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Abstract: Multi-source remote sensing-derived information on crops contributes significantly to
agricultural monitoring, assessment, and management. In Africa, some challenges (i.e., small-
scale farming practices associated with diverse crop types and agricultural system complexity, and
cloud coverage during the growing season) can imped agricultural monitoring using multi-source
remote sensing. The combination of optical remote sensing and synthetic aperture radar (SAR)
data has emerged as an opportune strategy for improving the precision and reliability of crop
type mapping and monitoring. This work aims to conduct an extensive review of the challenges
of agricultural monitoring and mapping in Africa in great detail as well as the current research
progress of agricultural monitoring based on optical and Radar satellites. In this context optical
data may provide high spatial resolution and detailed spectral information, which allows for the
differentiation of different crop types based on their spectral signatures. However, synthetic aperture
radar (SAR) satellites can provide important contributions given the ability of this technology to
penetrate cloud cover, particularly in African tropical regions, as opposed to optical data. This review
explores various combination techniques employed to integrate optical and SAR data for crop type
classification and their applicability and limitations in the context of African countries. Furthermore,
challenges are discussed in this review as well as and the limitations associated with optical and
SAR data combination, such as the data availability, sensor compatibility, and the need for accurate
ground truth data for model training and validation. This study also highlights the potential of
advanced modelling (i.e., machine learning algorithms, such as support vector machines, random
forests, and convolutional neural networks) in improving the accuracy and automation of crop type
classification using combined data. Finally, this review concludes with future research directions and
recommendations for utilizing optical and SAR data combination techniques in crop type classification
for African agricultural systems. Furthermore, it emphasizes the importance of developing robust and
scalable classification models that can accommodate the diversity of crop types, farming practices,
and environmental conditions prevalent in Africa. Through the utilization of combined remote
sensing technologies, informed decisions can be made to support sustainable agricultural practices,
strengthen nutritional security, and contribute to the socioeconomic development of the continent.

Keywords: earth observation; crop classification; SAR data; optical imagery; Africa

1. Introduction

Global population is expected to attain 9.7 million by 2050 [1], with an estimated
annual increase of 83 million individuals per year [2]. This is expected to cause a worldwide
need for food that will shape future food security and conservation efforts [3]. These
demographic challenges are even greater in Africa. To ensure a profitable agriculture in
Africa and to make informed decisions, it is important to understand the state and trends
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of agricultural production. To this end, there is a need for crop mapping, yield assessment
and monitoring based on Earth Observation (EO) data. To this end, there is a need for crop
mapping, yield assessment and monitoring in terms of the EO data from varied platforms
and advanced methodological approaches (i.e., classification, IA algorithms).

The ever-increasing availability of high resolution open-access EO data at both optimal
spatial and temporal scales and powerful computing resources provides great opportunities
for agricultural mapping applications. However, crop assessment and mapping in the
context of African agriculture has been challenging, especially regarding data collecting,
storing, and processing, and the requirement of the datasets to cover large geographic
areas [4] to accomplish agricultural mapping applications.

Classifications based on single-source of optical satellite data were the focus of crop
type monitoring for many years [5]. In addition, the use of one-source remote sensing
data is often impeded by some challenges (i.e., the small size of the field, the complexity
of cropping systems, the presence of cloud cover, particularly in African tropical regions).
To this end, the use of a combination of EO imagery (i.e., optical and radar) constitute
an interesting alternative to cope with these challenges. Interest in multi-source satellite
imaging has increased due to advancements in sensor and processing capabilities, en-
abling the exploration of new possibilities [6]. Indeed, the combination of optical and
radar data is particularly attractive as each of these systems can capture different informa-
tion with respect to the crop and structure of the canopy and biochemical properties [2].
When coupled with advanced modelling algorithms and other monitoring systems, this
alternative can be of great importance to produce operational annual crop mapping [7].
For instance, Multiple optical and synthetic aperture radar (SAR) EO satellites, including
Sentinel-1A/B and Sentinel-2A, and the Landsat series of satellites [8] have been extensively
used in agricultural monitoring. Indeed, the Landsat and Sentinel imagery are the basis
of many operational monitoring initiatives considering the free and open data policies of
these missions. The continuity of data over time from these satellites improves temporal
resolutions and these datasets lend themselves well to multisource data combination in
support of operational applications in the environmental and agricultural sectors [9–11].
These EO satellites have helped to achieve many of the land cover and crop type maps
that are important inputs for monitoring environmental and agricultural conditions [12,13]
in Africa.

It is important to highlight that the spectral and temporal characteristics of soils
and vegetation have been monitored at various spatial and temporal scales by these
satellites [13]. Recently, this has been aided by a new generation of airborne sensors
(i.e., hyperspectral data) available on an ever-increasing number [14] as well as by Airborne
and Unmanned Aerial Vehicle (UAV)-mounted sensors. UAVs equipped with advanced
multi-sensors (i.e., hyperspectral and radar) are transforming agriculture by providing
very-high-resolution imagery, then enhancing crop monitoring and precision farming.

Recently, radar systems on board UAVs have experienced a significant development
mainly regarding improving their detection capabilities. Both hyperspectral and radar
systems on UAVs are in their early stages of offering insights into crop health and soil
conditions, leading to improved yields and sustainability, and are becoming indispensable
in agricultural management [15] at the field scale. However, their use in African agricultural
sectors is still limited and will not be covered in this review. In this context, this paper
aims to introduce the challenges of agricultural monitoring in Africa in detail, as well as
the current research progress of agricultural monitoring based on optical and radar/SAR
satellites in all aspects which is of great help to researchers and policy makers. To do so,
publications that explored applications in monitoring crop mapping using optical and/or
radar remote sensing data in Africa are reviewed in this study.

2. Synthesis of Reviewed and Retained Publications

In this study, we used the Scopus database to conduct an online bibliographic search.
We used specific key words to find publications related to the use of Earth Observation



Sensors 2024, 24, 3618 3 of 19

imagery, advanced modelling algorithms, and monitoring systems to produce operational
annual crop type inventories in Africa.

The subsequent query strings were employed to conduct the search:

i. Basic Query:

(TITLE-ABS-KEY (“optical imagery” OR “radar imagery”) AND TITLE-ABS-KEY
(“crop type classification”) AND TITLE-ABS-KEY (Africa OR specific African countries)).

ii. Focus on Optical Imagery:

(TITLE-ABS-KEY (“optical imagery” OR “satellite imagery”) AND TITLE-ABS-KEY
(“crop type classification” OR “land cover classification”) AND TITLE-ABS-KEY (Africa
OR specific African countries)).

iii. Focus on Radar Imagery:

(TITLE-ABS-KEY (“radar imagery” OR “SAR imagery” OR “synthetic aperture radar”)
AND TITLE-ABS-KEY (“crop type classification” OR “land cover classification”) AND
TITLE-ABS-KEY (Africa OR specific African countries)).

iv. Expanded Query:

(TITLE-ABS-KEY (“optical imagery” OR “radar imagery” OR “remote sensing”) AND
TITLE-ABS-KEY (“crop type classification” OR “land cover mapping”) AND TITLE-ABS-
KEY (Africa OR specific African countries)).

v. Detailed Query Including Methodologies:

(TITLE-ABS-KEY (“optical imagery” OR “radar imagery” OR “remote sensing”) AND
TITLE-ABS-KEY (“crop type classification” OR “land cover mapping”) AND TITLE-ABS-
KEY (Africa OR specific African countries) AND TITLE-ABS-KEY (“machine learning” OR
“classification algorithms” OR “image processing”)).

vi. Comparative Studies or Reviews:

(TITLE-ABS-KEY ((“optical imagery” OR “satellite imagery”) AND (“radar imagery”
OR “SAR imagery” OR “synthetic aperture radar”)) AND TITLE-ABS-KEY (“crop type
classification” OR “land cover classification”) AND TITLE-ABS-KEY (“comparison” OR
“review” OR “evaluation”) AND TITLE-ABS-KEY (Africa OR specific African countries)).

The first query aims to unearth documents centred on crop type classification or
land cover using optical or satellite imagery within African regions. The second targets
papers specifically focusing on crop type classification or land cover analysis utilizing
radar imagery, including SAR or synthetic aperture radar. The third delves into research
that integrates both optical and radar imagery for crop type classification or land cover
mapping in African contexts. The fourth extends the search to methodologies and tech-
niques involved in crop type classification, encompassing both optical and radar imagery
alongside technical aspects like machine learning or classification algorithms. And the
fifth query focuses on comparative studies or reviews discussing the effectiveness or dif-
ferences between utilizing optical and radar imagery for crop type classification within
African regions.

The selection criteria used in this study were that the articles had to be (i) perti-
nent to the topic of the systematic review; (ii) published in peer-reviewed journals; and
(iii) published during the designated time period (i.e., 2008–2023), since 2008 was the year
when the satellite images start being free. Numerous studies were excluded if they did
not align with the specific focus of the research. For example, remote sensing publications
that did not directly contribute to the mapping of crop types were also filtered out. This
rigorous selection ensured that only studies directly pertinent to the core objectives of the
review were included, maintaining a focus on the use of optical and radar imagery for crop
type classification within African contexts. These countries included Mali, Burkina Faso,
Ethiopia, Ghana, Benin, Morocco, Nigeria, South Africa, Sudan, and Mozambique. The
selection of these African nations (Table 1) was based on the presence of studies especially
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tailored to address the research aims and their potential for enhancing crop type mapping.
To validate the Scopus search and identify any omissions of pertinent publications, the
subsequent word combinations were entered into Google Scholar and Science Direct: “crop
mapping”, “earth observation”, and “remote sensing”.

3. Results and Discussion

Results of our research showed that for the period 2008–2023, there has been a limited
number of publications that explicitly aimed to use a combination of optical and radar
remote sensing data to map crops in Africa (Table 1). These publications are shown in
Table 1 as a function of the date of their publication and the countries included. Most of the
retained studies in this review have shown the following:

The majority of smallholder agriculture occurs in low- to middle-income African
nations [16,17]. Approximately 60% of farmers in these areas are disadvantaged, as they
often cultivate various crops on a single plot of land because of the limited availability
of arable land allocations per household. This practice is necessary to maximise land
productivity and labour efficiency [18]. Agricultural plots in sub-Saharan African countries
are characterized by smaller dimensions and a less-uniform structure compared to highly
managed systems [19]. According to studies on households in several African countries,
approximately 50% and 25% of fields are smaller than 0.4 ha and 0.2 ha, respectively [20].
Plot size is a proxy for identifying smallholder systems or even land-use intensity [17,20,21].

Some studies also highlighted that the state of agriculture in Africa in the last decade
has undergone a shift towards digital farming, with remote sensing and satellite imagery
playing a crucial role in this transformation. Our review also showed that the use of
multispectral satellite image analysis for computing vegetation indices has been conducted
in many African countries. For instance, changes in the vegetation and the overall health
of the environment in the area in the Khartoum, Sudan were computed through the use
of multispectral images and derived vegetation indices [22]. In another study, remote
sensing products and services have been employed to support agricultural public policies
in Africa, with regard to the common agriculture policy, specifically, subsidy management,
by providing accurate crop identification using satellite images [23]. We believe that
digital farming and the emergence of high-resolution imagery have the potential to bring
significant benefits to small-scale farmers in Africa. Thus, small-scale farmers may utilise
digital tools and platforms to get access to new markets, improve their production efficiency
and quality, and decrease transaction costs [24]. The adoption of digital advancements
in African agriculture has resulted in a significant boost in smallholder crop production,
with yields increasing by up to 70%. This gain in productivity has directly translated into
a substantial rise of around 40% in farmers’ earnings [25]. For smallholder farmers, the
implementation of digital technologies and services can generate a butterfly effect in which
a single minor adjustment can yield a significantly larger consequence [24]. Smallholder
farmers can be enabled to leapfrog and leverage new business models such as the sharing
economy, derive value from agricultural data, and generate the network effect to drive
their scale through the use of digital technologies [26]. Nevertheless, the inability of small-
scale producers to utilise digital tools and platforms effectively could limit their ability to
compete globally. Some of the primary obstacles identified include inadequate government
support, restricted internet connectivity, the high cost of devices, and insufficient digital
training. Consequently, infrastructure investments and partnerships between the public
and private sectors are required to ensure that digital farming can benefit small-scale
producers in Africa [27].

As mentioned earlier in this study, the agricultural lands’ size in Africa make it diffi-
cult to identify and map farmland crop types [23,27] using commonly used medium–high
resolution remote sensing data (i.e., Landsat). Consequently, it is difficult to generate high-
quality training and dataset validation [28] because field data collection in smallholder
settings is both time-consuming and costly [29], might lack accuracy, and there is a com-
plexity of crops as multiple crops can be produced concurrently on the same plot [25,30].
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Due to the geographical and temporal closeness of crop type classes, due to intercropping
in smallholder systems, spectral responses are often mixed [28].

By the deployment of new satellites, the constant advancement of data retrieval technolo-
gies, and the expansion of cloud computing solutions such as Google Earth Engine (GEE), new
opportunities have emerged at a rapid pace [31]. Regional and global agricultural production
monitoring has depended heavily upon satellite data (e.g., MODIS) with a high temporal
frequency (e.g., daily) but a coarse spatial resolution (e.g., 250–1000 m), especially when
monitoring is applied across wide areas [32]. However, these coarse resolution sensors are
often not suitable for characterizing land use and land cover changes at field scales [32,33].
The open distribution of the Landsat archive data, the perpetuity of the Landsat mission, and
the launch of Sentinel-2 are extending monitoring capabilities to small and irregularly shaped
landowner plots [34].

Until recently, EO-based mapping approaches in African countries have been limited
by sensor constraints including the availability of open data, the shortage of training
data, frequent cloud cover, as well as landscape challenges including irregularly shaped
fields and small plot sizes. As far as we know, only a restricted subset of research has
employed satellite images to accurately map the types of crops grown throughout the
African continent. A semantic segmentation dataset of smallholder farms was created in
Ghana and South Sudan, focusing on the first crop type. This was achieved by utilising
high-resolution satellite images, namely those of Sentinel-1 and -2, as well as those of
Planet [16]. The findings of this study revealed a reasonable level of accuracy, namely 57.3%
and 60.9% in Ghana, and 69.7% and 85.3% in South Sudan. The study determined that
in Africa, crop mapping provides challenges owing to the scarcity of cloud-free satellite
images, the presence of small agricultural areas, and the diverse nature of the region.
Different researchers conducted a study in Northwestern Benin, where they utilised high-
spatial-resolution multi-temporal optical (RapidEye) and dual polarised (VV, VH) SAR
(Terra SAR-X) data. The objective was to accurately map crops by employing a random
forest classification system [35]. Including the SAR imagery improved the classification
accuracy by 10–15% over the use of RapidEye alone. This study demonstrated that the
integration of optical and SAR data acquired throughout the growing season can lead to
classification accuracies of up to 75% [35], which is relatively higher than those in [16].
Another study used a random forest classifier to linearly temporally generate global crop
type maps with overall accuracies above 80% for most sites [36]. Out of all the locations
in Africa, only two exhibited low performances. The Madagascar site’s may be attributed
to the existence of fields that are smaller than the pixel size. Similarly, Burkina Faso’s bad
performance can be attributed to a combination of trees and crops in the field [36].

Morocco is one of the African countries where efforts are made to overcome these
challenges through the modernization and digitalisation of agriculture. The Moroccan
government is collaborating with international partners to digitize the agricultural sector in
order to enhance crop production and combat the country’s recent drought [37]. However,
large-scale agricultural mapping has a number of obstacles, including challenges with
handling vast amounts of data and limited processing resources [31]. Recent research has
begun in order to capitalise on this opportunity in crop classification and farmland map-
ping [37,38], although it concentrates on limited regions and a certain period of cultivation.
Significantly, a substantial amount of reference samples were gathered and categorised
with a visual analysis of high-resolution images on Collect-Earth-Online, an internet-based
platform designed for the systematic collection of geospatial data. The farmland categoriza-
tion product achieved an impressive overall accuracy of 97.86% and a Kappa coefficient of
0.95 for the 2019–2020 season [31]. Also, the viability of the Sen2Agri system for crop type
mapping was assessed in the extremely fragmented and diversified agricultural landscape
of the Haouz plain in Morocco [37]. Sentinel-2 time series data for the 2018 agricultural sea-
son were analysed in order to categorize the dominant crop types in the research area based
on phenological information from field campaigns. This study achieved an overall accuracy
(OA) of 85.6% and Kappa coefficients of 0.80% [38]. Despite these few attempts to use
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high-resolution satellite imagery, there are a lower number of studies in the literature that
address the crop mapping and especially crop type mapping in Africa throughout the use
of a combination of high-resolution satellite imagery. Additionally, radar imagery proves
instrumental in assessing primary tillage, especially in contexts like conservative agricul-
ture in Morocco, estimating the timing of tillage activities [39]. Hyperspectral data emerges
as a potential contributor, providing enhanced spectral information compared to radar and
optic data, potentially enriching classification outcomes [40]. This comprehensive integra-
tion and juxtaposition of diverse data sources, including SAR, optical, and hyperspectral
data, offers promising avenues to refine and optimize operational crop type inventories in
African contexts, aiding in precise monitoring and management strategies. The following
section will perform a systematic review to synthesize the results of established and existing
mapping works in Africa.

Table 1. Summary of the papers used in the study for each of the selected countries, sorted by
publication year.

Year Publication Topic Images Source Classification
Algorithm Country Reference

2011

Complex region land cover
classification using coarse spatial
resolution data to generate
continuous and discrete maps

Landsat
Classification and
regression tree
(CART)

Republic of South
Africa and
Germany

[31]

2014

Integration of synthetic and optical
aperture radar images to improve
crop mapping in the northwestern
area of Benin, located in West Africa

RapidEye
dual-polarized
(VV/VH) SAR
(TerraSAR-X)

Random forest Northwestern
Benin, West Africa [41]

2015
Enhancement of worldwide cropland
data as a critical component for
ensuring food security

Satellite imagery
used by Geo-Wiki Ethiopia [42]

2017
Satellite imagery-based evaluation of
yield variation and its determinants
in smallholder African systems

1 m Terra Bella
imagery Random forest Africa [29]

2017
Classification of land cover and crop
types using remote sensing data and
deep learning

Landsat-8
Sentinel-1A

Convolutional
neural networks
(CNNs)

Africa [13]

2019
Mapping of national-scale
smallholder maize areas and yields
using Google Earth Engine

Sentinel-1
Sentinel-2

Random
forest (RF)

Tanzania
Kenya [43]

2020

An examination of the capabilities of
Sentinel-2 in estimating crop
production within a smallholder
agroforestry environment in
Burkina Faso

Sentinel-2 Linear regression
modeling Burkina Faso [28]

2020

Assessment of the Sen2agri system
under semi-arid circumstances: a case
study of central Morocco’s Haouz
Plain

Sentinel-2 for
Agriculture
(Sen2Agri)
Sentinel-2 Time
Series data

Random forest Morocco [37]

2020

Mapping the dynamics of large-scale
and smallholder cropland in an
emerging frontier of Mozambique
using a flexible classification system
and pixel-based composites

Landsat Random forest Mozambique [21]
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Table 1. Cont.

Year Publication Topic Images Source Classification
Algorithm Country Reference

2021
Sentinel-2 imagery mapping of crop
types and cropping systems
in Nigeria

Sentinel-2
SkySat Random forest Nigeria [18]

2021

Agricultural crop classification and
status monitoring in central Morocco:
a synergistic combination of the OBIA
method and fused Landsat-Sentinel-2
data

Landsat-8
Sentinel-2

Random forest
classifier/OBIA Morocco [44]

2021

Mapping of croplands at the national
scale utilising Google Earth Engine
and phenological metrics,
environmental covariates, and
machine learning

Sentinel-2 Random forest Morocco [30]

2021

Deep learning-based spatiotemporal
combination approach for producing
high-resolution NDVI time-series
datasets

Sentinel-2
Landsat-8 Random forest Morocco [33]

2022
Climate-smart agriculture in African
countries: a review of strategies and
impacts on smallholder farmers

- -
Algeria, Senegal,
Benin, Nigeria
Zambia

[45]

2023

Utilising R to compute vegetation
indices based on multispectral
satellite images in the Khartoum
region of Sudan, Northeast Africa.

Landsat-8 Sudan [46]

2023

An application of GIS-based
indicators to delineate the spatial
aspect of food insecurity: An instance
in Western Kenya

- - Kenya [4]

When choosing a classification algorithm, numerous factors must be considered. These
factors encompass the statistical distribution of classes, the type of the available data, the
degree of precision looked for, the usability of the classifier and its speed, scalability, and
interpretability. Certain factors involve direct trade-offs, and it is crucial to strike a balance
between satisfactory precision and efficient resource utilization [47]. When limited informa-
tion on the types of land cover is available, algorithms that group elements by the similarity
of their qualities without prior human intervention (i.e., unsupervised classification) are
often used [48]. Clustering methods, such as k-means and ISODATA, iterate until they
approach convergence and find an ideal collection of clusters [47]. Automatically generated
clusters may not always align with specific land cover categories [49]. Prior to labelling, it
is required to employ post-classification refining procedures (e.g., merging and splitting
clusters) [50]. To prevent classes with significant internal variability (e.g., water, bare soil,
snow) from dominating the clustering process [49], prior stratification and masking are
common practices [51].

Although the automated characterization of clustering algorithms may seem appealing,
these methods can become time-consuming when dealing with high data dimensions or
big data volumes, and correctly understanding clusters is a difficult and time-consuming
task [52].

As an alternative, supervised classification methods integrate data with several a
priori labelled reference land cover samples. It is essential to choose enough high-quality
training examples [53,54], a laborious operation that is normally done manually, but in some
circumstances automated selection is possible due to improved databases and expertise [55].
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There may be errors made during the selection and labelling of samples, which could lead
to inaccurate and biased categorization results [56,57]. When using supervised methods, it
is necessary for the training data to accurately reflect the classification problem; otherwise,
the classifier will not be able to detect unknowns in the training sample [58]. In recent years,
the dominant approach for large-area land cover mapping has shifted away from primarily
using unsupervised approaches [59] to an increased use of supervised techniques [60],
attributable in part to an increase in the availability of auxiliary data which eases the burden
of obtaining samples for training of the classifier [38,48,58].

Alternative methods employ diverse classifiers concurrently or consecutively [49,61].
This approach can leverage both supervised and unsupervised methods for large-scale land
cover mapping. Typically, a time series of optical EO data have been used. The dominant
method for land cover mapping using remotely sensed data is the single clustering category
known as partitioning, which is extensively employed [40]. However, sporadic attempts at
hierarchical clustering for this purpose also exist [56]. K-means and ISO-DATA algorithms are
preferred for large datasets since processing can be faster than other techniques. Applying
parametric supervised classifiers to multi-temporal data that include various spectral charac-
teristics and multi-modal distributions, such as the maximum likelihood, minimum distance,
and discriminant analysis, poses a significant challenge [61].

Generally, parametric classifiers are not suitable for characterizing land cover for vast
areas and complex landscapes due to their lower flexibility in decision boundaries [62].
In contrast, non-parametric classifiers (such as k-Nearest Neighbor (kNN), decision trees
(DTs), neural networks (NNs), and support vector machines (SVMs)) enforce limits of
arbitrary geometries and offer greater flexibility at the expense of computationally intensive
iterative processes. Non-parametric classifiers are typically effective when the statistics and
distribution of land cover types are unknown because they concentrate decision rules on
class borders [63]. Non-parametric classifiers (such as k-Nearest Neighbor (kNN), decision
trees (DTs), neural networks (NNs)) are more appropriate than parametric classifiers, which
concentrate on central tendency statistics, a typical scenario for larger regions. Significant
effort has been expended to assess the effectiveness of land cover categorization algorithms
and to determine their relative merits and weaknesses [55,63,64].

A few research papers have compared algorithms explicitly using time-series data [34,65].
The benefits of an algorithm may be universal (such as their simplicity in application and
understanding) or specific to certain situations (e.g., the capacity to handle missing data).
Recursive binary partitions based on DT that abide by a set of optimized rules [47] are a
desirable alternative for large-area land cover categorization for a variety of reasons, chief
among them being their simplicity in application and interpretation as well as their ability to
handle data measured at various scales, non-linear correlations, and missing data [66]. DTs
can be trained quickly and perform classifications rapidly [7,63]; However, for feature spaces
with high dimensionality, DTs often perform more poorly when compared to methods like
SVMs and NNs [57,67]. Furthermore, they exhibit sensitivity to noisy data and susceptibility
to over-fitting [68].

Random forest (RF) is an enhanced DT implementation [47], which casts a vote for the
tree that best represents the sampling data recursively modified into a forest of trees [69].
Random forest (RF) often achieves higher classification accuracy compared to other types of
decision trees (DTs) and mitigates the risk of over-fitting, but at the expense of heightened
computing complexity. Furthermore, the opaque nature of RF classifiers obscures decision
criteria [70].

In a multidimensional space, SVM algorithms locate one or more hyperplanes that
divide target groups. SVMs, according to Hughes in 1968, is better than other algorithms
because it handles many variables well compared to the amount of training data available.
This means it keeps performing well even when there is a lot of data from remote sensing
and not much actual ground truth available, unlike other methods where classification
performance drops if there are too many input characteristics for the classifier to han-
dle [49,65]. Although they are accurate classifiers, neural networks frequently over-fit the
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data [70] and remain a black box with respect to interpretation. Both NNs and SVMs are
computationally demanding and require parameter adjustments. Accuracy tends to rise
when multiple algorithms are combined into an ensemble classifier [71]. These approaches
can also provide information on classification uncertainty [58] or confidence [72]. However,
ensemble classifiers also increase computational complexity and cost while decreasing
interpretability. To produce several classifications of the same data, ensemble learning
techniques use the same underlying classifier or a combination of them (e.g., random forest,
bagging, and boosting) [70].

There are two types of ensemble approaches: those that are dependent, in which
the results of one classifier are used to guide the performance of the following classifier,
and those that are independent, in which each classifier is run independently and its
results are merged using a weighting or voting mechanism [73]. Boosting techniques
replace the previous training set with a new one. This new training data emphasizes the
instances that were incorrectly classified by earlier classifiers. Large classification problems
have been found to be amenable to the technique of “boosting” [66]. The inclusion of
complicated temporal data into the categorization of land cover has not been matched with
the development of unique classification methods, and typically the same guidelines are
used as those for the classification of single-date data. A noteworthy study shows the value
of considering the spectro-temporal context in a classifier [74]. Integrating time-series data
can yield a greater improvement in outcomes, namely in their accuracy, compared to using
a classification system [75]. To fully utilize the predictive power of time-series data, new
algorithms are required. For example, hyperspectral and multispectral datasets may not
perform as well when time-series data is used instead of single-date data [64].

In the context of land cover inventory production in Africa, this review showed var-
ious methods and approaches have been developed to automate the process [76]. These
methods utilize remote sensing data, advanced algorithms, and machine learning tech-
niques to extract information about land cover types and their distribution. The following
are potential methods that we believe should be used and are applicable for producing
land cover inventories [77], crop monitoring and assessment in Africa, together with the
reference of more details: supervised and unsupervised classifications [78,79]; Object-Based
Image Analysis (OBIA) [80]; Change Detection [81,82]; Ensemble Methods [79]; and deep
learning [83]. It is important to note that the choice of method depends on factors such as
the availability and quality of the data, the specific objectives of the land cover inventory,
and the computational resources available. Each method has its advantages and limitations,
and the selection of the appropriate method should be based on a careful assessment of
these factors in the context of the specific study area in Africa.

In terms of the combination methods used in crop type mapping, Table 2 yields a
summary of potential methods commonly used. These combination methods have been
used to integrate optical and synthetic aperture radar (SAR) data for crop type classification.
However, not all these studies are specific to Africa. This underscores a research gap in
methods’ development for the mapping of African agricultural landscapes. This research
gap is concerning given the challenges in agriculture and land use management for this
region. The data combination of optical and SAR data could be leveraged to provide
valuable insights into crop health, land cover changes, and agricultural productivity. The
lack of data combination studies in Africa underscores the urgency for more research and
investment in this domain to harness the full benefits of remote sensing and effectively
address the agricultural and environmental issues faced by the continent.
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Table 2. Methods of data combination frequently employed in the reviewed literature.

Combination Level Combination Methods Publication Topic Reference

Multi-frequency SAR data
combination

Comparison of
multi-frequency SAR data for
crop classification and
mapping of ALOS-2,
TerraSAR-X, RADARSAT-2

Assessment of multi-frequency SAR data for
crop mapping [84]

Pixel-level combination

Simple band combinations,
Principal component analysis
(PCA), Intensity, Hue and
Saturation (IHS), Discrete
Wavelet Transform (DWT),
Brovey Transform (BT),
Ehlers combination (EF), High
Pass Filter (HPF)

The efficient utilization of optical and SAR
image time series for crop identification
Combining SPOT and SAR image
information for crop mapping
Multispectral optical remote sensing and
RADARSAT-2 data combination for LULC
extraction in a tropical agricultural region
The mapping of paddy rice along the littoral
of the Caspian Sea by means of microwave
and optical remotely sensed data
The integration of multispectral RapidEye
and dual-polarized TerraSAR-X data to
improve land use classification
An analysis of various combination
algorithms implemented on optical (SPOT)
and sar (palsar and radarsat) images in
agricultural and urban regions
Utilization of multi-temporal optical and
radar satellite images in conjunction to
monitor grasslands
Crop information provision via satellite
optical imagery and RADARSAT-1
Utilizing Landsat TM and ERS-1 SAR data to
compare algorithms for classifying
Swedish landcover

[85–93]

Feature-level combination
Maximum separability and
minimum dependency
(MSMD)

MSMD: feature selection with maximal
separability and minimum dependence for
the classification of cropland using optical
and radar data

[94]

Decision-level combination
Voting strategy
Contextual combination
Dempster Shafer theory

Utilizing decision combination to classify
multilevel images obtained from SAR and
optical sensors
Knowledge-based and objective combination
of Quickbird MS and RADARSAT SAR data
for urban land-cover mapping
Application of multi-temporal optical and
radar data integration to an intensive
agricultural region in Britanny (France) for
the purpose of crop monitoring.

[95–97]

Radiometric calibration of
SAR imagery

Radiometric calibration based
on differential geometry

SAR radiometric calibration based on
differential geometry: from theory to
experimentation on SAOCOM imagery

[98]

The limited adoption of data combination techniques in Africa can be attributed to
several factors. One primary reason is the scarcity of high-quality and consistent satel-
lite data. Obtaining reliable and up-to-date data can be challenging in some regions of
Africa, hindering the application of data combination methodologies. Additionally, the
cost of satellite data acquisition and processing can be prohibitive for many research and
government institutions in the region. Furthermore, the lack of awareness and technical
expertise in data combination methods among researchers and practitioners in Africa
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presents another obstacle. The complex algorithms and computational requirements in-
volved in data combination may deter their widespread implementation. Moreover, the
absence of robust ground truth data for the accurate validation of combination results
poses a significant limitation. Without a robust ground truth, it becomes difficult to assess
the accuracy and reliability of the fused outputs. Lastly, issues related to data sharing,
governance, and coordination among various stakeholders may further hinder the integra-
tion of different data sources for combination purposes. Overcoming these challenges and
promoting capacity-building initiatives in data combination for remote sensing applications
are essential steps towards unlocking the full potential of data combination in addressing
agricultural, environmental, and developmental challenges in Africa.

Table 3 showed that in terms of the sensors used in crop type mapping, some of the
retained studies showed that SAR data has different beneficial characteristics such as its
microwave frequency, swath width, image resolution, polarization, incidence angle, and
satellite revisit. Such characteristics have significantly contributed to various applications
such as land cover mapping, disaster monitoring, and environmental studies; while optical
remote sensing systems have significantly contributed to valuable data for land cover
mapping, monitoring environmental changes, and supporting various scientific studies
and applications.

Table 3. Attributes of the radar remote sensing satellites utilized in the investigations under review.

Mission Live
Time Operator Frequency

(Band)

Centre
Frequency
(GHz)

Swath
Width
(km)

Image
Resolution
(m)

Polarization Incidence
Angle (◦)

Repeat
Rate
(Days)

ENVISAT
ASAR

2002–
2012

European
Space
Agency

C 5.331 56–40 30,000–
1000 Quad 14 to 45 35

ERS-1 1991–
2000

European
Space
Agency

C 5.3 5–500
10,000–
50,000 VV 18 to 47 35

ERS-2 1995–
2011

RADARSAT-1 1995–
2013

Canadian
Space
Agency

C 5.3 50–500 8–100 HH 10 to 59 24

RADARSAT-2 2007–act. MDA C 5.405 18–500 3–100 Quad 10 to 60 24

Sentinel-1 2014–act.
European
Space
Agency

C 5.405 20–400 5–40 Dual 18.3 to 47 12

SIR-C/X-SAR 1994–
1994 NASA L/C/X 1.25/5.3/9.6 15–90 10–30 L/C: Quad,

X: W 15 to 55 –

ALOS PALSAR 2006–
2011

Japanese
Space
Exploration
agency

L 1.27 70–350 10–100 Quad 8 to 60 46

JERS-1 1992–
1998

Japan
Aerospace
Exploration
agency

L 1.275 75 18 HH 35.21 44

COSMO-
SkyMed 2007–act. Italian Space

Agency X 9.65 10–200 1–100 Quad 18 to 59.9 16

TerraSAR-X 2007–act
German
Aerospace
Agency

X 9.65 5–150 1–16 Quad 20 to 55 11

Currently, the accessibility of EO data over Africa necessitates the establishment of sci-
entific methods for the examination of a variety of sources. As a result, the Sentinel satellite
missions of the Copernicus programme and the Landsat mission gather an unparalleled
collection of free and open-access EO data that are exceptionally well suited for agricultural
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applications due to their exceptional spatial-temporal resolution. Subsequently, Sentinel
data has been progressively integrated into multi-sensor data analyses pertaining to agri-
cultural applications [91,94–96,99]. For a comprehensive understanding of the attributes
of radar and optical remote sensing satellites utilized in the investigations under review,
please refer to (Table 3) and (Table 4) respectively.

Table 4. Attributes of the optical remote sensing satellites utilised in the investigations under review.

Mission Live Time Operator Bands Wavelength
Range (µm)

Spatial
Resolution

(m)

Scene Size
(km)

Altitude
(km)

Repeat Rate
(days)

Landsat * 7 1972–act. USGS1 &
NASA2

8MS3 +
1Pan.4 +

2Ter.5
0.43–12.51

MS: 30 m
Pan: 15 m
Ter: 100 m

170 × 185 705 16

SPOT * 5 1986–act.
Space

Agency of
France

3MS3 +
1Pan4 +
1SWIR5

0.49–1.75
MS: 10 m
Pan: 5 m

SWIR: 20 m.
60 × 60 832 26

RapidEye 2008–act. BlackBridge
AG 5MS3 0.44–0.85 MS: 5 m 77 × 77 630 5.5

IRS * 1C 1988–act. Indian space
research

4MS3 +
1Pan4 +
2swir5

0.52–1.70
MS: 23.5 m
Pan: 5.8 m

SWIR: 70 m
141 × 141 817 24

Terra MODIS 1999–act. NASA2 4MS3 +
3SWIR5

Band 1–7:
0.45–2.15

Band 1–2:
250 m Band
3–7: 500 m

10 × 10 705 16

QuickBird 2001–2015 DigitalGlobe 4MS3 +
1Pan4 0.45–0.9 MS: 2.90 m

Pan: 0.65. 16.8 × 16.8 450 3.5

Thaichote 2007–act.

Thai
Ministry of
science and

technology’s
space agency

4MS3 +
1Pan4 0.45–0.9 MS: 15 Pan:

2 m 22 × 22 822 over
Thailand—3

Kompsat * 2 1999–act.

Korea
Aerospace
Research
Institute

4MS3 +
1Pan4 0.45–0.9 * 2 MS: 1; Pan: 4

m. 15 × 15 685 3

Sentienl-2 2015–act.
European

Space
Agency

10MS3 +
3SWIR5 0.443–2.19

4 bands—10
m; 6 m

bands—20 m;
3 bands—60

m.

Tile: 100 ×
100 786 5

Studies that have integrated radar and optical data have primarily emphasized the
advantages of using satellite image time series (SITSs) [5]. Combining optical and radar
SITSs helps reduce temporal lacunas, mainly caused by cloud cover, which significantly
enhances the monitoring capability throughout the entire crop growth cycle [71,100]. For
instance, ref. [101] evaluated the SAR SITS influence on classification results by combining
time series data from eleven Landsat scenes with nine Sentinel-1 scenes. The study reported
notable enhancements in accuracy, enabling the generation of precise land cover maps early
in the growing season [102]. Additionally, these findings collectively underscore the value
of integrating radar and optical data in improving monitoring accuracy, especially during
periods with temporal gaps in optical data due to cloud cover [103]. It has been determined
that when an optical image is unusable for winter wheat classification due to substantial
cloud cover, a SAR image can be employed in its place without compromising the classi-
fication quality. In contrast, the integration of optical and SAR time series demonstrated
an enhanced performance (F1 measure = 98.06%) in the detection of winter wheat when
compared to classifications based on single source images [5].

The significance of multi-temporal and multi-resolution aspects of satellite image
synthesis is evident in most of the studies that we reviewed. Image formation actually
employs techniques derived from a vast range of scientific disciplines, including artificial
intelligence, pattern recognition, statistical methods, and information theory [104].
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In the realm of satellite image combination, the consideration of multi-temporal and
multi-resolution domains is crucial. The integration of data from different temporal points
and varying resolutions enables a more exhaustive comprehension of the dynamics and
temporal variations of land cover. Researchers have leveraged these diverse disciplines
to develop innovative algorithms and techniques that effectively merge and synthesize
information from multiple satellite images.

Artificial intelligence approaches, like machine learning algorithms and deep neural
networks, have proven to be valuable tools in image combination. These methods can
learn and adapt to the inherent characteristics of satellite imagery, enabling the identifi-
cation and extraction of relevant features for combination purposes. Pattern recognition
approaches play a crucial role in image combination by recognizing patterns and structures
within the data. These techniques help in aligning and registering images with different
resolutions, extracting common features, and preserving important details during the
combination process.

Statistical approaches, including Bayesian frameworks and regression models, are also
commonly utilized in image combination. These methods aim to statistically model the
relationships between different image sources, allowing for the extraction and integration
of information based on probabilistic principles. Formation theory, derived from the field
of signal processing, provides a theoretical foundation for image combination. It offers
concepts and techniques to combine and blend images in a way that ensures optimal spatial
and spectral consistency, leading to high-quality fused images. By drawing on these various
research areas and methodologies, the field of satellite image combination continues to
advance, offering improved techniques and algorithms for integrating multi-temporal and
multi-resolution data. These advancements enhance the accuracy and reliability of fused
images, enabling better-informed decision-making in fields such as agriculture, land use
planning, environmental monitoring, and disaster management.

4. Conclusions and Summary

In this paper, we conducted a review of the literature to assess the use of data com-
bination methods that leverage both SAR and optical Earth observation imagery, with
a particular focus on their application in mapping and monitoring agriculture in Africa.
This review included a summary of advanced modelling algorithms, and approaches to
automate operational agricultural annual crop type inventories. By integrating information
from optical and radar data, remote sensing image combination methods, and data classifi-
cation strategies, we explored the current status and potential of these approaches. Our
synthesis revealed a growing interest worldwide in combining optical and radar data to
advance the accuracy of crop classification.

Most of the papers retained in this review have recognized the complementary nature
of these data sources, leveraging the detailed spectral information from optical imagery and
the penetration capabilities of radar in challenging environmental conditions. We believe
that the combination of optical and radar data holds significant promise for improving crop
type classification accuracy, leading to better-informed agricultural management decisions.
However, our review highlighted the need for further improvements and advancements in
applying this combination approach specifically in the context of Africa. Africa presents
unique challenges due to its small-scale farming practices, diverse crop types, and the
prevalence of cloud cover and vegetation density. Data collection in African regions contin-
ues to be challenging, limiting the availability of high-quality, consistent data for accurate
crop type classification. To overcome these challenges, future research efforts should focus
on enhancing data acquisition capabilities, including the development of satellite missions
specifically tailored for African agricultural monitoring. Additionally, the refinement and
adaptation of remote sensing image combination methods and data classification strategies
for the African context are crucial. This would involve considering the specific characteris-
tics and spectral signatures of African crops, as well as accounting for the heterogeneity and
variability of agricultural practices across the continent. Collaborations and partnerships
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between researchers, policymakers, and stakeholders are essential to facilitate data sharing,
improve ground truth data collection, and foster knowledge exchange. By addressing
these challenges and capitalizing on the opportunities offered by optical and radar data
combination, we can advance the accuracy and automation of crop type classification in
Africa. This, in turn, can support sustainable agricultural practices, enhance food security,
and contribute to the socio-economic development of the continent.

There is an increasing availability of free and open remote sensing data, which can
potentially be employed for monitoring small- to medium-sized agricultural fields in Africa,
along with the development of advanced data processing methods. For instance, data ex-
traction and deep learning are stimulating research in agricultural monitoring in Africa [47].
Remote sensing and the use of satellite imagery play a crucial role in monitoring and
managing various aspects of the African continent. Multispectral satellite image analysis’s
adoption for computing vegetation indices has been showcased in Africa [22]. This method-
ology offers significant observations regarding the fluctuations in vegetation and the overall
well-being of the ecosystem in the region. As technology advances, the introduction of
next-generation satellites equipped with radar, LiDAR, and hyperspectral capabilities is
anticipated to further enhance available information. With this range of satellite imagery,
more techniques are required to combine different image and auxiliary data for mapping
homogeneous land units [105] in Africa in order to (i) help the understanding of agricul-
tural methods and cropping systems in terms of their spatial variability, (ii) contribute to
the long-term management of these systems [106], and identify gaps in knowledge and
obstacles concerning the processing and analysis of imagery for agricultural investigations
in the majority of African nations [107,108].

In summary, while the interest in the combination of optical and radar data for crop
type classification is rapidly growing worldwide, there is still room for improvement in
the context of Africa. By addressing the unique challenges and tailoring approaches to
the African agricultural landscape, we can unlock the full potential of optical and radar
data combinations for operational crop type inventories. This research area holds immense
promise for supporting evidence-based decision-making in agriculture and contributing to
the sustainable development of African farming systems.

Author Contributions: All the authors have contributed substantially to this manuscript. Conceptu-
alization, A.L. and A.C.; methodology, M.C., A.L. and A.C.; validation M.C., A.L. and A.C. formal
analysis, M.C. and A.L.; investigation, M.C. and A.L.; writing—original draft preparation, M.C.
and A.L.; writing—review and editing M.C., A.L. and A.C.; supervision, A.L. and A.C.; writing,
review, and editing of the manuscript, M.C., A.L. and A.C.; project administration, A.L. and A.C.
funding acquisition, A.C. and A.L. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Acknowledgments: The authors We acknowledge the support of the Mohammed VI Polytechnic
University (UM6P). The lead author has received a PhD scholarship from the UM6P. Laamrani is the
holder of the grant used to support the lead author. We also thank the Centre of Remote Sensing
Applications (CRSA) for the financial and in-kind support. The authors acknowledge all the technical
support of those who helped in conducting the study. The authors would like to acknowledge
Heather McNairn for her help and advices to improve a previous version of this manuscript. Thanks
to the academic editor and anonymous reviewers for accepting to review the earlier version of the
manuscript and for their comments/feedback that have substantially improved the manuscript.

Conflicts of Interest: The authors declare no conflicts of interest.



Sensors 2024, 24, 3618 15 of 19

References
1. Sadigov, R. Rapid Growth of the World Population and Its Socioeconomic Results. Sci. World J. 2022, 2022, 8110229. [CrossRef]

[PubMed]
2. Orynbaikyzy, A.; Gessner, U.; Mack, B.; Conrad, C. Crop Type Classification Using Fusion of Sentinel-1 and Sentinel-2 Data: Assessing

the Impact of Feature Selection, Optical Data Availability, and Parcel Sizes on the Accuracies. Remote Sens. 2020, 12, 2779. [CrossRef]
3. Almulhim, A.I.; Cobbinah, P.B. Urbanization-Environment Conundrum: An Invitation to Sustainable Development in Saudi

Arabian Cities. Int. J. Sustain. Dev. World Ecol. 2023, 30, 359–373. [CrossRef]
4. Mathenge, M.; Sonneveld, B.J.S.; Broerse, J.E.W. Mapping the spatial dimension of food insecurity using GIS-based indicators:

A case of Western Kenya. Food Secur. 2023, 15, 243–260. [CrossRef]
5. Orynbaikyzy, A.; Gessner, U.; Conrad, C. Crop Type Classification Using a Combination of Optical and Radar Remote Sensing

Data: A Review. Int. J. Remote Sens. 2019, 40, 6553–6595. [CrossRef]
6. Ghamisi, P.; Gloaguen, R.; Atkinson, P.M.; Benediktsson, J.A.; Rasti, B.; Yokoya, N.; Wang, Q.; Hofle, B.; Bruzzone, L.; Bovolo, F.;

et al. Multisource and multitemporal data fusion in remote sensing: A comprehensive review of the state of the art. IEEE Geosci.
Remote Sens. Mag. 2019, 7, 6–39. [CrossRef]

7. Fisette, T.; Rollin, P.; Aly, Z.; Campbell, L.; Daneshfar, B.; Filyer, P.; Smith, A.; Davidson, A.; Shang, J.; Jarvis, I. AAFC annual crop
inventory. In Proceedings of the 2013 Second International Conference on Agro-Geoinformatics (Agro-Geoinformatics), Fairfax,
VA, USA, 12–16 August 2013; pp. 270–274.

8. Roy, D.P.; Wulder, M.A.; Loveland, T.R.; Woodcock, C.E.; Allen, R.G.; Anderson, M.C.; Helder, D.; Irons, J.R.; Johnson, D.M.;
Kennedy, R.; et al. Landsat-8: Science and Product Vision for Terrestrial Global Change Research. Remote Sens. Environ. 2014, 145,
154–172. [CrossRef]

9. Fan, J.; Zhang, X.; Zhao, C.; Qin, Z.; De Vroey, M.; Defourny, P. Evaluation of Crop Type Classification with Different High
Resolution Satellite Data Sources. Remote Sens. 2021, 13, 911. [CrossRef]

10. Dalla Mura, M.; Prasad, S.; Pacifici, F.; Gamba, P.; Chanussot, J.; Benediktsson, J.A. Challenges and Opportunities of Multimodality
and Data Fusion in Remote Sensing. Proc. IEEE 2015, 103, 1585–1601. [CrossRef]

11. Shelestov, A.; Kolotii, A.; Camacho, F.; Skakun, S.; Kussul, O.; Lavreniuk, M.; Kostetsky, O. Mapping of Biophysical Parameters
Based on High Resolution EO Imagery for JECAM Test Site in Ukraine. In Proceedings of the 2015 IEEE International Geoscience
and Remote Sensing Symposium (IGARSS), Milan, Italy, 26–31 July 2015; pp. 1733–1736.

12. Kogan, F.; Kussul, N.; Adamenko, T.; Skakun, S.; Kravchenko, O.; Kryvobok, O.; Shelestov, A.; Kolotii, A.; Kussul, O.; Lavrenyuk,
A. Winter Wheat Yield Forecasting in Ukraine Based on Earth Observation, Meteorological Data and Biophysical Models. Int. J.
Appl. Earth Obs. Geoinf. 2013, 23, 192–203. [CrossRef]

13. Kussul, N.; Lavreniuk, M.; Skakun, S.; Shelestov, A. Deep Learning Classification of Land Cover and Crop Types Using Remote
Sensing Data. IEEE Geosci. Remote Sens. Lett. 2017, 14, 778–782. [CrossRef]

14. Belward, A.S.; Skøien, J.O. Who Launched What, When and Why; Trends in Global Land-Cover Observation Capacity from
Civilian Earth Observation Satellites. ISPRS J. Photogramm. Remote. Sens. 2015, 103, 115–128. [CrossRef]

15. Gomarasca, M.A.; Tornato, A.; Spizzichino, D.; Valentini, E.; Taramelli, A.; Satalino, G.; Vincini, M.; Boschetti, M.; Colombo, R.;
Rossi, L.; et al. Sentinel for Applications in Agriculture. ISPRS Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 2019, 42, 91–98.
[CrossRef]

16. Rustowicz, R.; Cheong, R.; Wang, L.; Ermon, S.; Burke, M.; Lobell, D.B. Semantic Segmentation of Crop Type in Africa: A Novel
Dataset and Analysis of Deep Learning Methods. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (CVPR) Workshops, Long Beach, CA, USA, 16–20 June 2019.

17. Lowder, S.K.; Skoet, J.; Raney, T. The Number, Size, and Distribution of Farms, Smallholder Farms, and Family Farms Worldwide.
World Dev. 2016, 87, 16–29. [CrossRef]

18. Ibrahim, E.S.; Rufin, P.; Nill, L.; Kamali, B.; Nendel, C.; Hostert, P. Mapping Crop Types and Cropping Systems in Nigeria with
Sentinel-2 Imagery. Remote Sens. 2021, 13, 3523. [CrossRef]

19. Fritz, S.; See, L.; McCallum, I.; You, L.; Bun, A.; Moltchanova, E.; Duerauer, M.; Albrecht, F.; Schill, C.; Perger, C.; et al. Mapping
Global Cropland and Field Size. Glob. Change Biol. 2015, 21, 1980–1992. [CrossRef] [PubMed]

20. Carletto, C.; Jolliffe, D.; Banerjee, R. From Tragedy to Renaissance: Improving Agricultural Data for Better Policies. J. Dev. Stud.
2015, 51, 133–148. [CrossRef]

21. Bey, A.; Jetimane, J.; Lisboa, S.N.; Ribeiro, N.; Sitoe, A.; Meyfroidt, P. Mapping Smallholder and Large-Scale Cropland Dynamics
with a Flexible Classification System and Pixel-Based Composites in an Emerging Frontier of Mozambique. Remote Sens. Environ.
2020, 239, 111611. [CrossRef]

22. Lemenkova, P.; Debeir, O. Multispectral Satellite Image Analysis for Computing Vegetation Indices by R in the Khartoum Region
of Sudan, Northeast Africa. J. Imaging 2023, 9, 98. [CrossRef]

23. Bégué, A.; Leroux, L.; Soumaré, M.; Faure, J.-F.; Diouf, A.A.; Augusseau, X.; Touré, L.; Tonneau, J.-P. Remote Sensing Products
and Services in Support of Agricultural Public Policies in Africa: Overview and Challenges. Front. Sustain. Food Syst. 2020, 4, 58.
[CrossRef]

24. Hidalgo, F.; Quiñones-Ruiz, X.F.; Birkenberg, A.; Daum, T.; Bosch, C.; Hirsch, P.; Birner, R. Digitalization, Sustainability, and
Coffee. Opportunities and Challenges for Agricultural Development. Agric. Syst. 2023, 208, 103660. [CrossRef]

https://doi.org/10.1155/2022/8110229
https://www.ncbi.nlm.nih.gov/pubmed/35370481
https://doi.org/10.3390/rs12172779
https://doi.org/10.1080/13504509.2022.2152199
https://doi.org/10.1007/s12571-022-01308-6
https://doi.org/10.1080/01431161.2019.1569791
https://doi.org/10.1109/MGRS.2018.2890023
https://doi.org/10.1016/j.rse.2014.02.001
https://doi.org/10.3390/rs13050911
https://doi.org/10.1109/JPROC.2015.2462751
https://doi.org/10.1016/j.jag.2013.01.002
https://doi.org/10.1109/LGRS.2017.2681128
https://doi.org/10.1016/j.isprsjprs.2014.03.009
https://doi.org/10.5194/isprs-archives-XLII-3-W6-91-2019
https://doi.org/10.1016/j.worlddev.2015.10.041
https://doi.org/10.3390/rs13173523
https://doi.org/10.1111/gcb.12838
https://www.ncbi.nlm.nih.gov/pubmed/25640302
https://doi.org/10.1080/00220388.2014.968140
https://doi.org/10.1016/j.rse.2019.111611
https://doi.org/10.3390/jimaging9050098
https://doi.org/10.3389/fsufs.2020.00058
https://doi.org/10.1016/j.agsy.2023.103660


Sensors 2024, 24, 3618 16 of 19

25. Deichmann, U.; Goyal, A.; Mishra, D. Will Digital Technologies Transform Agriculture in Developing Countries? Agric. Econ.
2016, 47, 21–33. [CrossRef]

26. Ndung’u, N.S. Harnessing Africa’s digital potential: New tools for a new age. In Foresight Africa 2018 Report; Brookings Institutes:
Washington, DC, USA, 2018; pp. 84–99.

27. Smidt, H.J.; Jokonya, O. Factors Affecting Digital Technology Adoption by Small-Scale Farmers in Agriculture Value Chains
(AVCs) in South Africa. Inf. Technol. Dev. 2022, 28, 558–584. [CrossRef]

28. Karlson, M.; Ostwald, M.; Bayala, J.; Bazié, H.R.; Ouedraogo, A.S.; Soro, B.; Sanou, J.; Reese, H. The Potential of Sentinel-2 for
Crop Production Estimation in a Smallholder Agroforestry Landscape, Burkina Faso. Front. Environ. Sci. 2020, 8, 85. [CrossRef]

29. Burke, M.; Lobell, D.B. Satellite-Based Assessment of Yield Variation and Its Determinants in Smallholder African Systems. Proc.
Natl. Acad. Sci. USA 2017, 114, 2189–2194. [CrossRef] [PubMed]

30. Moumni, A.; Sebbar, B.; Simonneaux, V.; Ezzahar, J.; