact
towards the target variable. Multiple decision trees in the form of diverse
input variables such as weather, soil, and management characteristics are used
in our crop production prediction model. As illustrated in Figure 2, the final
crop production forecast is based on the average of all results or judgments
from several decision tree.



610 S. Iniyan and R. Jebakumar

Test Sample Input

Troe 1 —— e aoo I
@ - W ®
| Pradiction 1 [ Pradiation 2 i i | Pradiction 600
N

Figure 2 Schematic representation of random forest tree regression.

6.4 Gradient Boosting Regression (GBR)

This model also the most suitable technique for our crop prediction model. It
comes under the category of ensemble learning technique. Sequential process
of learning has been carried out in this model. Initial prediction is based
on the results of the first regression model based on the knowledge gained
from the initial learning, further learning is based on the subsequent results
of other regression models. The final forecast is entirely based on the sum
of all previous regression models’ learning experiences. In our crop yield
forecast model, we take into account a variety of factors, DT will act as a
regression model and produce higher accuracy of yield results compared to
other regression models due to combined learning as shown in the Figure 3.

Error
o
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Figure 3 Schematic representation of gradient boosting regression.
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7 Time Series Models in Mobile Application

Time series models play a vital role in the process of effective forecasting.
Our proposed model also applied with various time series analysis for the
forecast of corn and soybean production. Both univariate and multivariate
time series models are also applied with our proposed model and compar-
ative analysis made between time series models with regression accuracy
parameter metrics like RMSE and MAE.

7.1 Stationary Conversion

Stationary conversion is an important process in time series models for effec-
tive forecast of crop production. Mostly time series data having seasonality
and trends with continuous ups and downs of pattern over different time
periods. Our crop yield performance dataset also has seasonality and trends
with respect to time period and seasonality trends in weather parameters.
Conversion of non-stationary to stationary time series data can be achieved
through removing seasonality and trends from the original time series data.
Differencing method is widely used for the conversion.

Figures 4(a) and 5(a) shows the non-stationary data representation having
seasonality and trends in corn and soybean yield against years. Figures 4(b)
and 5(b) shows the stationary data representation without having seasonality
and trends on corn and soybean yield against years.
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Figure 4(a) Yearly representation of corn crop yield.



612  S. Iniyan and R. Jebakumar

-] N s nm nis
r
Figure 4(b) Stationary corn crop yield representation year wise.

TR L EE D
™

Figure 5(a) Yearly representation of soybean crop yield.
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Figure 5(b) Stationary soybean crop yield representation year wise.
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7.2 Autocorrelation

Autocorrelation is the process of feature selection in time series forecasting in
order to retrieve the most correlated features with respect to target or output
variable. Correlogram is also termed as line plot in the autocorrelation graph
which indicates correlation of each and every observation is statistically
significant or not. Figures 6 and 7 shows the line plot representation of
autocorrelation of corn and soybean crop yield. The lag observations are
represented on the x axis, while positive and negative correlated observations
are represented on the y axis. The line plot above the blue shaded area denotes
positive significance and the line plot below the shaded area denotes negative
significance.

Autocorrelation
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Figure 6 Autocorrelation of corn crop yield.
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Figure 7 Autocorrelation of soybean crop yield.
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7.3 Feature Importance

Correlation based feature selection is alone not a sufficient method for effi-
cient extraction of feature selection for forecasting. Feature importance also
equally plays a vital role in the extraction of features based on correlation
and also includes observation based on timestamp, moving average and much
more statistical methods. Feature importance method effectively retrieves
the features based on the importance scores. There are various ensemble
learning regressions used in feature importance processes namely Random
forest regression (RFR), GBR and Extra tree regression (ETR). Our corn
and soybean crops forecast models used RFR for feature importance process
and it outperformed other ensemble regressions. Figures 8 and 9 denote the
feature importance scores of corn and soybean crops against different time
lag observations.
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Figure 8 Feature importance score of corn yield.
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Figure 9 Feature importance score of soybean yield.
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7.4 Feature Selection

The process of extracting the most relevant features is known as feature
selection. It’s not only based on the correlation but also includes extracting the
other relevant features based on the smallest weight factors and pruning meth-
ods are recursively involved in the extraction of features process also termed
as recursive feature selection (RFS). Figures 10 and 11 shows bar graph rep-
resentation of feature selection crops yield based on smallest weight factors.
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Figure 10 Feature selection rank on corn crop yield.
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Figure 11 Feature selection rank on soybean crop yield.

8 Methodology and Related Works

Machine learning regressions are used for yield prediction and time series
analysis is used for yield forecasting are used in our model. The corn and
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Figure 12 Frame work for crop yield prediction and forecast.

soybean crop productivity performance dataset, collected across 105 corn
and soybean belts between 1980 and 2018, includes phenotypic components
such as soil, crop management, and climatic information. Weather parameters
consist of six component values collected for 52 weeks in a year wise,
totally 312 weather parameters used for training purposes. Soil data consist
of 10 components collected at different depths, totally 104 soil parameters
used for training purposes. Crop management data consist of 16 components
collected at different terms of week used in crop dataset. Overall there are
434 and 432 input parameters for crop yield dataset. Figure 12 demonstrates
the framework for crop yield prediction and forecast of corn and soybean
crops. Yield dataset from various sources with appropriate machine learning
regression as well as time series modelling, final crop yield prediction and
forecast of corn and soybean can be done.

Figures 13 and 14 clearly depicts the complete work flow process of the
entire corn and soybean crop yield prediction and forecast. Crop yield, crop
management, soil and weather data are among the four types of phenotype
data collected in the data collection section. Pre-processing process involved
in the yield dataset in terms of filling missing entities in the soil and crop
management parameters by mean method. Dimensionality reduction was also
carried out in the weather parameters in terms of weekly conversion in the
ratio of 365:52. Feature engineering processes used in the yield forecasting
in terms of conversion of stationary data, finding autocorrelation, feature
importance and feature selection can be carried out in the feature engineering
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Figure 13 Work flow diagram of crop yield prediction.
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Figure 14 Work flow diagram of crop yield forecasting.
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process. Modelling in crop yield prediction can be done through GBR for
prediction of corn and soybean crop yield and comparative analysis also made
between other regression models with regression accuracy parameter metrics.
Modelling in crop yield forecast can be done through various univariate
and multivariate time series modelling techniques for effective forecast and
comparative analysis also made between time series models with regression
metrics.

9 Results and Discussion

Our crop yield forecasting and prediction model is written in Python, with
tensor flow as the backend and keras as the frontend. Soil, crop management,
and meteorological information are included in a crop yield performance
dataset gathered from multiple sources. The crop dataset for corn and soy-
beans consists of four major categories of parameters namely crop yield,
soil, crop management and weather parameters across 38 years of 105 unified
locations. Each category of input data consists of multiple dimensions already
discussed in the methodology section. Weather data was dimensionally
reduced by transforming daily observations to weekly constraints of 38 years
by the mean method, results in significant reduction in weather parameters
from 2,190 to 312 trainable parameters only needed for training and produced
better yield prediction accuracy. Figure 15 clearly depicts the crop yield
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Figure 15 Crop yield performance dataset conceptual representation.
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Figure 16(b) Soybean crop yield distribution.

performance dataset conceptual representation and its dimensions. Overall
there are 434 and 432 input parameters for crop yield dataset. Figures 16(a)
and 16(b) clearly shows the yield distribution of both crops across the years.
Figures 17(a) and 17(b) shows the distribution of yield, weather and year of
both the crops across the dataset.
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Figure 17(b) Data on soybean crop distribution based on weather, yield, and year.

9.1 Multiple Linear Regression

This is used to predict the yields of both crops using multiple input parameters
namely soil, crop management and weather parameters and finally target or
output variable i.e. yield prediction with respect to all input parameters with
appropriate Sklearn linear regression libraries along with suitable prediction
method. Figures 18(a) and 18(b) shows a comparison graph between real and
anticipated yield in both the crops.
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Figure 18(a) Comparison between real and anticipated yield in corn crop using MLR.
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Figure 18(b) Comparison real and anticipated yield in soybean crop using MLR.

9.2 Decision Tree Regression

Using a variety of input data, DTR is used to estimate corn and soybean crop
yields, including soil, crop management and weather parameters, as well as
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a target or output variable. It also works well with our crop yield prediction
model because it allows us to make judgments using a decision tree struc-
ture. Yield prediction with respect to all input parameters with appropriate
Sklearn linear regression libraries along with suitable prediction methods.

Figures 19(a) and 19(b) shows a graph comparing actual and expected crop
yields in corn and soybean crops.
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Figure 19(b) Comparison between real and anticipated yield in soybean crop using MLR.
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9.3 Random Forest Tree Regression

With a variety of input data, RFTR is used to estimate corn and soybean crop
yields, including soil, crop management and weather parameters, as well as
a goal or output variable. The final crop production projection is based on
the average of all decision tree outputs or decisions. Yield prediction with
respect to all input parameters with appropriate Sklearn linear regression
libraries along with suitable prediction methods. Figures 20(a) and 20(b)
shows comparison graph real and anticipated crop yield in corn and soybean

crops.
| |
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Figure 20(a) Comparison between real and anticipated yield in corn crop using RFTR.
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Figure 20(b) Comparison between real and anticipated yield in soybean.
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9.4 Gradient Boosting Regression

GBR is a model that estimates corn and soybean crop yields based on a set
of input elements, such as soil, climatic and crop management, as well as a
target or output variable. The final forecast is entirely based on the sum of
all previous regression models’ learning experiences. Yield prediction with
respect to all input parameters with appropriate Sklearn linear regression
libraries along with suitable prediction methods. Figures 21(a) and 21(b)
shows comparison graph between ground truth and anticipated crop yield in
both the crops.
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Figure 21(a) Comparison between real and anticipated yield in corn crop using GBR.
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Figure 21(b) Comparison between real and anticipated yield in soybean crop using GBR.



