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Abstract: The sugarcane crop has great socioeconomic relevance because of its use in the production
of sugar, bioelectricity, and ethanol. Mainly cultivated in tropical and subtropical countries, such as
Brazil, India, and China, this crop presented a global harvested area of 17.4 million hectares (Mha) in
2021. Thus, decision making in this activity needs reliable information. Obtaining accurate sugarcane
yield estimates is challenging, and in this sense, it is important to reduce uncertainties. Currently,
it can be estimated by empirical or mechanistic approaches. However, the model’s peculiarities
vary according to the availability of data and the spatial scale. Here, we present a systematic review
to discuss state-of-the-art sugarcane yield estimation approaches using remote sensing and crop
simulation models. We consulted 1398 papers, and we focused on 72 of them, published between
January 2017 and June 2023 in the main scientific databases (e.g., AGORA-FAO, Google Scholar,
Nature, MDPI, among others), using the Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) methodology. We observed how the models vary in space and time, presenting
the potential, challenges, limitations, and outlooks for enhancing decision making in the sugarcane
crop supply chain. We concluded that remote sensing data assimilation both in mechanistic and
empirical models is promising and will be enhanced in the coming years, due to the increasing
availability of free Earth observation data.

Keywords: crop modeling; text mining; crop monitoring; systematic literature review; crop yield

1. Introduction

Sugarcane (Saccharum officinarum) is a semi-perennial crop grown in tropical and
subtropical countries that have economic, social, and environmental importance due to
its use in the production of sugar, bioethanol, and bioelectricity [1,2]. Currently, annual
world production is 2 billion tons in 27.5 million hectares (Mha), most of which is derived
from developing countries [3]. Although China, Pakistan, and Thailand have relevant
production, 57% of this amount is concentrated in Brazil (36%) and India (21%). These
five countries have the largest harvested areas: Brazil (10 Mha), India (5.2 Mha), China
(2.3 Mha), Thailand (1.5 Mha), and Pakistan (1.3 Mha) [3].

Due to the area extent of sugarcane production and its economic importance [1–3],
technologies to anticipate yield information are essential for different phases of the supply
chain, including crop management and decision making. Empirical or mechanistic models
are useful tools for collecting this information in advance. The empirical models are
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built on statistical relationships between variables of interest (dependent) and predictors
(independent variable, in this study represented by sugarcane yield), and the mechanistic
ones simulate sugarcane cultivation development using a set of equations that represents its
physiological responses under different environmental variables [4,5]. Mechanistic models
are prominent approaches to estimating it, but they require a lot of input information [6],
most of them from the field. However, as complex systems, local peculiarities and spatial–
temporal scales may create divergences and noise in the models’ results.

Mechanistic models simulate processes such as, for example, photosynthesis, soil
moisture, phenology, temperature dynamic, biomass growth or grain yield formation,
and gas exchanges between the canopy and the atmosphere. Due to this, these models
need a large amount of input data (usually in a daily frequency) that can be difficult to
parameterize for large scales and where there is broad agricultural variability, e.g., types of
soil, crop practices, or varieties [7,8]. However, because mechanistic models allow different
processes that influence crop development to be simulated, it is possible to assess the crop
in a variety of ways, e.g., in relation to soil moisture, leaf area index, biomass, and yield [9].

Empirical models do not need a calibration process as mechanistic models do, and
they need a large available dataset as input. They are also useful in studies where the aim
is to obtain the crop yield at regional or global scales, either for the close future or the past.
Nevertheless, they are limited in future scenario extrapolation due to the fact that they
do not have a reliable physical mechanism to estimate yields in the future since they are
dependent on historical input data [10].

Field data are expensive and time-consuming, especially for large areas. In this
regard, remote sensing-based estimation methods can increase the efficiency of yield
models [11,12]. Remote sensing (RS) data as input allow for their application on larger
spatial–temporal scales and could replace field data that are hard to obtain in a sound and
timely manner. RS is also a nondestructive method that enables monitoring vegetation
temporally and spatially [13,14]. Two kinds of RS data stand out in estimating crop yield.
Firstly, mechanistic models take the nature of the soil, climatic variables, and so on, as
input parameters that can estimate yield by simulating crop physical processes or combine
this approach using the assimilation of RS data into crop growth models. And according
to [8], such data allow information from Earth observations to be incorporated into a
model. Secondly, low-resolution satellite images, which refer to optical sensors with a
resolution above 250 m, are essential to predict yields at the regional level. In the last
decade, medium-resolution satellite images also started to be used for this purpose [15–17].

Differently from previous review articles in this line, which tend to focus on multiple
crops indistinctly, this work aimed to perform a systematic literature review specifically
on sugarcane yield estimation using RS data in empirical or mechanistic models. Seeking
to organize the state-of-the-art related to this theme and identify opportunities for new
studies, we considered papers published between January 2017 and June 2023 in the main
scientific databases.

2. Empirical and Mechanistic Crop Yield Models

Crop yield models are basically divided into empirical and mechanistic (also referred
as deterministic) models, in which the first group relies on conventional statistical, machine
learning (ML), and deep learning (DL) approaches, and the second group uses formal
equations relating parameters associated with meteorological and soil conditions, crop
physiological status, and management practices to yield. There is also a third group which
concerns hybrid approaches, which merge empirical and mechanistic methods, lying in a
fuzzy zone between pure empirical and pure deterministic approaches. However, in the
case of this study, which focuses on the sugarcane crop in a specific timeframe, this strategy
was extremely rare, and only one paper dealing with such a hybrid approach was found,
namely the study of [18].
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2.1. Empirical Models

Empirical models, also known as “regressions”, are developed based on a linear or
nonlinear relationship, calibrating a numerical association between a specific variable or
several multi-predictor biophysical variables and RS data or a transformation of these
data [14]. An example is the estimation of crop yields (dependent attribute) using mete-
orological, soil, and management data (independent attributes). As an advantage, this
type of modeling allows the user to test different variables that are not common in crop
simulation models, for example, different satellite vegetation indices and image sensor time
series, weather indices, or other variables, depending on the experience of the researcher.
In addition, most models are trained with field observations, allowing for the use of reliable
data on crop management to make predictions. The empirical model’s robustness increases
when analyzing variables of interest over large spatiotemporal scales [6,19,20].

