drones

Review

Grain Crop Yield Prediction Using Machine Learning Based
on UAV Remote Sensing: A Systematic Literature Review

Jianghao Yuan 1?2, Yangliang Zhang 3, Zuojun Zheng !, Wei Yao !, Wensheng Wang 4* and Leifeng Guo 3*

Citation: Yuan, J.; Zhang, Y.; Zheng,
Z.;Yao, W.; Wang, W.; Guo, L. Grain
Crop Yield Prediction Using
Machine Learning Based on UAV
Remote Sensing: A Systematic
Literature Review. Drones 2024, 8,
559. https://doi.org/10.3390/
drones8100559

Academic Editor: Fei Liu

Received: 14 September 2024
Revised: 1 October 2024
Accepted: 6 October 2024
Published: 8 October 2024

oon

Copyright: © 2024 by the authors. Li-
censee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and con-
ditions of the Creative Commons At-
tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/).

1 College of Information Science & Technology, Hebei Agricultural University, Baoding 071001, China
2 Academy of National Food and Strategic Reserves Administration, Beijing 100037, China

3 Agriculture Information Institute, Chinese Academy of Agriculture Science, Beijing 100086, China

¢ Big Data Development Center, Ministry of Agriculture and Rural Affairs, Beijing 100125, China
Correspondence: wangwensheng@caas.cn (W.W.); guoleifeng@caas.cn (L.G.)

Abstract: Preharvest crop yield estimation is crucial for achieving food security and managing crop
growth. Unmanned aerial vehicles (UAVs) can quickly and accurately acquire field crop growth data
and are important mediums for collecting agricultural remote sensing data. With the rapid devel-
opment of machine learning, especially deep learning, research on yield estimation based on UAV
remote sensing data and machine learning has achieved excellent results. This paper systematically
reviews the current research of yield estimation research based on UAV remote sensing and machine
learning through a search of 76 articles, covering aspects such as the grain crops studied, research
questions, data collection, feature selection, optimal yield estimation models, and optimal growth
periods for yield estimation. Through visual and narrative analysis, the conclusion covers all the
proposed research questions. Wheat, corn, rice, and soybeans are the main research objects, and the
mechanisms of nitrogen fertilizer application, irrigation, crop variety diversity, and gene diversity
have received widespread attention. In the modeling process, feature selection is the key to improv-
ing the robustness and accuracy of the model. Whether based on single modal features or multi-
modal features for yield estimation research, multispectral images are the main source of feature
information. The optimal yield estimation model may vary depending on the selected features and
the period of data collection, but random forest and convolutional neural networks still perform the
best in most cases. Finally, this study delves into the challenges currently faced in terms of data
volume, feature selection and optimization, determining the optimal growth period, algorithm se-
lection and application, and the limitations of UAVs. Further research is needed in areas such as
data augmentation, feature engineering, algorithm improvement, and real-time yield estimation in
the future.

Keywords: UAV; yield estimation; multimodal feature fusion; deep learning; random forest

1. Introduction

According to the report “The State of Food Security and Nutrition in the World 2024”
[1], the global incidence of food insecurity has risen sharply since the outbreak of COVID-
19 in 2019 and has remained at almost the same level for three years. As of 2023, about 713
to 757 million people globally are suffering from hunger, which is a serious deviation from
the goal of eradicating hunger, food insecurity, and all forms of malnutrition by 2030. It
can be seen that changes in grain crop yields have a significant impact on the stability of
global society and the basic needs of people. By estimating food crop yields, we can pro-
vide key information for achieving the 2030 target in order to develop a more rational
implementation plan.

However, yield estimation must be accurate, efficient, and timely to facilitate crop
variety selection and optimize field management for precision agriculture. Based on this,
researchers have developed grain crop growth models such as WOFOST [2], DSSAT [3],
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and APSIM [4]. Grain crop yield estimation is an extremely complex task as it is strongly
influenced by crop varieties, growing environment (soil, climate, etc.), irrigation, fertilizer
application, pests, and diseases [5]. In order to obtain better yield estimation results, these
models require a large amount of crop growth parameters, soil, and meteorological data,
which undoubtedly increases the cost, complexity, and uncertainty of yield estimation.

In recent years, remote sensing techniques have been developed and widely used for
agricultural monitoring [6]. For example, Zhai et al. [7] and Sadeh et al. [8] use remotely
sensed data for monitoring the soil and plant analyzer development (SPAD) and leaf area
index (LAI) of crops. Anitha [9] and Park [10] use remotely sensed monitoring data for
monitoring crop diseases and pests. Undoubtedly, it has also been widely used for esti-
mating grain yield. Several studies have been conducted to estimate crop yields based on
satellite remote sensing data, e.g., Gémez et al. [11] combined satellite remote sensing with
climate data to achieve regional wheat yield estimation. Zhuo et al. [12] and Xie et al. [13]
improved the accuracy of winter wheat yield estimation by inverting soil moisture, LAI,
and other related parameters from satellite remote sensing data and assimilating them
into crop growth models. Unmanned aerial vehicles (UAV) can perform low-altitude re-
mote sensing, which has the advantages of high flexibility, short operational cycles, high
spatial and temporal resolution, and low cost. [14,15]. They can obtain data with different
spatial and temporal resolutions by carrying different sensors to meet the needs of re-
searchers for different data, such as RGB images, multispectral, and hyperspectral images,
etc. Therefore, they are, thus, widely being used in areas such as power infrastructure
monitoring [16,17], geological hazards [18,19], atmospheric exploration [20], and precision
agricultural management [21-23].

Machine learning (ML), as an important branch of artificial intelligence, was intro-
duced by Arthur L. Samuel in 1959 [24]. Later, its concept was derived to understand and
analyze new knowledge by relying on historical experience and combining it with proba-
bilistic knowledge [25]. It is a common and effective classification and prediction method
that can handle not only simple linear problems but also complex nonlinear problems.
However, traditional ML is limited in its ability to capture complex nonlinear data,
whereas deep learning (DL) [26,27], which can extract multiscale and multilevel features
and abstract these features into high-level features [28,29], combined with its powerful
self-learning capabilities and portability, has been applied to object detection [30,31],
weather prediction [32,33], and natural language processing [34]. This provides new
methods and research ideas for predicting grain crop yields.

In this study, a systematic review of the literature was conducted with the aim of
summarizing the current application status of ML based on UAV remote sensing data in
estimating the yield of grain crops (including cereal crops, potato crops, and legume
crops), analyzing the shortcomings of current research, and providing ideas for future
research. All studies reviewed were obtained from electronic databases and organized to
answer the research questions. See Section 2.3 for more details.

The rest of this paper is structured as follows. Section 2 elaborates on the process of
the systematic literature review and proposes research questions. In Section 3, an overall
analysis is conducted for the systematic review. Section 4 provides a summary and brief
analysis based on the research question. Finally, Section 5 discusses the challenges and
opportunities of ML based on UAV remote sensing data in grain crop yield estimation
applications. Section 6 summarizes the full paper.
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2. Research Methods
2.1. Review Methodology

First, a review protocol must be established. This review was completed based on the
well-known review guidelines provided by Kitchenham[35]. Then, the research questions
were identified and relevant studies were retrieved from Scopus and Web of Science. Next,
the selected articles were screened based on exclusion criteria. Finally, the data extracted
from the articles were used to answer the research question.