Phenotype Based Smart Mobile Application for Crop Yield Prediction 625

9.5 Auto Regression

Auto regression is one of the popular univariate time series models for
forecasting crop production. Crop year will act as the input variable and
forecasted crop yield will be acted as a target variable. It takes a previous
time stamp for the next forecast, the previous year crop yield will be taken
as the input for forecasting the next year crop yield of corn and soybean.
Figures 22(a) and 22(b) indicates the graphical representation of real versus
predictions of corn and soybean crop yield. Figures 23(a) and 23(b) depicts
corn and soybean crop forecasted for future seven years.

Figure 22(a) Actual Vs Prediction on corn crop of AR.

Y S—
AR Predicitons
521 \ —
\\

\ Actual values
90 \\
'} \

\\__._—-——-—-__
!

% \

0 l 1 1 4 § B
Figure 22(b) AR Actual Vs Prediction on soybean crop of AR.
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Figure 23(a) AR yield forecast on seven years on corn crop.
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Figure 23(b) AR yield forecast on seven years on soybean crop.

9.6 Moving Average

Moving average is one of the popular univariate time series models for
forecasting crop production. Crop year will act as the input variable and
forecasted crop yield will be acted as a target variable. It takes previous
timestamp as well as average error for the next forecast, the previous year
crop yield will be taken as the input for forecasting the next year crop yield of
both the crops. Figures 24(a) and 24(b) indicates the graphical representation
of corn, soybean yield across years and soybean crop yield. Figures 25(a) and
25(b) shows the moving average of corn and soybean crop yield across years.
Figures 26(a) and 26(b) shows corn and soybean crop forecasted for future
years.
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Figure 25(a) Moving average corn yield representation.
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Figure 25(b) Moving average soybean yield representation.
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Figure 26(a) MA forecast on corn yield.

Figure 26(b) MA forecast on soybean yield.



Phenotype Based Smart Mobile Application for Crop Yield Prediction 629

9.7 Auto Regression Integrated Moving Average

ARIMA is one of the popular univariate time series models for forecasting
crop production. Crop year will act as the input variable and forecasted crop
yield will be acted as a target variable. It takes previous timestamp as well as
average error of previous time stamp for the next forecast, the previous year
crop yield will be taken as the input for forecasting the next year crop yield
of both the crops. Figures 27(a) and 27(b) shows the corn and soybean crop
yield forecast.

e
e

Figure 27(a) ARIMA forecast on corn crop.

o
L

Figure 27(b) ARIMA forecast on soybean crop.

9.8 Vector Auto Regression

VAR is one of the popular multivariate time series models for forecasting
crop production. Crop year, soil, crop management and weather parameters
will act as the input variable and forecasted crop yield will be acted as a
target variable. Forecast of crop yield will be based on the previous year
timestamp along with their other input parameters of that time stamp will be
used for forecasting. Figures 28(a) and 28(b) shows the forecasted corn and
soybean crop production using VAR. Figure 29 clearly demonstrates VAR
outperformed other time series models with least RMSE values.
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Figure 28(b) VAR forecast on soybean crop.
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Figure 29 Performance representation of time series models.
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10 Conclusion

Crop yield prediction and forecast plays a predominant role in global food
supply chain management. Effective crop yield prediction and forecast pro-
vide balance between import and export of food products across the globe.
Our mobile application based crop yield prediction and forecast model
applied with machine learning regressions for yield predictions and time
series analysis for corn and soybean yield forecasting. By using our mobile
application, farmers can easily able to predict and forecast the crop yield
based on the input of historical crop data of past years. The role of machine
learning models used in the mobile application is to predict the crop yield
based on the training of past crop yield data and the role of time series
models used in the mobile application is forecast the future crop yield based
on the past time series information about the crop yield. GBR outperformed
all other machine learning regressions with 92.648% yield accuracy. VAR
outperformed all other classical time series models with 94.367% forecasted
yield accuracy with regression metrics of RMSE, MSE and MAE.

In the future, crop yield prediction models could be validated using deep
learning models, with estimates based mostly on observations of yield pattern
changes over time. Adding genotype characteristics to existing phenotype
features in the crop yield performance dataset, as well as finding the most
significant and non-significant genotype parameters for improved crop yield
prediction, is still a research challenge.
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