Computational advances that lead to the use of machine learning and deep learning
algorithms have expanded the development of agricultural crop yield models using empiri-
cal approaches and RS data [13,21]. Different strategies have been used to obtain sugarcane
yield using empirical models, such as Linear Regression, Multiple Linear Regression, and
Stepwise Multiple Regression [11,22–25], Support Vector Machine (SVM) [11,18,26,27], Ar-
tificial Neural Networks (ANN) [11,28,29], and Random Forest (RF) [12,18,22,26,27,30–32].
As input, they use RS, field, agrometeorological, and terrain data, among others. The main
variables are listed in the Supplementary Materials.

As for disadvantages, empirical models can hardly extrapolate beyond their training
region [6,20]. They are subject to collinearity problems between the predictor variables
(temperature and altitude, for example). Another possible problem is the stationarity of the
used data when past relationships may not happen in the future [33]. A point of emphasis
is the quality of the reference data. The final model may perform at the same level as the
reference data’s quality.

Empirical models are highly dependent on both reference data availability and access,
since the existing data are not always rendered to modelers [21]. These models are also
sensitive to data quality and demand efforts for a sound management of their database.
Despite that, they are less data-intensive as compared to mechanistic models, and they
do not require a complex parameterization either. They are also suitable for large-scale
studies [20], given the fact that they are commonly driven by remote sensing data.

Such models do not require a high level of data handling as mechanistic models do [6],
although both empirical and mechanistic models have different degrees of computational
cost, which tend to vary on a case-by-case basis. These two categories of models are not
easily transferrable to a business model, although empirical models present the advantage
of being flexible to the inclusion of manifold variables, while mechanistic models follow a
pre-defined list of input data. In terms of model performance, both categories can achieve
high accuracy, provided they are skillfully executed. Empirical models can increase their
accuracy in cases where remote sensing data are associated with field data [12].

2.2. Mechanistic Models

Mechanistic models are formed by equations collections that aim to correlate crop
physiological responses to environmental conditions and estimate how this affects their
development [5]. Usually, they are more complex than empirical models and may require
a large amount of input data. Examples are the Decision Support System for Agrotech-
nology Transfer (DSSAT) [34], Agricultural Production Systems Simulator (APSIM) [35],
World Food Studies (WOFOST) [36], FAO Agroecological Zone Model (FAO-AZM) [37],
AquaCrop [38], Agricultural Land Management Alternatives with Numerical Assessment
Criteria (ALMANAC) [39], CROPWAT [40] and Agronomic Modular Simulator for Sugar-
cane (SAMUCA) [41]. We selected DSSAT, APSIM, WOFOST, FAO-AZM, and AquaCrop
to discuss because they are the most widespread and cited models.
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2.2.1. Decision Support System for Agrotechnology Transfer (DSSAT)

DSSAT is composed of more than 40 crop simulation models [34], including the
CANEGRO model, specifically developed for sugarcane by [42], refined by [43,44]. In
summary, CANEGRO is a module implemented from DSSAT version 3.5 that simulates
sugarcane’s growth and development using data from the sugarcane variety, meteorological
conditions, soil properties, and management information [44].

The DSSAT/CANEGRO model has been globally applied. In Pakistan, ref. [45] cali-
brated, validated, and analyzed their results in industrial and non-industrial sugarcane
areas. The authors also evaluated the impacts of climate change on sugarcane. This appli-
cation was unprecedented for a semi-arid region. In the United States, ref. [46] assessed the
feasibility of simulating sugarcane growth and estimating biomass yield for type II energy
sugarcane genotypes, which are characterized by having a low sugar level (sucrose less
than 6%) and very high fiber content. In the study, the authors concluded that calibrated
DSSAT/CANEGRO could provide good estimations of energy sugarcane biomass (Mean
Absolute Error, MAE = 2.9 ton ha−1; % Root Mean Square Error, %RMSE = 16.5 ton ha−1;
Coefficient of Determination, R2 = 0.94), and emphasized that the modeling could be
improved using specific genotype data for energy sugarcane in the simulation process.

In Brazil, ref. [47] determined the best planting date for sugarcane for a producing
region in the state of Alagoas, northeast Brazil. The authors performed simulations for
different dates, observing that the model can simulate crop growth variables and indicate
the best planting window in different Brazilian regions in regular years and years affected
by El Niño and La Niña events. In regular years, the best date for planting sugarcane
in the region was 30 October; however, in El Niño and La Niña years, these dates were,
respectively, shifted to 15 January and 30 September.

2.2.2. Agricultural Production Systems Simulator (APSIM)

The APSIM model, developed by [35] at the Commonwealth Scientific and Industrial
Research Organization (CSIRO) and Agricultural Production Systems Research Unit (AP-
SRU), is one of the most used simulation models for agricultural systems [48,49]. The main
component of the sugarcane module in APSIM is its ability to estimate crop dry matter
accumulation and sugar production. Also, the model can estimate the crop water use
efficiency, nitrogen accumulation, and the dry and fresh biomass weight of the plant or
ratoon cane, considering climate, soil type, genotype, and management [35,49,50]. Aiming
to maximize sucrose production in Brazil, ref. [51] used the model to determine the best
periods for irrigation interruption in irrigated areas. The authors concluded that the drying-
off periods can vary according to their locations, soil type, and harvest month, but generally
occur at the beginning and end of the harvesting season, when higher rainfall interannual
variability is noticed. In Australia, ref. [52] used APSIM to propose a bioeconomic model
that related water productivity and profit. The authors obtained sugarcane yields under
different climate conditions, scheduling scenarios for irrigation and estimating the expected
profit with less uncertainty.

2.2.3. World Food Studies (WOFOST)

WOFOST is a simulation model integrating the Monitoring Agriculture with Remote
Sensing (MARS) system as a central component of the crop monitoring and yield esti-
mation system in Europe [36]. With a strong biophysical basis, WOFOST has been used
in different studies related to inter-annual variability and risk of crop yields, crop yield
variation to soil type and agro-hydrological conditions, evaluation of differences between
cultivars, factors impacting crop development, detection of adverse conditions in crop
development, and prediction of crop yields on a regional scale [53]. The model output
variables are leaf area, water use, and the simulated total crop biomass and yield. As input,
it demands meteorological, soil, crop, location, and management data [54]. Regarding
sugarcane cultivation, the model has already been, for instance, applied in Ethiopia [55]
and China [56,57]. However, it has still been limitedly tested and validated [53]. Its generic
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implementation allows for its application to different crops using the same principles and
algorithms, changing only parameter values. WOFOST has recently been incorporated into
the Python Crop Simulation Environment (PCSE) [36,53].

2.2.4. FAO Agroecological Zone Model (FAO-AZM)

The FAO-AZM [37] presents a much simpler formulation [58,59]. It allows for esti-
mating the potential crop yield if water and nutritional needs are satisfied, disregarding
losses due to pests or diseases. The actual yield is calculated by penalizing the potential
yield by water deficit [60]. Over the years, the model has undergone several improve-
ments [59,61,62]. Presenting satisfactory results for assessing continental-scale regions,
the FAO-AZM is widely used in countries with large production areas, such as Brazil.
The best yield estimates for sugarcane cultivation using the FAO-AZM were obtained in
studies where adjustments and calibration of the model to local climate conditions were
executed [60]. Ref. [58] applied FAO-AZM to assess the impacts of irrigation systems on
sugarcane yields, considering land and water use efficiency. In the study, the authors
said that the irrigation system can reduce the yield variability in the different producing
regions in Brazil and decrease the land demand because higher yields were obtained in
the irrigated areas, and conventional agriculture needs to undergo a transformation to
sustainable intensive agriculture.

On the other hand, ref. [63] combined agrometeorological (potential yield) and eco-
nomic (sugarcane prices and rural credit concession) approaches to estimate the actual
sugarcane yield in 18 producing regions of São Paulo state, Brazil, between 1995 and
2012, assessing the impact of economic variables by means of a statistical model. In the
studied region, the sugarcane actual yield was indeed influenced by the above-mentioned
agrometeorological and economic variables.

2.2.5. AquaCrop

AquaCrop [38] evolved from the FAO-AZM model [37] to estimate crop biomass
and yield but is very useful for assessing water management and irrigation [64]. The
simulation model divides evapotranspiration (ET) into crop transpiration (Tr) and soil
evaporation (Epsoil), obtaining the crop yield as a function of biomass and harvest in-
dex (HI). AquaCrop demands climate, soil, crop, and management information as input
variables [38,65]. AquaCrop is composed of a database of 17 crops (cotton, maize, potato,
quinoa, rice, soybean, sugarbeet, sunflower, tomato, wheat, barley, sugarcane, sorghum,
teff, dry beans, cassava, and alfalfa), each one with its respective parameters derived
from calibration/validation processes with field data. The model was tested on 46 crops,
especially maize, wheat, and rice [66,67].

Table 1 summarizes the empirical and mechanistic models previously presented
in terms of data requirements, spatial implementation, complexity, and application for
different crops.

Table 1. Main aspects of the mechanistic and empirical models revised in this work.

Model
Type Name/Method Data Requirements Spatial

Implementation Complexity Application

Mechanistic

DSSAT Weather, soil, crop
information, and

management practices
obtained in the field or

from RS data.

Forcing,
recalibration,

updating

Highly complex in the data
processing and model

operation.
Specific crops

APSIM
WOFOST

FAO-AZM
AquaCrop
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Table 1. Cont.

Model
Type Name/Method Data Requirements Spatial

Implementation Complexity Application

Empirical
Linear Regression,

SVM, ANN,
and RF

Features extracted
from field and RS data.

For further
information on

features, please see the
Supplementary

Materials.

Implemented on
a pixel basis.

(*)
Linear Regression: less

complex than ML in data
processing and model

operation.
ML: Moderately complex in

data processing and less
complex in model operation.

Any crops

* These models handle massive volumes of data well, except for linear regression models, which tend to present
underfitting in such cases. On the other hand, ML (SVM, ANN, RF) methods do not work well with a limited
amount of input data.

3. Material and Methods

The methodological procedure adopted to perform the literature review followed
the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
method [68]. To avoid unbiased results, PRISMA divides the selection into four steps:
(1) identification of all papers that will be filtered from scientific databases; (2) screening of
identified papers; (3) eligibility of papers; and (4) selection of papers that will compose the
systematic review (Figure 1). We filtered all papers published between January 2017 and
June 2023 in the scientific databases AGORA (FAO), Directory of Open Access Journals
(DOAJ), Google Scholar, Multidisciplinary Digital Publishing Institute (MDPI), Nature,
Science Direct (Elsevier), Taylor & Francis, Wiley Online Library, Scopus (Elsevier), and
Web of Science (Clarivate Analytics).
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In the identification step, we applied search criteria (Figure 2) to select papers pub-
lished between 2017 and 2023 stored in the scientific databases. As a precondition, we
analyzed only papers published in the English language. In the literature, yield estima-
tion and yield prediction are sometimes used interchangeably and they may refer to past,
present, and future timeframes, while yield forecasting is exclusively employed for yield
assessment in future time horizons. In this manuscript, we strived to gather the greatest
number of papers lying within the theme of our systematic review, regardless of their time
settings. As the paper search is semiautomated, the input keywords need to be diverse to
cope with the heterogeneity of terms found in such review topic.
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We identified 1398 papers and stored them on the Mendeley platform [69]. In the
screening step, we excluded 1248 of them, the core topic of which was not about sugarcane
crop and yield estimate. In the eligibility step, we assessed whether empirical or mecha-
nistic models were used to estimate sugarcane yield. Among the papers in which some
empirical method was used, we selected those that used RS data and information from
agrometeorological or agrometeorological–spectral models. Among the papers in which
mechanistic models were used, we selected only those in which the model cited appeared
in more than one paper in the reference set. During this process, we discarded papers in
which the sugarcane yield estimation was based on drone data, because we focused only on
satellite RS. In the eligibility step, we removed another 74 papers with scope and objectives
contrasting with our search. Finally, in the selection step, an in-depth and critical reading
guided the selection to compose the systematic review. This step removed 4 papers and
proceeded with the remaining 72.

We created a database in Mendeley for each step. Then, the papers were analyzed
using the VOS viewer program [70]. In addition, we calculated the influence of the selected
papers based on [71], which considers the following relationship: Influence = number of
citations/(base year—publication year). Here, 2023 was taken as the base year and the
number of citations in Scopus were considered. According to [71], the influence metric
aims to normalize the number of citations in the evaluated time window.

4. Results and Discussion
4.1. Overview

Sugarcane yield estimation using RS data by empirical or mechanistic models has
sparked the interest of research groups across all continents (Figure 3). Considering statistics
from the Food and Agriculture Organization [3], the predominance of papers identified
by our methodology is in countries with large sugarcane production. Yet, studies have
been conducted by research groups of countries with little or no production. The top
five countries with papers identified by our methodology were China, the United States,
Brazil, India, and Australia, with 260, 182, 163, 124, and 78 papers, respectively. Brazil has
the most significant sugarcane production and ranks third in the number of publications.
On the other hand, China leads the number of publications despite being only the third
largest producer.
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The spatial distribution of research groups accounting for the 72 selected papers
shows a predominance of tropical regions (Figure 4), especially Brazil, India, and Australia,
with 28, 12, and 7 papers, respectively. The commonly used mechanistic yield models
for sugarcane estimation were DSSAT, APSIM, and FAO-AZM. DSSAT and APSIM were
globally used, while FAO-AZM was used exclusively in Brazil. An explanation cited by
the authors is that FAO-AZM does not demand so much input data and has a simpler
methodology, and is suited for supporting decision making in countries with continental
size, limited data coverage (e.g., agrometeorological), and low-scale mapping (e.g., soils),
such as Brazil [58,61,72–76].
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The total number of publications per year more than doubled from 2017 to 2021
(Figure 5). However, by the end of the survey (June 2023), 64 papers had been published.
Generally, we selected approximately 6% of the publications for each year to compose the
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review. Regarding the selected papers, the publication proportion was highest in 2018 (21%)
and lowest in 2019 (7%), and 2023 accounts for 8% of the total selected papers. Figure 6
presents the proportion of the selected papers with respect to the model type (mechanistic,
empirical, and hybrid models) per analyzed year.
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color represents the empirical models.

The journals containing the greatest number of selected papers were the European
Journal of Agronomy (8 papers), Field Crops Research (6), and the Journal of the Indian
Society of Remote Sensing (6) (Figure 7). Eleven journals from different areas, ranging from
irrigation and drainage to agricultural sciences or RS, comprised all the relevant literature
for our review.
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Table 2 shows the 6 most influential papers out of the 72 that were selected to compose
the review based on [71].

Table 2. Most influential selected papers.

Author
(Model Type) Title Year Journal Influence

Monteiro et al.
(2018)
[76]

(Mechanistic)

“Assessment of
NASA/POWER

satellite-based weather
system for Brazilian

conditions and its impact
on sugarcane yield

simulation”

2018
International

Journal of
Climatology

14.20

Shendryk et al.
(2021)
[32]

(Empirical)

“Integrating satellite
imagery and

environmental data to
predict field-level cane

and sugar yields in
Australia using machine

learning”

2021 Field Crops
Research 12.00

Dias and Sentelhas
(2018)
[73]

(Mechanistic)

“Sugarcane yield gap
analysis in Brazil—A

multi-model approach for
determining magnitudes

and causes”

2018 Science of the
Total Environment 11.80

Rahman and
Robson (2020)

[77]
(Empirical)

“Integrating Landsat 8
and Sentinel-2 time series
data for yield prediction
of sugarcane crops at the

block level”

2020 Remote Sensing 11.33

Fernandes et al.
(2017)
[28]

(Empirical)

“Sugarcane yield
prediction in Brazil using

NDVI time series and
neural networks

ensemble”

2017
International

Journal of Remote
Sensing

11.00

Canata et al. (2021)
[22]

(Empirical)

“Sugarcane yield
mapping using

high-resolution imagery
data and machine

learning technique”

2021 Remote Sensing 10.50
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The study by [76] was considered the most influential; the authors compared the Na-
tional Aeronautics and Space Administration/Prediction of World Wide Energy Resources
(NASA/POWER) product with the weather stations of the National Institute of Meteo-
rology (INMET) of Brazil, assessing the potential of NASA/POWER as meteorological
input data to estimate potential and actual yields for sugarcane crops using the FAO-AZM
model. They recommended NASA/POWER on the national and regional scales, but also
emphasized that regional data would be better in areas with higher latitudes and elevations.

After, refs. [32,76] used satellite data from Sentinel-1 and Sentinel-2/MultiSpectral
Instrument (S2/MSI) and ancillary data about climate, soil, and elevation to develop
a predictive model for sugarcane yield estimation in Australia using machine learning.
The data combination improved the detection of sugarcane yield (ton ha−1), sugar yield
(ton ha−1), and commercial sugar yield (%) at field and mill area levels about four months
before the harvest. Using a multi-model approach (FAO-AZM, DSSAT/CANEGRO, and
APSIM-Sugarcane), ref. [73] concluded that water deficit and a poor crop management
caused sugarcane yield gaps in Brazil, which can be mitigated by irrigation, deep soil
profile, and drought-tolerant cultivars. Also in Brazil, ref. [22] used S2/MSI time series
and RF to estimate sugarcane yield, achieving an RMSE of 4.63 ton ha−1 in a commercial
site. Ref. [28], in turn, obtained sugarcane yield at a municipality level three months before
the harvest using Moderate Resolution Imaging Spectroradiometer (MODIS) Normalized
Difference Vegetation Index (NDVI) time series. Ref. [77], in a sugarcane producer region
in Australia, developed a linear regression model integrating Landsat 8 Operational Land
Imager (L8/OLI) and S2/MSI time series to obtain accurate sugarcane yield predictions
(RMSE = 11.33 ton ha−1) at the block level.

4.2. Accuracy of the Methodologies Discussed in the Selected Papers

The modeling yielded results with higher discrepancy with respect to field obser-
vations derived from the FAO-AZM model. The mean RMSE was 25 ton ha−1, and the
values ranged from 13.8 ton ha−1 [75] to 46.1 ton ha−1 [60]. The most accurate model was
AquaCrop, with an average RMSE of 0.96 ton ha−1 and RMSE values varying between
0.44 ton ha−1 [64] and 1.7 ton ha−1 [65]. In mechanistic models, there may be a need for
calibrating one or more input variables.