2.2. Research Questions

The purpose of this study is to comprehensively summarize ML research on grain
crop yield prediction using UAV remote sensing data. By reading a large number of re-
search papers in the literature on yield estimation, we summarize the process of yield
estimation as follows: determining the research object and content, setting experimental
plans, data collection and preprocessing, feature selection (feature dimensionality reduc-
tion), model establishment, and validation evaluation; see Figure 1.

Determine the Research Object and Content

Wheat, Rice, Maize, Soybean, ......
Yield estimation, evaluation of yield influencing factors, impact o
yield under stress conditions, crop growth monitoring, ......

N

Set Up Experimental Plan

Determine the research area

Design gradient experiments (different irrigation rates, nitrogen
application rates, varieties, and planting densities, ......)

Clearly define the type and frequency of data collection, and prepare
the collection equipment

Data Collection and Preprocessing

N

e RGB, multispectral, hyperspectral, thermal imagery, LIDAR, plant
height, leaf area index, yield, ......

o Using professional software such as Pix 4D and ArcGIS to complete
synthesis and feature extraction of images collected based on UAV
Data augmentation

Feature Selection (Feature Dimensionality Reduction)

N

e Pearson, recursive feature elimination, principal components analysis,

RF, etc.

Model Establishment and Validation EValuation

N

Dataset partitioning (training set, testing set, validation set)
Cross validation

Parameter optimization (ablation experiments, grid search, etc.)
Validate the robustness and robustness of the model, and conduct
performance evaluation of the model

N

Figure 1. Research process for yield estimation.

According to the process in Figure 1, we developed seven research questions to guide
the systematic review and better achieve the research objectives. These questions will pro-
vide a clearer understanding of the shortcomings and challenges of the current research
and help researchers to better perform their related work. The seven research questions
are as follows.
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e  RQ1. Which grain crops are more popular for yield estimation using ML based on
UAV remote sensing data?

e RQ2. Which research questions have received widespread attention in yield estima-
tion research?

e RQ3.How can a dataset for yield estimation be obtained?

e RQ4. What are the data features used to estimate grain crop yields?

e RQ5. Which ML algorithms are better for grain crop yield estimation?

e RQ6. When is the best time for yield estimation for different crops?

e RQ7.What are the issues faced in the field of yield estimation?

2.3. Search Strategy

We answer these research questions by conducting a systematic review of the litera-
ture and identifying more precise keywords to complete the literature search. A search
using the single keywords “UAV” and “machine learning” returned numerous published
studies, most of which were not relevant to our research area. Therefore, to improve the
effectiveness of the search and to reduce the risk of missing relevant studies, we defined
more complex search strings, as shown in Table 1.

Table 1. The search strings for two databases.

Database Search String

Title, abstract, and keywords = (“crop yield prediction” OR “crop yield

estimation” OR “crop yield forecasting”) AND Title, abstract, and key-
Scopus words = (“unmanned aerial vehicle” OR “UAV” OR “drone”) AND Title,
abstract, and keywords = (“machine learning” OR “artificial intelli-
gence”)
Topic = (“crop yield prediction” OR “crop yield estimation” OR “crop
yield forecasting”) AND Topic = (“unmanned aerial vehicle” OR “UAV”
OR “drone”) AND Topic = (“machine learning” OR “artificial intelli-
gence”)

Web of Science

Topic including title, abstract, author keywords, and keywords plus.

2.4. Exclusion Criteria

Relevant studies were initially screened using the search string. To further optimize
the search results and eliminate results that were not relevant to the research question, we
defined four exclusion criteria and clarified the boundaries of the review.

e  Exclusion criteria 1: Articles written in a language other than English;

° Exclusion criteria 2: Review, conference article, book, book chapter, data paper;
° Exclusion criteria 3: Articles where the full text is not available;

e  Exclusion criteria 4: Articles that are duplicated across search databases.

2.5. Data Extraction

In order to accurately answer the research questions posed, we created a data extrac-
tion table that includes basic information of the article (source and year of publication)
and detailed information (research grain crops, problems solved, methods used, features,
assessment and evaluation metrics, optimal model). These data were obtained through
careful reading and review of the selected papers. Part of the content can be found in Ap-
pendix A.

3. Analysis of Selected Publications
3.1. Study Selection

According to our determined search strategy, a total of 625 articles were obtained, of
which 574 were in the Web of Science database and 51 in the Scopus database. After
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passing the exclusion criteria, 460 articles remained (165 were excluded). We downloaded
these articles and analyzed their abstracts and title to understand the research content of
the retrieved articles. Finally, 74 articles were identified (386 were excluded). In Figure 2,
we illustrate the process of screening articles from the selected databases according to
Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA). It is im-
portant to explain here why these 386 articles contain all the search strings but they still
do not meet our needs, mainly due to the following two aspects:

e  Their research task is not yield estimation, but monitoring of crop growth or crop
pests and diseases. Such as references [36-38], the abstract contains all the search
strings, but the final task is to monitor the LAI This is due to the mentioned im-
portance of LAI for yield estimation and use of UAV remote sensing data and ML
methods.

Their research objective is not grain crops, such as references [39,40].

# of studics retrieved after scarch protocol
(n =625, 574 articles from Web of science,

and 51 articles from Scopus)

/ # of studies excluded after using \
¥ exclusion criteria

# of studies after using exclusion criteria . . .(n = 165)
(n = 460) Exclusion criteria 1 (35)
Exclusion criteria 2 (124)

Exclusion criteria 3 (1)

Q{_Clusion criteria 4 (5) /

v /rf of studies excluded after screening\

(n = 386)

# of studies after Title and Abstract screening Not for grain crop (167)
{(n="74) Not for yield prediction (203)

Not UAV data used (14)

Not ML used (2) /

v

# of studies included in the systematic review
(n="74)

[ Included ] { Screening J [ Eligibility } {Identiﬁcation}

Figure 2. PRISMA flowchart showing the search results.

3.2. Overview of Reviewed Publications

We summarized and analyzed 74 articles retrieved from two electronic databases
based on the specific exclusion criteria in this review. Figure 3 shows that research on
estimating grain crop yield based on UAV remote sensing data and ML began in 2016. In
this study [41], the authors collected multispectral images of soybeans via a UAV platform
and modeled yield estimation using the random forest (RF) algorithm, demonstrating the
feasibility of the method. Meanwhile, this study also conducted research on soybean ma-
turity classification. There were no relevant reports in 2017 and 2018, until 2020, when the
number of reports increased significantly. By 2023, this number reached 24 articles. This
may be due to the rapid development of DL, which is favored by a large number of re-
searchers and has been gradually applied to the field of agriculture, providing new ideas
and methods for yield estimation research. Of course, this is only a result obtained based
on two databases and specific exclusion criteria. Relevant research results conducted in
2017 and 2018 may be retrieved from other databases, but we believe that these data can
also represent a development trend.
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Figure 3. Distribution of publication quantity.

In addition, we also counted the nationality information of the authors who pub-
lished the relevant research articles (the data were derived from the nationality of the first
author). As shown in Figure 4, China and the United States are far ahead in the number
of reports on crop yield estimation based on UAV remote sensing and ML. After further
exploring their main research crops, we found that for China, wheat yield estimation re-
ceived more attention, while for the United States, it was corn. We also conducted a statis-
tical analysis of the articles included in these reports, with 74 articles published in 31 dif-
ferent journals, focusing mainly on Remote Sensing, Computers and Electronics in Agriculture,
Frontiers in Plant Science, Precision Agriculture, Agronomy, Drones, and The International Jour-
nal of Applied Earth Observation and Geoinformation. The number of articles published is 17,
9,5, 5,4, 3, and 3, respectively. For more details, please refer to Table 2.

China
United States
PBrazil
Australia
Canada
Finland
Germany
Japan
Bangladesh
Bulgaria
Hungary
Israel
Italy
Morocco
Nigeria
Norway
Thailand
Switzerland
Spain
Pakistan

Figure 4. Distribution of the number of research articles published by various countries.
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Table 2. The number of related research articles published in various journals.

Number of Published Ar-

ournal
J ticles

—_
N

Remote Sensing

Computers and Electronics in Agriculture

Frontiers in Plant Science

Precision Agriculture

Agronomy

Drones

International Journal of Applied Earth Observation and Geoinfor-
mation

Plant Methods

Remote Sensing Applications: Society and Environment

Remote Sensing of Environment

Sensors

Agricultural and Forest Meteorology

Agriculture

Agriengineering

Agronomy Journal

Applied Sciences

Biological Agriculture and Horticulture

Bioinformatics

Biosystems Engineering

European Journal of Agronomy

Field Crops Research

IEEE Access

IEEE Journal of Selected Topics in Applied Earth Observations and 1
Remote Sensing

IEEE Transactions on Geoscience and Remote Sensing
ISPRS Journal of Photogrammetry and Remote Sensing
Journal of Agriculture and Food Research

Journal of Biosystems Engineering

Plant Journal

Plant Phenomics

PLOS One

Sustainability

R R R PR R R R R R R R NDNDNNDN QO WS g o

S o G Y

4. Result and Analysis

This section returns to the proposed research question through the detailed infor-
mation we extracted. We have visualized and analyzed the data for the detailed infor-
mation of the systematic review, as shown in Figure 5. Most research questions can be
answered based on this figure. In the figure, IFM represents information from multispec-
tral images, IFR represents information from RGB images, IFH represents information
from hyperspectral images, and IFT represents information from thermal images (the in-
formation mentioned here includes vegetation indices extracted from images, reflectance
bands, calculated plant height, and texture features). Unimodal refers to data sourced
from a single channel, such as using IFM in research, while multimodal refers to data
sourced from multiple channels, such as using IFM and IFR in research. R-image repre-
sents RGB image, M-image represents multispectral image, and T-image represents ther-
mal image. RF stands for random forest, SVM stands for support vector machine, KNN
stands for k-nearest neighbor, MLP stands for multilayer perceptron, GPR stands for
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Grain crops

Gaussian process regression, PLSR stands for partial least squares regression, RR stands
for ridge regression, EL stands for ensemble learning, GBR stands for gradient boosting
regression, DNN stands for deep neural network, ANN stands for artificial neural net-
work, CRT stands for classification and regression tree, LR stands for linear regression,
CNN stands for convolutional neural network, and LSTM stands for long short-term
memory. GML stands for generalized machine learning, and DL stands for deep learning.

Feature modal Features Optimal algorithm Algorithm category

eMIL
timodalNet

Figure 5. Sankey diagram of detailed data information.

4.1. RQ1—Which Grain Crops Are More Popular for Yield Estimation Using ML Based on UAV
Remote Sensing Data?

By extracting and summarizing the data, we found that UAVs and ML have been
used in yield estimation studies for a variety of grain crops, as shown in Figure 6. Since
the crops studied in reference [42] include wheat, barley, and oats, there were 76 crop
counts, even though we retrieved 74 articles. From the chart, we can clearly see that the
studies were mainly focused on cereal crops, with 75%, followed by legume crops with
23%, while very few studies were performed on potato crops. Among the cereal crops, the
major studies were on the three major cereal crops of wheat, corn, and rice, accounting for
96%. Soybean is the main legume crop with 72%. The potato crop was the subject of only
one study. The emergence of this phenomenon is in fact closely related to the importance
of grain crops. The more important the crop is, and the larger the area planted, the more
attention researchers pay to it. There will also be more planning and agricultural
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management methods in experimental design. This is also related to drones. Especially
for potato crops, since their fruits grow underground, UAV carrying sensors can only ob-
tain canopy characteristics to indirectly estimate their yield, but cannot directly obtain
information about the fruits (e.g., number, color, etc.), which limits the ability to estimate
potato yield through DL. This is because it is not possible to obtain information about
fruits such as wheat ears through image data, as in the case of wheat. For example, Peng
et al. [43] use a DL algorithm (Mask R-NN) to extract three ear phenotypic features of
wheat at the ripening stage, including ear count, ear size, and ear anomaly index. Based
on these features, RF is used for yield estimation modeling.

value

3

g
&
5

60

Maize (14) Cereal Crops (57) Total (76) A0
Potato (1)

Figure 6. Distribution of studies in which ML was used for estimating crop yields.

4.2. RQ2 —Which Research Questions Have Received Widespread Attention in Yield Estimation
Research?

Why do we discuss this issue here? After reading 74 retrieved articles, we found that
some studies are not specifically focused on yield estimation. Their research involves es-
timating aboveground biomass [44], maturity [41], plant height [45], and many other crop
growth factors [46-48]. Alternatively, experiments are designed under different nitrogen
fertilizer treatments, irrigation treatments, genomes, and multiple varieties to analyze the
impact of these factors on yield, in order to serve crop breeding and precise field manage-
ment. For example, in reference [49], the researcher designed six nitrogen levels with the
aim of determining the optimal nitrogen application rate for maize, and the estimated
yield provides favorable support for the diagnosis of nitrogen status. Similarly, in refer-
ence [50], it mainly revealed that soil properties exacerbate water stress and the impact of
water stress on crop productivity, and the estimation of yield is only a validation work for
this study, rather than a core work. In such cases, most articles do not conduct innovative
research on algorithms or feature selection.

