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Abstract: The yield of energy crops has been widely questioned by the public, but few researchers have analyzed the yield prediction of
these crops, which has greatly limited their distribution and use. Based on this, in this study, a machine learning algorithm was used to
design an energy crop yield simulation and prediction system, and this system was used to analyze the yields of four common energy
crops. First the factors that affect the yield of energy crops are discussed, and then, the analysis of the machine learning algorithm and
its application in the yield prediction of energy crops is presented, followed by an introduction to the framework of the energy crop
yield simulation and prediction system. At the end of this paper, the effect of the energy crop yield simulation and prediction system
was analyzed, and the feasibility conclusion was finally reached. The energy crop yield simulation and prediction system designed in
this paper can greatly improve the accuracy of yield prediction when forecasting and analyzing energy crop yields. The sugarcane yield
measured by the back propagation (BP) neural network model was 8694 kg/hm?, with a relative deviation of 0.86% from the actual. The
BP neural network algorithm is widely used in energy crop yield prediction, and can greatly improve the accuracy. In the future, with

the maturity and development of a BP neural network algorithm, it would promote the development of crop yield prediction.

Key words: Energy crops, machine learning algorithms, BP neural network, yield prediction

1. Introduction

Predicting crop trends is an important prerequisite for
ensuring future food security and responding to climate
change. Crop models are important tools for simulating
and predicting large-scale yield, but they contain great
uncertainty. Previous studies have focused on the sources
of uncertainty of crop model inputs and parameters, but
less attention has been paid to the uncertainty caused by
the model structure, especially the systematic study of the
differences and similarities of the performance of different
types of models. Because few researchers have analyzed
crop yields, there is currently a lack of data on energy crop
yield prediction, and measures need to be taken to further
analyze and study it.

Crop yield prediction is not a new topic, and many
scholars have made contributions in this regard. Shah-
hosseini (2021) investigated whether the coupling of crop
modeling and machine learning improved corn yield
prediction in the US corn belt. The main purpose was
to explore whether the hybrid method would bring bet-
ter prediction results. Kamath (2021) provided a quick
check of agricultural yield prediction using the random
forest method. Peng (2018) evaluated the benefits of using
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seasonal climate prediction and satellite remote sensing
data to predict US corn yield at the national and county
levels. Zhu et al. (2019) proposed an improved reinsur-
ance pricing framework, including a crop yield forecast-
ing model. The model used a new credibility estimator and
closed reinsurance pricing formula to integrate weather
variables and crop production information from differ-
ent geographically relevant regions. Heino (2020) made
use of the crop yield data of the global grid crop model
set for a series of crop management scenarios simulation.
Devika and Ananthi (2018) used data mining technology
to predict the annual yield of main crops. However, few
researchers have used machine learning algorithms to ana-
lyze and study crop yields.

The machine learning algorithm has a wide range of
applications in forecasting data, including not only crop
yield, but also electricity price forecasting. Palanivel and
Chellammal (2019) analyzed the method of using machine
learning and big data technology to predict crop yield. Ga-
ranayak (2021) used crop recommendation systems with
different machine learning regression methods to calcu-
late crop yield recommendations by accurately comparing
many machine learning regression methods. Andrianov
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(2018) proved that the memory cycle artificial networks
can not only accurately estimate the multi-phase rate of
the current time (acting as a virtual flowmeter), but can
also predict the rate of a series of time moments in the fu-
ture. Naumzik and Stefan (2021) used machine learning to
predict electricity prices. They analyzed the sensitivity of
the predictor. However, there are currently no studies on
the design of an energy crop yield simulation and predic-
tion system in the research of machine learning prediction
data.

In order to improve the accuracy of energy crop yield
prediction, the back propagation (BP) neural network
method was used to design the energy crop yield simu-
lation and prediction system. In this paper, four kinds of
energy products were analyzed by a remote sensing yield
estimation model, multiple regression and factor analysis
model, grey theory model, and BP neural network model.
Finally, it was determined that the output of the sorghum,
cassava, corn, and sugarcane measured by the energy
crop yield simulation and prediction system using the BP
neural network was the closest to the actual value, and its
relative accuracy was the highest. Then, a simulation and
prediction system for energy crop yield was designed to
analyze crop yield, which has certain reference value.

2. Factors affecting the output of energy crops

The environmental impact of energy crops comes from
the environmental impact of the planting, processing, and
use of energy crops, resulting in changes in the structure
and function of ecosystems, such as natural, chemical, and
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physical environmental impacts (Vera, 2021). The devel-
opment and use of energy crops have improved the struc-
ture and function of ecosystems in many ways. In terms
of natural environmental impact, it can reduce the input
and discharge of pollutants in agricultural production, in-
crease the recycling of waste, improve the ecological envi-
ronment, and reduce energy pressure. It promotes urban
development and resource efficiency. In terms of physical
and chemical environmental impacts, it can provide clean
energy, reduce dependence on fossil fuels, reduce acid rain
and greenhouse gas emissions, etc. Sustainable energy
crops can also have a positive impact on the environment.
At the same time, the development of energy crops would
have some negative impacts on the environment. The
growth of energy crops would affect the surrounding veg-
etation and groundwater, the processing of energy crops
would consume fossil energy and cause secondary pollu-
tion, the competition of energy crops for agricultural fer-
tilizers, and the freshwater crisis. The more energy crops
are produced, the greater the impact on human survival
and development. In this paper, the factors affecting the
yield of energy crops were analyzed at two levels: natural
factors and human factors, as shown in Figure 1.

2.1. Impact of natural factors on energy crop yields

The main natural factors affecting the output of energy
crops are heat, light, rainfall, and precipitation, which have
a significant impact on agricultural production and affect
the expansion and development of agriculture (Fahlbusch,
2018). Different crops need different growth environments
and climatic conditions, and there are obvious geographi-
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Figure 1. Factors affecting the yield of energy crops.
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cal differences in climate distribution. Therefore, the selec-
tion of energy crops in specific areas must be coordinated
with climate factors. The demand for heat and sufficient
light is determined by the plant’s own genes, which deter-
mine whether they lack light or heat. Light intensity affects
the growth and development of energy crops. Different
plants need different light intensities. Most energy crops
are more suitable for growing in full sunlight, but some
plants can grow normally in less light. Rainfall and actual
rainfall: Rainfall depends on soil texture, soil characteris-
tics, rainfall intensity, soil moisture at that time, water de-
mand of energy crops and other factors.

2.1.1. Influence of temperature on energy crop yields
Temperature is the most important factor affecting the
yield of energy crops (Paschalidou et al., 2018). The high
temperature and sunshine in the daytime promote the
photosynthesis of energy crops and increase the nutrient
yield. The low temperature at night reduces the respiration
of energy crops and energy intake, which is beneficial to
the accumulation of nutrients.

2.1.2. Influence of the soil quality on energy crop yields

Soil is an important basis for the healthy growth and yield
improvement of energy crops, so it is very important to
improve soil quality. Soil nutrients and pH have a direct
impact on the growth of energy crops, so scientific plan-
ning should be carried out at the initial stage of energy
crop planting. Moreover, energy crops need a certain de-
gree of soil permeability, so fields should be ploughed and
fertilized regularly to ensure that the soil is conducive to
the healthy growth of these crops. In order to improve
the soil quality, organic fertilizer should be used as well
as modern irrigation methods to irrigate the soil. The ad-
dition and supply of water and nutrients provide a solid
foundation for the production of high-yield energy crops.

2.1.3. Influence of genetic factors on energy crops

The genetic determinants of energy crops have a great im-
pact on the yield. The taste and internal components of en-
ergy crops are controlled by plant genetics. If the genetics
of energy crops do not include sufficient high-yield genes,
it is difficult to achieve the total yield in agricultural pro-
duction.

2.1.4. Influence of the geography of the energy crop
growing area

Geographic location is an important factor in determining
the yield of energy crops. When the same types of energy
crops are planted under different geographical conditions,
the yields of these crops are different. In high-latitude and
high-altitude areas, the sugar content of crops is high due
to the low temperature, long duration of sunshine, and
large diurnal variation. The yield and quality of energy
crops planted in different seasons also have significant dif-
ferences.
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2.2. Influence of human factors on energy crop yields

2.2.1. Influence of the sowing time on energy crop yields
The seeding of energy crops is affected not only by the
soil quality, but also by the seeding time. Different types
of energy crops have different requirements in regard to
sowing time, temperature, and humidity. Itisalso important
to select the right seeding method for energy crop varieties.
Scientific seeding enables energy crops to withstand the
challenges of temperature, humidity, and adverse weather
conditions in the subsequent growth process. The sowing
date has a direct impact on the germination and growth
rate of energy crops. Only by adjusting the sowing date
according to the field environmental conditions can the
seed germination rate be increased, and thus, the yield be
increased.

2.2.2. Influence of seed selection techniques on energy
crop yields

Before formally planting energy crops, farmers often have
to go through the proper seed selection process. The qual-
ity of the screening process has a significant impact on the
overall crop yield. When making the selection, the grower
must take into account the impact of the natural environ-
ment on the growth of energy crops and try to select seeds
that are compatible with the planting site and natural envi-
ronment. Scientific methods are also needed to ensure the
quality of energy crop seeds. For example, some seeds can
be tested before production to check the quality and yield
of the energy crop and eliminate seeds that do not meet
the actual needs of crop production. In addition, this pro-
cess removes as many diseased seeds as possible to prepare
for future crop production.

2.2.3. Influence of sowing techniques on energy crop
yields

Sowing methods used in agricultural production also have
a great impact on the yield of agricultural products. When
planting agricultural products, producers need to ensure
that the planting density and time are appropriate. The
most suitable sowing time should take into account the
geographical conditions of the planting area and the cur-
rent situation of energy crops. With regard to the planting
density, it is necessary to check the leaf density between
energy crops, taking into account the specific varieties of
the energy crops to be planted.

2.2.4. Impact of fertilizer application techniques on
energy crop yields

Fertilization also affects the yield and quality of energy
crops. The specific amount and interval of fertilization
varies for different energy crops. The farmers’ choice of
fertilizer also leads to differences in the yield and quality
of energy crops.

2.2.5. Effect of the planting density on energy crop yields
Energy crop varieties have different requirements for plant
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density. The plant density is also closely related to their
ability to better carry out photosynthesis and whether they
are well ventilated. Therefore, in order to ensure high yield,
attention should also be paid to controlling the plant den-
sity of energy crops to ensure optimal photosynthesis. Tak-
ing sorghum as an example, high plant density would lead
to insufficient nutrition and serious consumption of soil
resources. Insufficient planting density would also affect
the yield of sugarcane. If the planting density is too high,
the sunlight would be insufficient. If the planting density is
too low, the yield per plant may be relatively high, but the
total amount of sugarcane planted in the same area would
decrease, which would ultimately affect the total yield of
sugarcane.

3. Machine learning algorithm and its application in en-
ergy crop yield prediction

3.1. Introduction to machine learning algorithms
Machine learning allows computers to learn and process
problems in the same way as humans, so people must pay
attention to how they use machine learning algorithms
to solve real-world problems (Greener, 2022). Machine
learning has a wide range of research and application sce-
narios. It is an interdisciplinary field, including the results
of artificial intelligence, information theory, probability
and statistics, cybernetics, and other disciplines.

The neural network algorithm is an improved BP algo-
rithm used in crop yield prediction, which is a self-learn-
ing algorithm used to build a three-line BP neural network
(a-b-c) (Zhao, 2022). A is the input neuron, b is the hidden
layer neuron, and c is the output neuron. The more layers,
the easier it is to solve more complex and nonlinear prob-
lems. The yield of crops is affected by various uncertain
factors, which is a complex nonlinear system. As for the
artificial neural network analysis method, BP is a nonlin-
ear system with only one input and one output.

The BP neural network is a multilayer feedforward
neural network. The BP neural network is a basic network
that contains the best and most complete neural network
content. Each neuron in the input layer is responsible for
receiving information from the outside world and sending
it to the neurons in the hidden layer. The hidden layer is
the internal information processing layer, responsible for
transforming information. According to the needs of the
information processing capability, the hidden layer can be
designed as one or more hidden layers. Finally, the hid-
den layer is transferred to the output layer to complete the
forward learning process. If the actual expected value is
not equal to the expected value in the output, it adjusts the
weight of each layer according to the reduction of the error
gradient and completes the return of the hidden layer and
the input layer.

The number of nodes in the hidden layer of the three-
layer BP network determines the success or failure of the

model. In this paper, the samples were divided into training
samples and test samples, which were used to test and im-
prove the network. The BP network can gradually increase
or decrease the number of nodes in the hidden layer accord-
ing to the results to adjust the network. Once the hidden
layer node is determined, the network is trained and tested.
If the error is within a reasonable range, it can be used for
predictive testing. In a word, BP neural network algorithm
is widely used in the analysis of energy crop yield.

The BP neural network algorithm consists of two pro-
cesses: forward signal propagation and backward error
propagation. The process of forecasting energy crop yield
is as follows: The incoming energy crop yield information
is first transferred to the hidden layer for layer-by-layer
processing, and then the output information is transferred
from the hidden layer to the output node. If the output lay-
er cannot achieve the expected result, it will conduct back-
scattering to minimize the error signal generated. This re-
sults in a final satisfactory weight distribution result. The
weight adjustment process is also the learning and training
process of the network. This process continues until the
output error of the network is reduced to an acceptable
level, or until the scheduled training times are completed.

The target of input energy crops is set as in Eq. (1) below:

B, = (by,by,--by)(z = 1,2,---,n). (1)

Here, n is the logarithm of learning mode and m is the
number of input layer units.

The expected output vector for the input energy crop
target is as shown in Eq. (2):

X, = (Xl,XZ,"'Xp)(Z =1,2--,n) (2)

Here, p is the number of output layer elements.

According to the idea of mode forward propagation,
the input and output of each unit in the output layer are as
shown below in Egs. (3) and (4):

O = X Wik € — X (3)

The weight vector and threshold of energy crop analy-
sis are modified using the gradient method, as given in
Eq. (5) below:

Aw(n+1) = ¥

_nocv?/((n) + BAw(n) = wn + 1) —w(n) (5)

Here, 1) is the learning rate or learning factor of the BP
neural network, and B is the momentum factor.
The general error given in Eq. (6):
P
F, = Z (x — DE)?/2
=1

(6)
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The error of BP neural network is as given in Eq. (7):

F=Zn:Ft=Zn:Zp:(Xﬁ—Di)2/2 (7)
t=1 t=1 k=1

3.2 Application of the BP neural network algorithm in
energy crop yield prediction
The generalization ability of the BP neural network means
that the design of the pattern classifier must consider
whether the network can correctly classify the required
classification objects, and whether the network can
correctly classify the invisible or noise-polluted patterns
after training. In other words, the BP neural network can
apply the learning results to new information. If the local
or partial neurons of the BP neural network are damaged,
it would have little impact on the global learning results;
that is, even if the local neurons are damaged, the system
can continue to operate normally. In other words, the BP
neural network has a certain degree of fault-tolerance.
The BP neural network model has important advan-
tages in complex nonlinear systems. It does not need to
generate complex mathematical models but can gener-
ate complex relationships that occur after training. It has
high adaptability and fault-tolerance and allows data input
with certain noise. It has a distributed and parallel stor-
age mode. It has the adaptability of nonprogramming,

self-organization, and computation. Therefore, the neural
network is particularly suitable for data processing that is
difficult to express by traditional calculation methods, and
its application in energy efficiency prediction is very effec-
tive. Its advantages are summarized in Figure 2.

4. Framework of the energy crop yield simulation and
prediction system

4.1. Design of the energy crop yield simulation and
forecasting system

The energy crop yvield prediction system is an information
system based on many agrometeorological crop prediction
models in China. The system combines energy output pre-
diction and graphical management, and presents the pre-
diction results in graphical form, which is highly scalable
and inheritable.

4.2. General structure of the energy crop yield simulation
and forecasting system

The energy crop yield simulation and prediction system is
mainly composed of a data layer, model layer, and applica-
tion layer. The data layer mainly manages the data used
for model-based application, assimilation, or prediction.
The model layer includes application interfaces of different
crop models, powerful model calculation methods, and
spatial analysis tools. The application layer mainly deals

It can generate complex

) rel ati onships that emerge
H from sampling after
k= ®

training

Noneed to generate complex
mathematical models

|
N

Is highly adaptive and fault tolerant

v
N

Has distributed and parallel storage

&

Is non-programmable, self-organising
and computationally adaptive

Allows for somewhat
noisy data inputs

Neural networks are
particularly well suited to
data processing that is
difficult to express using
traditional computational
methods, and their
application to energy
efficiency prediction is
highly effective

Figure 2. Advantages of BP neural network algorithms for energy crop yield prediction.
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with tools used to run crop models in operational appli-
cations. The overall framework of the system is given in
Figure 3.