In studies that used the AquaCrop model, the authors performed sensitivity analyses
of input variables and model calibration. Ref. [65] carried out a model calibration to
decrease the RMSE from 39.69 ton ha−1 to 1.6 ton ha−1. In addition, they analyzed whether
the different models for estimating sugarcane yields have statistically different means. The
AquaCrop models present an average RMSE equal to the ones obtained by WOFOST and
data mining (DM). Likewise, the FAO-AZM, DM/FAO-AZM, and APSIM models have
statistically equal RMSE means. According to the results of Tukey’s test, the RMSE of
the DSSAT model is statistically different from FAO-AZM and AquaCrop but has a mean
error equal to the other studied models (Figure 8). Figure 8 also shows the relation in the
percentage of the average RMSE for each model evaluated versus the average yield for
Brazil in 2021 according to [78]. The highest RMSEs were found in papers that used the
FAO-AZM model with an average of 25 ton ha−1 corresponding to 35% of the average
Brazilian yield. The average RMSE observed in the DM-derived models is 17% of the
average sugarcane yield. However, such models need high-quality and representative
reference data and imply higher computational costs.
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4.3. Attributes Used in the Selected Papers That Made Use of Statistical Modeling

Analyzing attributes used to generate predictive models for estimating sugarcane
yield via RS, it was possible to identify trends, such as field data, based on spectral bands
and vegetation indices, meteorological, synthetic-aperture radar (SAR), and terrain data,
and other attribute types. Supplementary Tables S2–S7 show these attributes and their
respective references. Many attributes stand out (Figure 9). Among the vegetation indices,
the Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI)
are the most used, followed by precipitation data, the number of cuts, and the variety
used. About the cited vegetation indices, i.e., NDVI, EVI, Green Normalized Difference
Vegetation Index (GNDVI), Soil Adjusted Vegetation Index (SAVI), Leaf Area Index (LAI),
and Normalized Difference Water Index (NDWI) [79], they demand one or more spectral
bands of RED, near infrared (NIR), shortwave infrared (SWIR) 1, and GREEN, mainly RED
and NIR. Refs. [11,12,27] showed the importance of these spectral bands in the prediction
of sugarcane yield, and the study of [27], in particular, cited the BLUE band. Moreover,
these studies do not focus only on vegetation indices, but also on adopting spectral bands
as attributes in the modeling process.

In Figure 9, variables derived from field information, spectral bands, vegetation
indices, meteorological data, and terrain information are presented. Ref. [12] accomplished
three comparative experiments, in which the best results were obtained when the sugarcane
yield prediction was estimated by a model driven by satellite data, field information, and
the harvest date (RMSE = 9.4 ton ha−1). The second experiment used satellite and field data
(RMSE = 9.9 ton ha−1), and the third experiment, representing the worst-case estimates,
regarded a model solely relying on field data (RMSE = 13.6 ton ha−1). Ref. [31] used climate
data (rainfall and temperature) and satellite products from a Moderate-Resolution Imaging
Spectroradiometer (MODIS) (NDVI and EVI), and they concluded that satellite variables
were helpful features in sugarcane yield models. According to them, just EVI could explain
43% of yield variations during the crop season.
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Figure 9. Frequency, considering a minimum of 2 selected papers, of the variables used to create
sugarcane yield estimation models using data mining techniques. Note: we considered the acronym
of each attribute and the number of selected papers in which it was used. The acronyms’ meanings
and respective references can be found in the Supplementary Materials.

In the selected list of papers, SAR data were also used in the work of [32], who
integrated Sentinel-1 and Sentinel-2 image time series, obtaining predictions of sugarcane
and sugar yield with an RMSE at mill level, respectively, of 4.6 ton ha−1 and 1 ton ha−1.
Ref. [80] integrated RS data from Sentinel-1 and Sentinel-2 and different machine learning
models to estimate sugarcane yield at field level in India, presenting Normalized Root
Mean Square Errors (NRMSE, %) of 18% and 32%. Ref. [23] also considered adopting
satellite metrics from SAR in their future work.

Figure 10 shows the number of publications by satellite in the selected papers. Landsat,
S2/MSI, and Terra-Aqua are the most used ones. This was expected, given their importance
to RS research and ease of accessing data. The studies of [22,28,77] were already discussed in
Section 4.1 and classified in Table 2 as some of the most influential papers in the selected list.

It is worth discussing the studies of [12,30], because both of them used Landsat images
and the second one also evaluated Sentinel-2 image time series. In addition to satellite
images, these studies tried to evaluate the contribution of agronomical, meteorological,
terrain attributes (i.e., slope and elevation), and radiometric information to the model’s
performance. Ref. [12] understood that integrating agronomic, meteorological data, and
Landsat image time series vegetation indices improved the yield model (attaining an RMSE
less than 17 ton ha−1), and the most important variables were the number of harvests and
the Normalized Difference Moisture Index (NDMI) [81], which was computed using the
NIR and SWIR bands.

In [30], the most important variables were related to the soil and terrain (Radiation
Absorbed Dose, Gamma Radiometric Potassium, and a Digital Elevation Model), and the
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most important image index was the Normalized Difference Built-up Index (NDBI) [82],
complying with the findings of [12].
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Figure 10. Number of publications separated by type of satellite used in the selected papers that
generated yield models using data mining.

Another point to emphasize is the use of SAR data from Sentinel-1, even though it is
found in only three of the selected articles. The use of such data is expected to increase in
the coming years. One of these articles is the work of [32], which was particularly ranked
as the second most influential article, as discussed in Section 4.1.

In addition to the Landsat, Terra-Aqua, Sentinel-1, or Sentinel-2 satellites, it is in-
teresting to note the appearance of studies in the selected articles that made use of the
China–Brazil Earth Resources Satellite CBERS-4 [24] and Resourcesat [23,25,83]. In [24], the
authors understood that the use of NDVI images from CBERS-4 were better compared to
NDVI from a field hyperspectral sensor (FieldSpec Spectroradiometer, Malvern Panalytical,
Almelo, The Netherlands) to predict sugarcane yield, and NDVI from CBERS-4 in combi-
nation with information about leaf tissue nitrogen and phosphorus concentrations were
useful to generate a yield model for sugarcane in Brazil.