Undoubtedly, more research is focused on improving the performance of yield esti-
mation. It is mainly divided into three directions. The first is feature selection or feature
dimensionality reduction. In references [51-53], researchers use principal component
analysis (PCA), recursive feature elimination (RFE), and other related feature engineering
methods to achieve dimensionality reduction, maximize the role of advantageous fea-
tures, and improve the accuracy of yield estimation. References [54,55] mention the corre-
lation coefficient between features and yield, sort the importance of features, and select a
certain number of features for research to improve the accuracy of yield. The second
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direction is to conduct research on multi-feature fusion, realize the application of multi-
modal data, and enhance prediction capabilities. The multi-sensor data fused by [56-58],
including multispectral, RGB, thermal infrared, etc., also prove that multi-feature fusion
can indeed improve the results of yield prediction. The third direction of research is to
optimize the target algorithm, which is mainly reflected in the application of DL, such as
increasing input dimensions [42,59], adding attention mechanism modules[60,61], etc. Of
course, in GML, there are also a small number of studies that seek the best hyperparame-
ters through grid search methods to improve the performance of the algorithm.

In summary, the research issues currently receiving widespread attention include:

(1) The impact of nitrogen fertilizer, irrigation, variety, genes, and other factors on
yield;

(2) Feature selection, including optimal feature screening and multi-feature fusion;

(3) Algorithm improvement, mainly focusing on network structure.

4.3. RQ3—How Can a Dataset for Yield Estimation Be Obtained?

In order to ensure a high diversity of data, researchers conducted field experiment
designs from multiple aspects such as different varieties [62-64], irrigation level [65,66],
and nitrogen fertilizer level [67-69]. Some experiments [70,71] effectively combined any
two aspects (such as variety and nitrogen fertilizer level) to design experiments, and each
experimental design was repeated at least twice. Figure 7 illustrates a classic data acquisi-
tion and preprocessing process to obtain the final dataset used in the experiment. In this
section, we will provide a detailed introduction to data collection and dataset construction.
We summarized the 74 articles retrieved and found that the commonly used datasets cur-
rently consist of three types of data: UAV remote sensing data, ground data, and environ-
mental data.

"— o -- - ..-\\
y Data collection b
1
1
1
1
: ]
i i
1
1
1
1
1
1
1
1
1
i
! i Remote sensing data acquisition |
i v i
| i I Vo ) L . b I ) :
\ {LiDAR point cloud | {Multispectral images ! | Ground data acquisition ! i
\\\ "I
’/'- ------------------------------ ‘--“\ ’t'- ---------------------------- “\‘

i Multispectral imlages processing i }f i LiDAR point cloud processing | ‘=
1 1
3 (e E . . 1
' Reflectivity correction i i { Determining the inlay line | |
v ! y i b
5 . H s Filteats P
: Spectral calibration i ! Noise Fql/llrahon ! E
1
; e v " ‘ i | Laser point cloud data i i
o Vegetation index calculation | Jou classification 5}-
‘\_. ________________________________ _r’ \\,_ ____________________________ o

Figure 7. Data collection and preprocessing [61].
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(a) ()n;:mal Imag,t

4.3.1. UAV Remote Sensing Data

UAV remote sensing data are obtained through UAV platforms equipped with dif-
ferent types of sensors, such as RGB cameras, multispectral cameras, hyperspectral cam-
eras, LIDAR, thermal infrared, etc. By effectively collecting data information from these
sensors in the research area, and then processing the data according to the research tech-
nology route, the dataset used in the research is obtained. Usually, these data are derived
into two forms, the first being vegetation index features, texture features, and spectral
bands extracted from the image, and the second being the image itself (usually an RGB
image). We can also see this from Figure 5. The corresponding data processing flow for
different data forms are found in Figure 7 and Figure 8, respectively. The processed data
will be used as components of the dataset.

Figure 7 shows the data acquisition and processing process that requires obtaining
more information through image data. In this case, professional data processing software
is mainly used to synthesize and extract features from the image data. These software are
usually Pix4d 4.5.6 (Switzerland), ENVI 5,3 (United States), and ArcGIS 10.2 (United
States), although there are also software with similar functions used in research. In Figure
8, data augmentation is performed using methods such as translation, flip, noise, and
brightness transformation to establish a complete dataset. This is because overfitting is
prone to occur during model training, and data augmentation is an effective method to
avoid overfitting [72]. Therefore, when directly applying image data, data augmentation
is a key step in data processing, which can enable the model to learn features from differ-
ent dimensions of the image and improve model performance. It is worth noting that in
order to obtain high-quality remote sensing data, drone flights should be conducted be-
tween 10 am and 2 pm local time, under clear, cloudless, and sunny conditions. When
using multispectral and hyperspectral sensors to obtain image data, the diffuse reflectance
target plate needs to be calibrated before use to accurately obtain the reflectance of differ-
ent bands.

v —
*&‘m

(e) Brlghlness transformation

(c) Flip (d) Noise

(b) Translate

Figure 8. The data processing process when directly using the image itself as a dataset [73].

4.3.2. Ground Data

Ground data include measured yield data and crop growth data (such as plant
height, SPAD, leaf nitrogen content, and LAI). The yield data are obtained by selecting a
certain number of standard sample points within the study area to complete crop harvest-
ing after the crops have matured, as shown in Figure 9a,b, followed by drying, threshing,
and weighing, as shown in Figure 9cf, to obtain the yield data of the sampling points.
Crop growth data are usually collected and manually recorded using professional instru-
ments and equipment, for example, recording crop height with a tower ruler, measuring
LAI with a leaf area meter, and obtaining SPAD values with a chlorophyll meter. When
measuring crop growth data, in order to ensure the validity of the data, it is generally
necessary to select plants at fixed positions for measurement.
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Figure 9. Ground data acquisition process [74]. (a) Determination of 1 m X 1 m sampling squares.
(b) Harvest of the wheat in sampling squares. (¢) Drying of the sampled wheat. (d) Threshing of
the sampled wheat. (e) Removal of impurities from the threshed wheat. (f) Determination of dry
weight of the sampled wheat.

4.3.3. Environmental Data

Environmental data mainly include meteorological data [75,76] and soil data [77].
Meteorological data generally include precipitation, temperature, solar radiation, etc., ob-
tained through government meteorological departments. Soil data include PH, organic
matter, humidity, etc.

4.3.4. Construction of Dataset

After obtaining the necessary data for the experiment, it is necessary to construct a
dataset. In the dataset, actual measurement data of production is essential, as it is the key
to establishing the model. In addition, at least one type of data (vegetation index features
or texture features or RGB images or environmental data) should be included as a feature
input for the model.

4.4. RQ4 —What Are the Data Features Used to Estimate Grain Crop Yields?

From Figure 5, it can be clearly seen that the features used in related research are
divided into two types: one is unimodal and the other is multimodal. In our systematic
review of 74 articles, there were 39 based on single modal features and 35 based on mul-
timodal features, with no significant difference between the two. Under the characteristics
of single modality, IFM is most commonly used, followed by IFR, IFH, and, finally, R-
Image. In multimodal features, researchers choose a variety of feature combinations that
are also relatively scattered, but we can still see that the combination of IFR and IFM mo-
dalities is more commonly used. At the same time, it should be noted that IFM also plays
a role in other combinations in most cases. Based on this, we can see that whether it is
single modal or multimodal, IFM is an important feature of data. Table 3 presents detailed
information on IFMs that are frequently used in systematic reviews.

Table 3. Detailed information on frequently used IFMs.

IFM # of Times Used Formula
Normalized difference vegetation index 35 Rpir = Rrea
(NDVI) Rnir + Rred
Green normalized difference vegetation index o6 Rnir — Rgreen

(GNDVI)

Rnir + Rgreen
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Rnir - Rrededge

Normalized difference red edge (NDRE) 23
Rnir + Rrededge
Optimized soil-adjusted vegetation index 18 1.16 X (Ryir — Ryeq)
(OSAVI) Rpir + Ryeq +0.16
1.5 %X (Ryir — R
Soil-adjusted vegetation index (SAVI) 16 . J(r ;d n Oeg)
Chlorophyll index red edge (Clrededge) 12 g
Rrededge
. . . Rnir
Ratio vegetation index (RVI) 12 R
red
Triangular vegetation index (TVI) 12 0.5 x [120 X (Rpir — Rgreen) =200 X (Ryeq — Rgreen)]
Enhanced vegetation index (EVI) 11 2.5 X (Rniy = Rrea)
Rpir + 6 X Ryog — 7.5 X Rpypye
. . 2.5 % (Rnir - Rred)
Two-band enhanced vegetation index (EVI2) 11

1 + Rnir + 2.4’ X Rred

4.5. RQ5—Which ML Algorithms Are Better for Graian Crop Yield Estimation?

Table 4 shows the top five algorithms used. It should be noted that the data we pro-
vide represent the number of occurrences of algorithms with higher accuracy in yield es-
timation, rather than the algorithm with the most applications, as these are two com-
pletely different concepts. For example, if linear regression is used as the baseline algo-
rithm but it is not the best estimated algorithm, it will be applied again statistically, but it
will not be included in the algorithm with the best application results. Table 4 shows that
RF is the most commonly used algorithm and is more suitable for solving yield estimation
research problems, followed by CNN (including 2D-CNN, 3D-CNN, and CNN-LSTM),
SVM, DNN, and EL. That is to say, in GML algorithms, RF is the optimal choice, while in
DL algorithms, CNN is the optimal choice. For example, as shown in Figure 10, this study
integrates a deep multiple instance learning framework and a multi-head attention mech-
anism to achieve yield estimation for cross-channel information fusion. Specifically, four
types of data, including multispectral images, thermal images, digital elevation models,
and genetic information (single nucleotide polymorphism), were inputted through multi-
ple channels and converted into fixed-dimensional (256 dimensional) vectors. These vec-
tor representations were then combined into a 256-dimensional vector using attention
mechanisms and input into a fully connected network to achieve yield estimation. Mean-
while, the code wused in the research is publicly available on GitHub
(https://github.com/BorgwardtLab/PheGeMIL) (accessed on 13 August 2024.).

Table 4. Top five algorithms.

Top Five ML Algorithms # of Times Used
Random forest (RF) 18
Convolutional neural network (CNN) 11

Support vector machine (SVM) 8
Deep neural network (DNN) 6
Ensemble learning (EL) 8
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Figure 10. Model network structure diagram [78].

In Section 4.4, we have sorted out the most important features currently applied, and
based on this, we believe that the optimal algorithm is also closely related to feature selec-
tion, as shown in Figure 5. We can see that most of the features flowing to RF come from
IFM and “IFR + IFM”, indicating that almost all features based on RF modeling are ex-
tracted from RGB images and multispectral images, such as vegetation index or texture
features. Similar GML algorithms SVM and EL also have a similar trend, with features
almost entirely derived from information extracted from RGB, multispectral, and hyper-
spectral images. On the contrary, most of the features flowing to CNN are RGB images,
which directly use the image itself as a feature and leverage CNN'’s absolute advantage in
the field of computer vision. Compared to GML, DNN has similar feature sources.

4.6. RQ6 —When Is the Best Time for Yield Estimation for Different Crops?

Of the 74 studies reviewed herein, some estimated yields using data from a single
growing period without comparing it with data from other growing periods, whereas oth-
ers estimated yields using data from multiple periods, making it very difficult to deter-
mine which growing period was more appropriate for estimating yields. Based on the
valid information retrieved from 74 articles, we provide a preliminary result: for wheat,
the flowering stage and filling stage are the optimal yield estimation periods
[47,52,57,60,79], while the filling stage and maturity stage are the optimal yield estimation
periods for rice [51,73,80]. Other crops are not explicitly mentioned. This result can be
used as a reference, but we are more inclined to conduct in-depth research on this issue in
the future, especially based on different data characteristics, as the optimal estimated fer-
tility period may also vary.

4.7. RQ7 —What Are the Issues Faced in the Field of Yield Estimation?

The reviewed studies mentioned different challenges that impacted the results. The
main issues include: (1) Most current models are based on one year of crop growth data
(i.e., datasets are insufficient) and the applicability of the model to the following year’s
growth conditions is not guaranteed; (2) many factors affect yield prediction, and yield
estimation results obtained using only vegetation indices, RGB images, morphological
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parameters, and texture features are mediocre; feature screening and fusion studies re-
main lacking; (3) most yield estimation studies used specific experimental designs, such
as different irrigation levels and different nitrogen fertilizer levels, rather than the natural
conditions found in the field; (4) different yield estimation models are currently used for
different crop types, different varieties of the same crop, and different field environments,
and uniform or universally applicable models are lacking; (5) only mature ML algorithms
are currently being applied to establish yield estimation models, while optimization of the
algorithmic parameters, algorithm fusion, and other algorithmic innovations remain lack-

ing.

5. Discussion

In this study, an initial search based on broad keywords produced 625 published
articles. After applying exclusion criteria and removing duplicates, 74 articles remained.
This search process is replicable; even if the replicated search results differ slightly, the
overall search results and direction do not change. Differences may result from personal
judgements or from papers published after the search was conducted in this study. Dif-
ferent and new studies may have been obtained if other similar search terms had been
used in the search process, nonetheless, the search terms used in this study were sufficient
for yielding numerous relevant studies, indicating that these and similar search terms are
sufficient.

5.1. Current Challenges
5.1.1. Data Quantity for Yield Estimation

It is well known that the amount of data is crucial for ML modeling, especially for
DL. The more data involved in training, the better the performance of the model, and the
stronger its robustness and generalization. On the contrary, the performance of the model
trained with a small amount of data will deteriorate [25,81]. In field experiments for esti-
mating grain crop yields, most studies were conducted using data from around 200 sam-
ple points selected in the experimental area. In most areas, the same grain crop undergoes
only one full growth cycle in a year, which means that our data collection frequency is
once a year. In this low-frequency collection state, we have a limited amount of data. This
requires us to conduct ML modeling based on approximately 200 pieces of data within a
year, which is somewhat lacking in scale.

For image data, data augmentation can be achieved through various methods such
as image rotation, scaling, and color transformation. The feasibility and effectiveness of
these methods have been verified in the field of computer vision and have been widely
applied. In recent years, few-shot learning (FSL) has been popular in solving problems
such as sample imbalance and insufficient image feature labeling, and has been applied
to fault-type diagnosis and UAV image classification [82,83]. Research has also been con-
ducted in the field of agriculture, for example, using FSL to solve the problem of large
training datasets required by traditional DL for avocado maturity estimation [84]. In chry-
santhemum classification, FSL can effectively solve the recognition accuracy of minority
classes and solve the problem of sample imbalance [85]. For yield estimation, we believe
that the long time span of collecting data throughout the crop growth cycle requires set-
ting up specific experiments for obtaining data under special scenarios such as water
stress and nitrogen fertilizer stress. These will limit the size of the dataset and affect the
data balance. FSL can be used to accurately estimate yields under special scenarios or rare
scenarios by using image data (which can include historical data) over the full life span of
the grain, which is significant for yield estimation under special circumstances such as
natural disasters.

For numerical data such as vegetation index and texture features, there are far fewer
ways to achieve data augmentation than for image data. Most studies expand the dataset
with 2 or more consecutive years of experimental data to further improve modeling
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performance. It can be imagined that this approach requires a significant amount of time,
manpower, and material costs, whereas relevant data processing techniques have been
used to extend such data in other research areas, such as clinical data classification [86],
earthquake risk assessment [87], and air quality forecasting [88]. This provides new ideas
for establishing datasets for estimating grain yield.

5.1.2. Features for Yield Estimation

According to the results we retrieved, some studies have investigated the importance
of features, for example, in reference [69], the researcher ranked the importance of all fea-
tures and proved that NDVI, NDRE, and GNDVI have a higher impact ranking in maize
yield estimation, which makes them the optimal feature combination for yield estimation.
This method can effectively reduce the number of features. In reference [53], the researcher
used three methods, RFE, Boruta, and Pearson correlation coefficient, to select features for
hyperspectral indices. The feature importance rankings of the three methods were com-
pared and it was found that the ranking results were not identical. Modeling for yield
estimation was performed based on the combination of features obtained from each of the
three methods. The final results show that the feature combinations selected by the Boruta
method were the most effective for wheat yield estimation. The role of features in model
performance is evident from these studies.

Figure 5 clearly reveals the commonly used feature modalities in estimating grain
crop yields, and we can also clearly see that there is almost no difference in the number of
studies based on multimodal features and unimodal features.

Among the unimodal features, IFM is the most commonly used feature, and research-
ers use the spectral index feature of a certain growth stage (single temporal) or several
growth stages (multi temporal) during crop growth to estimate yield. In reference [57],
the researcher collected multispectral and thermal images of wheat throughout its entire
growth period and extracted vegetation indices as features of the yield estimation models.
Experiments were conducted to compare the yield estimation results under single tem-
poral features and multi temporal features. The results show that under single temporal
characteristics, the grain filling stage was the optimal yield estimation period for wheat
(R2=0.667), while under multi temporal characteristics, the fusion of index features from
jointing, booting, heading, flowering, grain filling, and maturity as features provided a
greater improvement in wheat yield estimation effect (R2=0.725), with an increase in esti-
mation accuracy of about 4%. Similar findings have been reported in corn [61] and soy-
bean [89] yield estimation.

Although spectral indices can reflect the growth of crops, they still have some limita-
tions in information representation due to their main reflection of the interaction between
light and crop absorption and reflection [52]. Therefore, the limited accuracy of yield esti-
mation models based on unimodal spectral indices has been verified [90,91].

Zhou et al. [80] used computer vision techniques to estimate rice yield directly using
RGB images (R?=0.97, MAPE = 3.98%). This study has more significant advantages com-
pared to yield estimation based on multispectral vegetation index, texture features, and
color index as features (R? = 0.84, MAPE = 7.86%). In Yang et al.’s study [92], it was also
demonstrated that an image-based model was superior to the spectral index-based model.
However, due to the limitations of publicly available datasets in the field of yield, in most
cases, it is impossible to achieve a complete mapping between images and yield. There are
already many well-established publicly available datasets in the field of crop diseases and
pest research that have advanced the technology in this area. References [93-96] are all
based on public datasets to establish disease and pest identification models and conduct
case verification.

Among the multimodal features, the most commonly used feature is the combination
of IFM and IFR, which is still essentially an exponential combination. In fact, crop yield is
influenced by many factors, such as climate factors (e.g., temperature, rainfall, light, etc.),
soil properties (e.g., organic matter, moisture, etc.), and anthropogenic management
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practices (e.g., fertilizer, irrigation, pesticides) [97]. Nevavuori et al. [98] proposed that
model training should be conducted by combining climatic, soil, and imagery data as well
as crop time series to improve the accuracy of the model. This is consistent with the idea
proposed by other studies to consider multi-source data fusion to improve yield estima-
tion results [99,100]. Han et al. [101] used VI, climate, and soil variables to predict winter
wheat yields in different agricultural regions and counties in China. Fiorentini et al. [68]
trained a set of ML algorithms to predict yields in south-central Italy using 16 variables:
fertilizer application, nitrogen management, soils, and remote sensing data. They demon-
strated that multimodal feature combinations can improve model performance, and stud-
ies by [102-104] reached the same conclusion. This is consistent with the research results
in the fields of medicine [105,106], mining [107], and emotional analysis [108], where the
application of multimodal features can be effective in improving research results. By using
more multimodal target features, a more comprehensive and complete understanding of
the target can be obtained, which is more conducive to establishing accurate models.

5.1.3. Growth Stages for Yield Estimation

Crop growth performance varies at different growth stages. During the mature stage
of rice, the withering of leaves leads to a decrease in greenness, which weakens the pre-
dictive ability of vegetation index [92]. This indicates that there may be differences in the
characteristics used for yield estimation during different growth stages of crops, which is
consistent with the conclusions of other studies [89,109]. We can see an example, in refer-
ence [70], multi spectral images were collected during the heading, flowering, early grain
filling, and mid-grain filling stages of wheat growth, and vegetation indices were ex-
tracted as modeling features for yield estimation. Four different ML algorithms were used
for modeling. Regardless of which algorithm was chosen, the yield estimation effect based
on the index characteristics of different growth stages was different. During the flowering
period, the Gaussian process is the best algorithm. In the early grain filling stage, the best
algorithm is RF. In the mid-grain filling stage, the best algorithm is ridge regression. This
is consistent with the background and problem addressed by Fei et al. [57] in their research
on yield estimation.

5.1.4. Selection and Application of Algorithms

In Section 4.5, we explained the basic relationship between the best algorithm and
the features, such as numerical features such as indices and texture features extracted from
UAV remote sensing images. In traditional machine learning, the best algorithm is RF,
whereas when the images themselves are used as features, the best algorithm in DL is
CNN. This proves that the choice of algorithm is strongly correlated with the type of fea-
ture. It also poses a great challenge for the selection and application of modeling algo-
rithms.

Traditional ML performs better on smaller datasets and low feature dimensions [25],
which has also been confirmed in research on yield estimation. Among these studies
[49,69,109,110], RF has the best yield estimation effect, with feature dimensions generally
not exceeding 10 and reaching up to 26. For some studies with high-dimensional features
(more than 30 features), they will use DNN for processing [54,79,111]. In recently pub-
lished studies, Yuan et al.’s study [112] also confirmed that DNN performs better than
traditional ML when using high-dimensional numerical features. This also explains why
feature dimensionality reduction is necessary when using estimating yield using tradi-
tional ML. Meanwhile, if DL techniques are applied to low-dimensional data, their accu-
racy will not be as good as traditional ML, because DL is more suitable for datasets that
are large and have high-dimensional features, especially for image data, which can even
have thousands or tens of thousands of features [81]. Therefore, CNNs perform more
prominently in yield estimation studies when using image data as features. In the descrip-
tion of Section 5.1.2, we conclude that multimodal features are the mainstream trend for
the future, which can comprehensively reflect research objectives. However, it is worth
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noting that current research on multimodal feature fusion is still focused on single-type
multimodal features, lacking research on multiple types of multimodal features. There-
fore, the fusion of numerical features such as spectral indices and texture features with
image features to improve the accuracy of yield estimation requires higher requirements
for algorithm selection and is also an important direction for future research. For example,
in the research of disease recognition, Feng et al. [113] fused the features of both image
and text information modalities and established a vegetable disease recognition model
based on YoLov5s. This model further improved the accuracy of field vegetable disease
recognition by utilizing the correlation and complementarity of the two modal features,
and achieved good results on small datasets.

5.1.5. UAVs for Yield Estimation

UAVs have been extensively studied in yield estimation research because of their ad-
vantages, but they also have certain limitations, mainly including endurance time and
flight restrictions. The sustainable flight time of UAVs is relatively short, and in long-dis-
tance flight missions, batteries need to be replaced midway to complete flight operations.
As a result, UAVs are mainly used to estimate yield of field plots, which is more difficult
in regional yield estimation tasks. The yield of the plot can be used to calculate the yield
of the region. However, such a result may lead to significant bias because the growing
environment may vary significantly from plot to plot. In order to enhance the capability
of UAV regional yield estimation, it is necessary to improve the transfer capability of the
yield estimation model and to ensure the diversity of the training data. This is why plot
designs with different nitrogen fertilizer levels, irrigation levels, and varieties may occur
in the experimental design. In terms of UAV flights, on the one hand, there will be local
flight restrictions, which will prevent the UAV from performing normal flight operations.
On the other hand, it is highly affected by weather factors, especially during rainy days
when data collection cannot be accomplished. If there are consecutive rainy days, it will
result in missing growth data of crops during the critical growing period. However, with
the deep application of deep learning technology in the field of yield estimation, it can be
combined with real-time detection techniques such as edge computing, and has the op-
portunity to become an effective way to achieve real-time yield estimation.

5.2. Future Work

The research conducted in the retrieved articles is based on different research ideas,
different types of crops and planting areas, and also applies many different features. We
have also identified existing research problems and factors that constrain the performance
of yield estimation models. We believe that future research can be conducted from four
aspects: feature selection, data augmentation, algorithm improvement, and real-time yield
estimation.

Feature application: The results of the review show that there are many factors that
affect crop yield, including nitrogen fertilizer level, irrigation amount, plant height, SPAD,
LAL soil, and weather. Therefore, in future research, we need to obtain comprehensive
information on crop growth and growth environment data as much as possible to provide
sufficient input features for modeling and improve prediction accuracy. This work has
high difficulty in both experimental design and data collection. We can also use drone
remote sensing data alone for yield estimation, and through multimodal fusion, further
clarify which features can have better yield estimation results when the accuracy meets
actual needs. Of course, regardless of which approach is adopted, multiple feature engi-
neering methods need to be attempted to achieve feature selection or feature dimension-
ality reduction in order to reduce the time complexity of the model.

Data augmentation: In the application of ML algorithms, the amount of data has a
significant impact on the quality of modeling. However, in actual production, due to the
long growth cycle of grain crops and the fact that most of them only experience one
growth cycle per year, there is a serious problem of insufficient data, and there are
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currently not many mature public datasets available, which limits the application of deep
learning in yield estimation research. Therefore, we need to explore the use of appropriate
methods to expand the dataset and increase the amount of data, especially for numerical
data such as vegetation indices. In future research, overfitting or underfitting methods can
be used as data augmentation techniques to achieve reasonable expansion of data.

Algorithm improvement: Through a systematic review, we have learned that the
characteristics that can reflect crop yield are different at different growth stages of crops.
However, our current research on multi temporal data lacks research in this area. There-
fore, in the next step of research, we need to determine the optimal features for different
growth stages, and, on the other hand, we also need to use the idea of increasing weights
to assign weights to the features of different growth stages in the architecture design of
the entire model, further improving the effectiveness of yield estimation. Meanwhile,
most of the algorithms currently applied in this field are mature and lack adjustments to
algorithm parameters and optimization of network structures. We will introduce swarm
intelligence optimization algorithms to improve the model, dynamically adjust model pa-
rameters based on actual datasets, and enhance the accuracy and generalization ability of
the yield estimation model.

Real-time yield estimation: Our current main research focuses on how to obtain a
more accurate yield estimation model, but we have not performed much research on the
application of yield estimation models. In the next step, we can make full use of the ad-
vantages of UAVs and combine edge computing technology to achieve real-time yield es-
timation.

6. Conclusions

This article provides a comprehensive review of recent research on crop yield esti-
mation based on UAV and ML. We have studied the progress of grain crop yield estima-
tion, including feature applications, research concerns, optimal estimation models, and
optimal yield estimation periods. On this basis, the challenges faced by the research were
proposed, providing a basis and suggestion for future research.

We used a systematic literature review method to analyze seven research questions.
The review results also provided good answers to seven research questions. In this re-
search field, wheat, corn, rice, and soybean are the main research targets (RQ1). In the
modeling process, feature selection is a key step to improve model robustness and accu-
racy, and has received widespread attention from researchers. Nitrogen application rate,
irrigation rate, variety diversity, and gene diversity are the main issues of concern in the
experimental design stage (RQ2). Most studies have conducted data collection under such
designs, using drones equipped with different sensors (RGB, multispectral, hyperspectral,
LiDAR) to obtain data on crop growth stages, in order to further extract crop phenotype
features as model inputs (RQ3). Whether based on single modal features or multimodal
features for yield estimation research, multispectral images are the main source of feature
information (RQ4). The selection of ML algorithms varies depending on different feature
types. Based on image class data, the transformation and improvement based on CNN are
the most commonly used and perform the best, while based on numerical data such as
spectral indices, RF performs the best (RQ5). When evaluating the quality of yield estima-
tion models, we also found that the growth period of crops is a key indicator, and there is
no authoritative interpretation for determining the optimal estimated growth period. We
have only provided some reference conclusions based on the retrieved articles, hoping for
further research in the future (RQ6). In fact, the lack of sufficient research on data volume,
determination of influencing factors, feature selection, and algorithm optimization are all
factors that constrain the development of current yield estimation models (RQ7).

In summary, this article highlights the challenges in crop yield estimation research
based on UAV remote sensing data and ML. Through feature selection, fusion, dataset
expansion, algorithm optimization, and transfer, the effectiveness of yield estimation is
expected to be further improved. Especially in the framework of deep learning, multi-
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dimensional and multimodal features can be more accurately extracted and learned, and
transfer learning is a possibility to enhance the generalization performance of yield mod-
els.
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Appendix A

Table Al. Selected publications.

Reference Retrieved from Target Grain Crops Feature Oph;rl‘lai:lr()d- Year
[41] Web of Science Soybean Multispectral DN value RF 2016
[98] Scopus Wheat RGB images, NDVI raster CNN 2019
[92] Scopus Rice RGB and multispectral image CNN 2019
[69] Web of Science Maize Multispectral VIs RF 2020

. Mean and standard deviation of hyper-
[62] Web of Science  Wheat DNN 2020
spectral bands
[42] Web of Science  Wheat, Barley, Oats o> | mage, weather data (cumulative:  p, oy 2020
temperature)
[65] Web of Science Soybean Multispectral VIs MLP 2020
[67] Web of Science  Wheat Hyperspectral VIs PLSR 2020
[114] Web of Science Maize RGB Vis SVM 2020
[91] Scopus Soybean VIs from RGB, multispectral and thermal DNN 2020
[110] Web of Science  Wheat Multispectral VIs RF 2020
[58] Web of Science Soybean VIs from RGB and multispectral XGBoost 2020
[70] Web of Science  Wheat Multispectral VIs EL 2021
[51] Web of Science Rice Hyperspectral VIs XGBoost 2021
[57] Web of Science  Wheat VIs from multispectral and thermal 2021
Thermal VIs, weather data (rainfall, air
[50] Web of Science  Wheat temperature, dew point, relative humid- CRT 2021
ity, wind speed)
[44] Web of Science  Wheat Multispectral VIs, PH ANN 2021
[109] Web of Science Potato Multispectral VIs RF 2021
[46] Web of Science  Wheat Multispectral VIs RF 2021
[111] Web of Science Soybean Multispectral VIs DNN 2021
[115] Web of Science  Wheat Multispectral VIs SVM 2021
[116] Web of Science Maize RGB VIs, PH RR 2021
[117] Web of Science Rice Multispectral VIs, thermal raster 2D-CNN 2022
[118] Web of Science Maize Hyperspectral Vis RR 2022
[45] Web of Science Faba bean PH SVM 2022
[119] Scopus Soybean Multispectral VIs, texture, PH Cubist 2022
[54] Web of Science Soybean RGB VIs, texture, PH, CC, lodging data DNN 2022
[47] Web of Science Wheat Multispectral Vis GPR 2022
[74] Web of Science  Wheat Multispectral Vis GPR 2022
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[48]
[120]
[53]

[76]

Web of Science
Web of Science
Web of Science

Web of Science

Web of Science
Web of Science
Web of Science
Web of Science
Scopus

Web of Science

Web of Science
Web of Science
Scopus

Scopus

Web of Science
Web of Science

Web of Science

Web of Science
Scopus
Scopus
Web of Science

Web of Science

Web of Science
Web of Science
Web of Science
Scopus

Web of Science

Web of Science
Scopus
Scopus

Scopus
Scopus

Web of Science

Wheat
Wheat
Wheat

Maize

Rice

Wheat
Maize
Maize
Wheat

Soybean

Faba bean
Faba bean
Wheat

Wheat

Maize
Maize

Rice

Wheat
Mazie
Wheat
Chickpea

Wheat

Maize
Wheat
Wheat
Wheat
Mazie

Wheat
Rice
Soybean

Rice
Soybean

Wheat

Multispectral bands avNNet

VIs from RGB and multispectral RF, SVM, GB
Hyperspectral Vis EL
Multispectral VIs, meteorological data

(daily total prec1'p1tatlor.1, daily average CNNattention—
temperature, daily maximum tempera- LSTM

ture, daily minimum temperature, vapor

pressure, and daily total solar radiation)

RGB image ConvNext
RGB information RF
Hyperspectral Vls RF

RGB VIs, PH RF
Multispectral VIs CNN
Hyperspectral VIs, texture, maturity infor- GPR

mation

VIs from RGB and multispectral RR

RGB VIs, PH, CC EL

RGB, thermal and hyperspectral image
VIs from RGB and multispectral, PH, CC,

RF
Ccv
Multispectral VIs, texture, CC RF
Multispectral band, leaf temperature RF
Multispectral image, weather data (pre-
cipitation, global solar radiation, average
temperature, minimum temperature, max-
imum temperature, average relative hu-
midity, average wind speed, vapor pres-

CNN

sure data)

Multispectral image, genetic data PheGeML
Multispectral VIs DNN
Multispectral VIs LASSO
RGB VIs, CC, CV SVM

VIs from multispectral and thermal, tex- DNN

ture, PH

Multispectral VIs, PH KNN, SVM
RGB and multispectral image CNN-LSTM
RGB image CNN
Multispectral VIs GPR
Multispectral VIs, PH SVM, RF

Multispectral VIs, weather data (cumula-
tive rainfall, mean temperature), soil data GBM
(organic carbon, N, C/N ratio)

RGB image YOLOV5
Multispectral VIs, CC RF
Hyperspectral Vis XGBoost
Multispectral Vis GBR

VIs from multispectral and thermal, tex-

ture, meteorological environment data LSTM

(precipitation, minimum temperature,
maximum temperature)

2022
2022
2022

2023

2023
2023
2023
2023
2023

2023

2023
2023

MultimodalNet 2023

2023

2023
2023

2023

2023
2023
2023
2023

2023

2023
2023
2023
2023
2023

2024
2024
2024

2024
2024

2024
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VIs from RGB and multispectral, weather

[135] Web of Science Maize data (daily average air temperature, daily LR 2024
total precipitation)
Multispectral VIs, weather data (daily av-
erage temperature, daily maximum tem-
perature, daily minimum temperature,
[75] Scopus Soybean daily accumulated precipitation, global =~ LASSO 2024
solar radiation, daily average relative hu-
midity, daily average wind speed, actual
vapor pressure)
[59] Scopus Soybean RGB images 3D-CNN 2024
Multispectral VIs, CV, soil properties
(NPK, pH, soil moisture, soil temperature,
[77] Scopus Maize EC), weather data (solar radiation, evapo- EL 2024
transpiration, daily rain, rain rate, humid-
ity, temperature, wind speed)
[71] Web of Science Rice RGB Vis SVM 2024
[136] Scopus Pea Multispectral Vls, texture, PH, CC EL 2024
[56] Web of Science Rice Multispectral VIs EL 2024
[137] Web of Science  Wheat Multispectral VIs RF 2024
VIs from RGB and multispectral, texture,
structural features (plant height, canopy
[55] Web of Science Soybean convex hull volu.me, roughness, canopPY g, 2024
cover, canopy width, reconstruction
points of canopy point cloud, and vegeta-
tion index of point cloud)
[138] Web of Science  Wheat Multispectral VIs RF 2024
[64] Web of Science  Wheat Multispectral Vls, texture RF 2024
[139] Web of Science Rice Multispectral VIs RF, PLSR 2024
VIs: Vegetation indexes, PH: plant height, CC: canopy cover, CV: canopy volume.
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