4.2.1. The data layer

The data layer is mainly used to manage and pre-process
data from different sources. The meteorological data are
interpolated to the points in the spatial grid using spatial
interpolation technology. The soil parameters in the field
are mainly from agrometeorological stations, while the
soil parameters in space are from a national database that
provides very accurate soil parameters. The main soil pa-
rameters include the saturated water content, wilting coef-
ficient, and field water holding capacity. Once the region
parameters are obtained, they are allocated to a region us-
ing the Tyson polygon expansion method.

4.2.2. The model layer

The calculation of the model requires the use of powerful
computing resources and spatial analysis. The model layer
is an open interface, which can easily integrate other crop
models to merge several models. The model relies on daily
weather data as the driving force and combines soil pa-
rameters and farm management information to simulate
crop growth dynamics.

Mainly manages data for model-based
applications. assimilation or forecasting

Model laver

1 Includes l Bols
content

Includes application interfaces to
different crop models, powerful model
~ calculation methods and spatial analysis tools

4.2.3. The application layer

The model results are used in the application layer of the
system for crop growth monitoring, agrometeorological risk
early warning and impact assessment, yield prediction and
other agrometeorological services.

4.2.4. Data management and system integration

The energy crop simulation and prediction system include
a database, a crop modeling module, an algorithm module
for commercial agrometeorological applications, an interac-
tive graphical user interface, and data summary software file.
The database mainly includes meteorological station and net-
work database, spatial soil database, agrometeorological da-
tabase, earth observation database, remote sensing database
and weather forecast database. All of the databases are based
on the agrometeorological system database of the National
Meteorological Center. In the crop model module, the ap-
plication programming interface design method can be used
to design the data generation, parameter setting, model op-
eration, and model result processing of different crop models
in the system. Due to the flexible application programming
interface model, it can flexibly integrate other crop models
into the system. A plug-in-based network is used for spatial
search, analysis, and display of the model results.

Apglication layer

Deals mainly with the tools
used to mun crop models
in operational applications
o
-

‘///Da:a:mag;nmt and system integration

Database Crop modelling module

Lo & o

Algorithm modules

Interactive graphical
user interface

Data aggregation
software files

Figure 3. General framework of the energy crop yield simulation and
prediction system.
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5. Effect of the energy crop yield simulation and predic-
tion system

The yield prediction of energy crops plays an extremely
important role in the distribution and utilization of these
crops. Only by accurately predicting the output of energy
crops can people achieve accurate distribution and utiliza-
tion in crop analysis and utilization. Therefore, the yield
prediction of energy crops was analyzed herein, and four
main energy crops were selected to predict the main ener-
gy substances. At the same time, four different yield simu-
lation and prediction systems were selected for the com-
parative analysis. The experimental materials and methods
that were selected are summarized in the Table.

5.1. Forecasting the sorghum yield

Sorghum with an actual yield of 4454 kg/hm? was selected
as the test sample. Four models were used for the analy-
sis, namely, A refers to the remote sensing yield estimation
model, B refers to the multiple regression and factor analy-
sis model, C refers to the grey theory model, and D refers

Table. Materials and methods selected for the experiments.

to the BP neural network model. The results are presented
in Figure 4.

Figure 4 shows the predicted value of the sorghum
yield predicted by the different methods (left), and the
relative deviation of the sorghum vyield predicted by the
different methods (right). The sorghum yield measured
by the remote sensing yield estimation model was 4355.2
kg/hm?, with a relative deviation of -2.22% from the ac-
tual. The sorghum yield measured by the multiple regres-
sion and factor analysis model was 4635.5 kg/hm?, with a
relative deviation of 4.07% from the actual. The sorghum
yield measured by the grey theory model was 5135.4 kg/
hm?, with a relative deviation of 15.3%. The sorghum yield
measured by the BP neural network model was 4462.8 kg/
hm?, with a relative deviation of 0.2% from the actual. In
comparison, the sorghum yield measured by the energy
crop yvield simulation and prediction system using the BP
neural network was the closest to the actual value and the
highest accuracy compared with the sorghum yield mea-
sured by the other models.

Experimental materials Experimental methods

Sorghum Remote sensing yield estimation model
Cassava Multiple regression and factor analysis models
Maize Grey theory models

Sugar cane BP neural network models

5200
5000

4800

4600
4400
4200
4000
3800
A B C D

Experimental methods

Yield (kg/hm?)

]

o

Relative bias (%),

'S

Experimental methods

Figure 4. Results of the different methods for predicting the sorghum yield.
Predicted values of the sorghum yield by the different methods (left) and relative
deviations of the sorghum yields predicted by the different methods (right).
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5.2. Forecasting the cassava production

Cassava with actual output of 5300 kg/hm?* was selected as
the test sample, and the measured cassava output results
are presented in Figure 5.

Figure 5 shows the predicted value of the cassava yield
predicted by the different methods (left), and the relative
deviation of the cassava yield predicted by the different
methods (right). The cassava yield measured by the remote
sensing yield estimation model was 5631 kg/hm?, with a
relative deviation of 6.25%. The cassava yield measured by
the multiple regression and factor analysis model was 6324
kg/hm?, with a relative deviation of 19.32% from the ac-
tual. The cassava yield measured by the grey theory model
was 4925 kg/hm?, with a relative deviation of -7.08%. The
cassava yield measured by the BP neural network model
was 5442 kg/hm?, with a relative deviation of 2.68%.

5.3. Forecasting the corn yield

Corn with actual yield of 13,500 kg/hm* was selected as
the test sample, and the measured corn yield results are
presented in Figure 6.

Figure 6 shows the predicted value of the corn yield
predicted by the different methods (left), and the relative
deviation of the corn yield predicted by the different meth-
ods (right). The corn yield measured by the remote sensing
yield estimation model was 20,154 kg/hm?, with a relative

7000

6000

5000
3000
2000
1000
0

A B C D

Experimental methods

H
[=3
p=4
o

Yield(kg'hm?)

deviation of 49.29% from the actual. The corn yield mea-
sured by the multiple regression and factor analysis model
was 14,206 kg/hm?, with a relative deviation of 5.23% from
the actual. The corn yield measured by the grey theory
model was 11,254 kg/hm? with a relative deviation of
-16.64% from the actual. The corn yield measured by the
BP neural network model was 13,467 kg/hm?, with a rela-
tive deviation of —0.24% from the actual. The corn yield
measured by the energy crop yield simulation and predic-
tion system using the BP neural network was the closest to
the actual value, but slightly lower than the actual value.

5.4. Forecasting the sugarcane yield

Sugarcane with an actual yield of 8620 kg/hm?* was selected
as the test sample and the measured sugarcane yield results
are presented in Figure 7.

Figure 7 shows the predicted value of the sugarcane
yield predicted by the different methods (left), and the
relative deviation of the sugarcane yield predicted by the
different methods (right). The sugarcane yield measured
by the remote sensing yield estimation model was 10,024
kg/hm?, with a relative deviation of 16.29% from the ac-
tual yield. The sugarcane yield measured by the multiple
regression and factor analysis model was 8935 kg/hm?,
with a relative deviation of 3.65% from the actual. The sug-
arcane yield measured by the grey theory model was 6954

25

[y
o w

w

Relative bias(%)

-10
Experimental methods

Figure 5. Results of the different methods for predicting the cassava yield. Predicted values of the
cassava yield by the different methods (left) and relative deviations of the cassava yields predicted by

the different methods (right).
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Figure 6. Results of the different methods for predicting the maize yield. Predicted values of the
maize yield by the different methods (left) and relative deviations of the maize yields predicted by the
different methods (right).
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Figure 7. Results of different methods for predicting sugarcane yield. Predicted values of the
sugarcane yield by the different methods (left) and relative deviations of the sugarcane yields
predicted by the different methods (right).
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kg/hm?, with a relative deviation of —-19.33%. The sugar-
cane yield measured by the BP neural network model was
8694 kg/hm?, with a relative deviation of 0.86% from the
actual. The relative deviation between the sugarcane yield
value measured by the energy crop yield simulation and
prediction system using the BP neural network and the
actual value was less than 1%, which can basically be ig-
nored.

6. Discussion

6.1. Problems with prediction in the energy crop yield
model

The growth, development, and yield processes of energy
crops are very complex, and are affected by natural and
human factors such as climate and soil. Socioeconomic
factors, such as politics and markets, also amplify the
changes in local food production. At present, there are
many methods to predict and forecast the medium and
long-term yield of energy crops. Some models have high
prediction accuracy, but the above analysis shows that the
yield prediction model needs to be improved in the fol-
lowing aspects.

6.1.1. Forecast accuracy

Some models have high accuracy in regional crop yield
prediction, such as remote sensing models and technical
data models. Most models cannot be used for medium and
long-term prediction, and the accuracy of yield predic-
tion for small single crops is also not high. The mecha-
nism model can be used for simulation of different scales,
but the future medium and long-term prediction would
depend on the accuracy of climate change prediction. At
present, it is more likely to estimate the yield trend under
different climate change and policy scenarios in the future.

6.1.2. The model’s utility

In statistical and mechanical models, many parameters are
related to speed in specific application fields. Therefore, it
is difficult to use them in other fields or on a larger spa-
tial scale. Expanding these models to a larger spatial scale
requires more detailed information. As the number of pa-
rameters increases, the accuracy and applicability of these
models would also decline.

6.1.3. Practicality of the model

It may be difficult to choose the correct model because
different models use different principles and methods for
different purposes and application fields. Many models
are very complex, including many factors that affect the
performance of energy crops. Therefore, users need to
determine which factors affect the simulation of the model
and the role they play. The lack of practicality of these
models limits their dissemination and use because it is
difficult for ordinary users to define parameters, calibrate
models and use them.

6.2. Strategies for improving the yield of energy crops

6.2.1. Selecting high-quality varieties for planting

With the improvement of science and technology, there
are more and more types of energy crops, and their yield
and quality are different under different conditions. There-
fore, it is important for growers to select the most suitable
energy crop varieties for the region before planting. When
selecting seeds, growers should also be aware of the impact
of regional climate conditions on the growth and develop-
ment of energy crops.

6.2.2. Proper land management

Soil conditions have a great impact on the yield and qual-
ity of energy crops, so growers need to prepare soil at the
planting site, which is a part of daily production opera-
tions. When sowing, the seeds of energy crops should be
evenly sown in soil that is as moist and flat as possible.
This ensures that sufficient nutrients are available for the
growth and development of the crops. If any unevenness
is found in the soil during crop growth, it should be cor-
rected immediately. Finally, if the soil is too dry, timely ir-
rigation is needed to ensure that there is enough water for
the growth and development of the crops.

6.2.3. Formulation of a scientific and reasonable
fertilization plan

Before applying mineral fertilizer, it is important to first
select the fertilizer type that is most suitable for the actual
demand of the energy crops. As part of this process, grow-
ers should fully understand the characteristics of the en-
ergy crops, and then use these data to select fertilizers that
meet the actual needs before formal fertilization. Growers
need to choose different fertilizers for their production ac-
tivities, taking into account the specific conditions of the
different planting stages. This should maximize the role of
chemical fertilizers in the growth and development of en-
ergy crops to effectively improve the yield of energy crops.

6.2.4. Controlling the growth density of energy crops
Growers should check the density of the energy crops be-
fore sowing. According to the actual needs of the energy
crops, appropriate planting plans must be selected to sci-
entifically adjust the plant density. If the plant density is
too high during the cultivation of energy crops, the num-
ber of plants should be reduced in time to allow the nor-
mal growth of the energy crops.

7. Conclusions

In order to improve the prediction accuracy of energy crop
yield, this study used the machine learning algorithm to
design a simulation and prediction system for energy crop
yield and used different energy crop analysis systems to
analyze the yield of the different energy crops. The accu-
racy results of four models: the remote sensing yield es-
timation model, multiple regression and factor analysis
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model, grey theory model, and BP neural network model
were compared. It was found that the yield of sorghum,
cassava, corn, and sugarcane measured by the energy crop
yield simulation and prediction system using the BP neu-
ral network was the closest to the actual value, with the
highest relative accuracy. Machine learning algorithms
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