Ref. [83] used Resourcesat images to obtain a crop map that was used in the extraction
of the evaluated vegetation indices for the different studied districts in India. In their study,
the authors predicted the sugarcane yield at district level in a statistically significant way.
Both [23,25] also used Resourcesat images as input in their models. Ref. [23] derived a
sugarcane yield model using Resourcesat images at mill level. They could estimate the
yield of the crop two months before harvest with a deviation of less than 10% from the
reported sugarcane production values. Furthermore, the authors emphasized the use of
agrometeorological products and satellite metrics derived from SAR in future studies.
Different from [23], ref. [25] obtained a sugarcane yield model based on the relationship
between the farm scale values of yield and LAI. The LAI in the paper was derived from the
relation of Resourcesat NDVI images with LAI values obtained using ground measurements
using LP-80 AccuPAR Ceptometer, achieving an R2 = 0.714.

4.4. Research Trends

Figure 11 presents a Venn diagram listing the keywords of the identified and selected
papers. We used only papers with at least one citation and keywords with at least another
two occurrences. Search terms used to identify papers were removed. Additionally,
synonymous terms were standardized (e.g., NDVI and Normalized Difference Vegetation
Index became just NDVI).

The overlapping area between the keywords in the identified and selected papers
is small. In addition, the terms water stress, water deficit, and water productivity were
highlighted in the selected papers and are most related to better understanding the yield
gap or irrigation management in sugarcane crops. Along the same line, the terms climate
change and variability were derived from studies related to explain how climate change
affects sugarcane crop yields.
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Another highlight is the term vegetation index, derived from RS data. An example is
the study of [4] that used, for example, Sentinel-2-derived vegetation index time series and
phenological metrics from NDVI as input in several regression models to estimate sugarcane
yield in an irrigated region in Ethiopia. In the study, the sugarcane yield model, based on
RF regression, presented an R2 = 0.84 and up to 0.82 to estimate the sugar quantity. Also
in the experiment, the authors mentioned that phenological metrics derived from NDVI
were useful features to estimate sugarcane yield, and in the future, they want to integrate
multisensor data from different satellites (e.g., Sentinel-1) or aerial image platforms.

The cited term ensemble Kalman filter (EnKF) is a data assimilation (DA) method that
refers to the integration between satellite and terrestrial sensor data into crop simulation
models. When the assimilation was performed using satellite data, it used information
from LAI in the assessed crop. For example, ref. [55] performed the DA of LAI from
Landsat-8/OLI and Sentinel-1A in the WOFOST model. In the same way, both [56,84]
assimilated information from field sensors. Ref. [56] evaluated three different assimilation
methods (forcing, calibration, and EnKF) assimilating soil water content (SWC) and LAI
observations into the SWAP/WOFOST model with the aim to understand the contribution
of these assimilated variables to improve sugarcane simulation. As a result, the authors
pointed out that the assimilation of SWC and LAI contributed to the sugarcane simulation
on SWAP/WOFOST, and the EnKF method was the most effective to estimate SWC, LAI
development, and sugarcane yield. Ref. [84] evaluated the performance of sugarcane
yield estimations on DSSAT/SAMUCA, coupling to the model LAI observations from three
different DA methods (EnKF, ensemble smoother–ES, and weighted mean–WM). According
to the authors, the sugarcane yield estimations based on assimilation methods presented
better performances than using the model without DA, with the best results being obtained
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by the ES (RMSE = 20.27 ton ha−1), followed by the EnKF (RMSE = 20.28 ton ha−1) and
WS (RMSE = 21.59 ton ha−1) methods, respectively. Similarly, [84] point out that when the
sugarcane cultivar in the field was different from the genotype-specific calibration used,
they had a higher improvement in the model performance adopting EnKF and ES, while
WS had the opposite results.

Regarding the models’ names, FAO-AZM, DSSAT, and APSIM were very commonly
used keywords, and this can be explained by the fact that a great number of the selected
models that used mechanistic approaches made use of them. For example, in relation to the
use of these models, we can cite the selected studies of [74,85], which, respectively, used
FAO-AZM and DSSAT.

Ref. [74] compared the potential and attainable productivity estimated for sugar-
cane in a Brazilian municipality using three different meteorological datasets ((i) Xavier;
(ii) NASA/POWER, and (iii) a meteorological station) as input for the FAO-AZM model.
In conclusion, the authors recommend the use of the Xavier database in the prediction of
productivity penalty for water deficit and the management of the studied crop, with an
adjustment range varying between 63% and 88% with the meteorological station. Also,
with up to 87% of adjustment to the reference data, NASA POWER can be used in the
modeling process. Using DSSAT in India, ref. [85] simulated variety-wise sugarcane yield
models and obtained a good agreement with the reference data. They also observed the
genetic potential of the different sugarcane varieties in the studied region, named CoS-767
(lowest yield), CoSe-95422, CoS-8436, CoSe-92423, and CoSe-98231 (highest yield) in the
three planting evaluated dates. Moreover, in the study, the authors highlighted that the
sugarcane yield model is sensitive to the maximum temperature, minimum temperature,
solar radiation, and CO2 concentration level.

Figure 12 shows the keywords cluster network in the selected papers and their re-
lationship. The WOFOST model is strongly related to RS, not just using meteorological
data from RS products, but integrating into the model LAI derived, for instance, from
Landsat or Sentinel-1 [55]. One reason for this can be the development of PCSE/WOFOST,
implemented in the Python language, and its combination with Jupyter notebooks [36,53].

In the selected studies involving APSIM and sugarcane yield estimations [52,61,86–91]
in Figure 12, there is a link between the model and the cluster with the keywords vegetation
index and data cube, even though in the mentioned papers, none of them use vegetation
indices products in the sugarcane simulation. We can explain this link as an opportunity
for study, because LAI is a vegetation index estimated in APSIM and can be assimilated via
RS or field data. In addition, the studies involving APSIM are also related with sugarcane
yield, for example, the estimations in relation to the climate variability, temperature, and
bio-economic modeling. The green cluster is a link between the yellow and red cluster.
In this group we can see opportunities for study using DSSAT, APSIM, or WOFOST, for
example, in evapotranspiration, water stress, water productivity, sugar, ethanol production,
and using RS data as input.

Figure 13 shows the temporal evolution of the keywords during the study period.
Studies that make use of machine learning, RS data, and their integration with crop simu-
lation models are more recent. For example, the terms Sentinel-1A, data cube, EnKF, and
Landsat integration with crop models (e.g., WOFOST) were more cited in recent studies
in the selected papers, while those focused on ethanol production, temperature, carbon
dioxide or storage, and water stress using DSSAT or APSIM models are older.

We can separate the clusters per year in two periods, one between 2017 and 2020, and
another one from 2020 to 2023. In the first period, 2017–2020, 45% of the selected papers use
mechanistic models, different from the second period (2020–2023), with 32% of the selected
papers. The decrease in the number of articles that use mechanistic models to estimate
sugarcane yield is due to the greater number of publications that seek to estimate the crop
yield using empirical models based on machine learning and the greater availability of free
RS data. In addition, we can observe more published papers about the use of RS data or
field sensors as input for the mechanistic models [55,84,88,92].
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Specifically concerning the use of top-edge artificial intelligence (AI) methods, we
found no papers dealing with deep learning (DL) and related approaches. A unique paper
employing DL for sugarcane yield prediction in particular [93] was published immediately
after the upper threshold of our time frame, and hence, it was not included in our review.
In this work, the authors proposed a novel hybrid CNN-Bi-LSTM_CYP (Convolutional
Neural Network—Bidirectional Long Short-Term Memory—Crop Yield Prediction) deep
learning-based approach that includes convolutional layers to extract the relevant spatial
information in a sequence to Bi-LSTM layers, which recognize the phenological long-term
and short-term bidirectional dependencies in the dataset to predict the sugarcane crop yield.
It was concluded that the proposed approach was superior to other empirical models (either
statistical or machine learning—ML) and even outperformed conventional DL approaches.

Other papers relating DL to yield estimation models in general have been published in
recent years, and they were designed mainly for corn, soybean, and wheat [94–102], among
other crops, and hence, they were excluded from our review. These studies are still limited
in number, for this is still an incipient area in the field of yield estimation and forecasting,
a point also noted in the systematic reviews of [13,103,104]. The minority of such studies
regards the combination of ML and DL approaches [94,95,98,99], while most of them
exclusively deals with DL methods, especially the most recent studies, considering that
there is an ongoing trend to migrate to pure DL approaches, since this is the state-of-the-art
in the field of empirical yield estimation models.

Finally, we ought to mention that DL presents several advantages for yield estimation
and forecasts, like the ability to handle large and complex data; its independence on hand-
engineered features; its capacity to deal with sequential data (time series); the ability to
handle missing data and also non-linear relationships; its scalability, which allows for
data to be deployed on cloud platforms and edge devices; its generalization ability, since
DL methods are able to learn abstract and hierarchical representations of data; and its
improved performance, as it is able to deliver highly accurate results.

Nevertheless, DL approaches are data-intensive and do not work well with limited
data; they are dependent on human expertise for defining the optimal network architecture
and the ideal settings for the parameterization and hyperparameterization processes,
and demand high computational costs, since they require significant hardware resources,
including powerful GPUs and large amounts of memory, which can be costly and time-
consuming. In brief, DL remains a “black-box” model, as it is difficult to understand how
the model makes predictions and identifies the factors that influence the predictions [13,105].
However, it is expected that empirical yield estimation models relying on DL, including
sugarcane yield estimation models, will grow and gain increasing importance and visibility.

4.5. Limitations

Remote sensing-based sugarcane yield estimation models offer an opportunity to
access information at the field scale and for extensive areas, with a low cost and in a well-
timed manner, which is relevant for sugarcane producers to improve crop yield production,
reduce costs, and help crop management and logistics [12]. However, these models differ
in the degree of parameterization needed and the ability to simulate different cultivars
and different stress conditions, hindering their application for sugarcane, given the lack
of understanding of their capabilities, limitations, and difficulties, and the general lack
of model credibility [106]. Ref. [32] concluded that most remote sensing-based models to
predict sugarcane yield have been limited in their scope, often only detecting reasonably
strong correlations between satellite imagery and sugarcane yield when considering yields
and imagery averaged over large regions. They pointed out limitations related to their use
over large areas and to provide early information. Also, high-quality field data are required
for model development, and more effort is needed to parameterize and validate models to
improve the reliability of crop simulations. Different physiological and growth parameters
used in models vary among sugarcane cultivars, and therefore need to be estimated from
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data to appropriately predict growth and yields. Region-specific calibrations of models are
also essential [106].

In line with this, different limitations emerged in the literature. Among the main ones,
Refs. [72,73,107] discussed problems related to water deficit. As sugarcane yield increment
varied among planting dates, because of the time and intensity of water deficit and the
phenological phase, water deficit during the crop phases when leaves were expanding and
stalks were growing caused higher impacts on the final yield than during the other phases.
Ref. [92] assessed sugarcane for water-limited environments by considering the FAO-AZM
model. They highlighted that climate-related limitations affect yield in response to annual
variability, soil type, intensity, and duration of water deficit, consequently affecting the
model. Ref. [11] concluded that one of the main limitations of regression methods for
estimating crop yields is that they are only implemented for specific crop growth stages or
certain geographic regions. Their results confirmed that the continuous addition of Earth
observation data into the modeling (jointly with multivariate data, such as soil moisture,
canopy nitrogen content, and evapotranspiration) can help to overcome these limitations.
The authors cited that multi-source satellite data can improve information and overcome
the limitations of data from individual sensors. In this line, ref. [22] demonstrated that the
sugarcane yield mapping based on yield monitors was limited when compared to grains
because of the high-resolution data (due to the slow traveling speed of the harvester and
narrow row spacing), high biomass variability, and noise from the yield monitor system.
The authors justify that these factors have guided the interest in using remote sensing-based
methods to monitor sugarcane yield.

Even anticipating the crop forecast three months before the harvest, ref. [28] exposed
the limitations of predicting sugarcane yield from moderate-resolution satellite images,
averaged municipal yield data, and only NDVI spectral variables. The authors explained
that more spectral and temporal variables with better resolutions improved estimations.
This issue was also cited by [24]. Ref. [108] presented complementary limitations regarding
the use of RS: spatial resolution; land cover noise of non-sugarcane land use, such as farm
roads and irrigation and drainage infrastructures within a pixel; the number of cloud-free
images on which the analysis and numerical interpolation are based; the time of day when
images are taken; and the angle of image capture and its correction function. Ref. [47]
indicate that the DSSAT/CANEGRO model has some limitations for crop simulations under
rainfed conditions; therefore, further studies on the effect of drought on the development
of LAI and canopy should be conducted. Ref. [109] presented limitations related to the
population size, sugarcane area under cultivation, climatic factors, and exposure to drought,
flood, heat, and cold waves. Furthermore, the CANEGRO-Sugarcane model did not
consider the impact of pest infections, weeds, and diseases on a crop. Ref. [30] attested that
current sugarcane yield forecasts predict a single, averaged yield value for an entire district
or region and are poorer when late-season satellite images of the crop are excluded from
the model. Ref. [1] discussed the natural challenges of reliably estimating trait parameter
values from limited experimental data.

Limitations regarding climatic and intrinsic sugarcane variables also emerged. Ref. [106]
pointed out limitations related to uncertainties associated with downscaled outputs of
global climate models and changes in the standard patterns of temperatures and incidence
of pests and diseases, factors that affect production. They concluded that it is urgent
to integrate predicted new scenarios with the incidence of primary and secondary pests
affecting sugarcane before estimating sugarcane growth and yields. Ref. [49] applied a
sophisticated statistical downscaling method to generate daily climate data as inputs for
crop models. The downscaling presented limitations, such as changes in the frequency of
extreme events (e.g., droughts or heat waves). They discussed that models to predict the
effects of future climate change on yield have presented simplified processes of plant growth
and soil processes. Although necessary, simplifications limit the accuracy of the simulated
crop response to environmental conditions, disregarding the effect of extreme weather
events on soil conditions. Ref. [52] discussed the limitations of the biophysical APSIM-Sugar
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model, such as the simulated responses of leaf area expansion and radiation use efficiency
to transpiration efficiency, the modeling of diurnal interactions between transpiration,
photosynthesis, vapor pressure deficit, and water stress, and the non-inclusion of weeds,
pest, and diseases on yield performances. Considering that soil temperature and moisture
affect sugarcane tillering and physical, chemical, and biological processes, ref. [110] assessed
the integrated use of evapotranspiration, soil moisture, and soil temperature data with
requirements for dimension irrigation. They concluded that the inclusion of the effects of
nutrient-limited environments in sugarcane growth is an emergent opportunity for future
improvements of the SAMUCA model.

Ref. [73] also discussed how the lack of information regarding water deficit and
biological, biochemical, and biophysical aspects linked to crop yield can affect yield gap
estimation. Ref. [84] discussed limitations related to the update of only a few state variables,
citing that this situation may affect the model integrity and cause undesired model states
in some circumstances. Also, the authors discussed the need for improvements in model
calibration, no interference of reducing factors, soil and climate characterization and climate
data, and the use of state variables, such as aboveground biomass, plant height, soil
moisture, canopy nitrogen accumulation, and canopy cover to enhance the model accuracy.
Yet, they cited that further studies could explore the allometric relations between LAI
with the number of stalks, stalk height, and other related crop variables to simultaneously
update these variables without direct measurements. Using the APSIM sugarcane model,
ref. [90] exposed limitations related to the rigor of model validation for large areas, not
recommending validation for only a limited number of sites. They do not recommend
disregarding the impact of pests and other disasters caused by meteorological factors
in the real production process. In addition, they discussed spatial resolution issues and
recommend assessing sugarcane cultivation impact on the ecological environment before
estimating any model.

4.6. Future Research Directions

The above-mentioned limitations need to be addressed by the scientific community.
Regarding potentialities that can fuel future research directions, water-related assessments,
such as irrigation, water management, coupling crops models and hydrologic models,
footprint, consumption, and use efficiency, focused on their relations with sugarcane
yield, emerge as themes that can be further explored, as well as the relationship between
crop yields and land use and land cover change, different planting windows, and plant
phenology. In addition, since we can collect large spatiotemporal datasets for the same area,
precision agriculture as well as the use of time series of crop yields in different years and
their relations with several environmental variables and agricultural aptitude of the land
(by considering zoning plans, crop calendars, and soil suitability) could also be explored.
Another future line of research concerns the use of DL approaches to estimate sugarcane
yield since these are the state-of-the-art in agriculture studies and particularly within the
domain of empirical sugarcane yield modeling.

Due to the fact that mechanistic models are not developed to offer spatial information
results, the RS data are very valuable to combine with these models. The assimilation
of RS data in mechanistic models based on combining one or more satellite sensors is
very promising. Thus, it would be interesting to verify the feasibility of generating sugar-
cane productivity results in these environments, identifying limitations, opportunities for
improvement, and potentialities.

5. Conclusions

We observed the current state-of-the-art approaches related to sugarcane yield estima-
tion using RS data in empirical or mechanistic models. These approaches have benefits and
drawbacks that can be pondered, such as input data, region of interest, computational cost,
and the available time to obtain information. As for outlooks, there are some related to
sugarcane yields, such as studies related to water resources, climate change, land use and
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land cover change, irrigation management, carbon, and nitrogen use, integration of RS data
with crop simulation models, cloud processing, and the impact of the spatial resolution
and clouds on the estimations in mechanistic models.

Specifically in RS, the contribution of SAR and optical image time series and the use
of spectral indices other than NDVI or LAI as input data ought to be investigated. Due
to the difficulty in obtaining meteorological, soil, and other physical terrain data, it is
recommended to assess the possibility of testing different remotely sensed datasets. In
summary, there are many research opportunities related to sugarcane yield estimation, and
each day, new demands that need to be addressed come on the scene.

The assimilation of RS data in mechanistic models and as features in empirical models
is promising and will increase in the upcoming years following the development and
increasing availability of free Earth observation data. As we discussed in this study, there
are many themes of research and challenges to take advantage of the wide potential of this
technology, including emerging lines of research in precision agriculture, model coupling,
and AI. The use of mechanistic models without assimilation will continue in some regions
and applications, but in others, e.g., when there is a necessity to obtain sugarcane yield on
a global or regional scale, or even in places where it is difficult to obtain meteorological
observations, RS integration will tend to be more commonly employed.
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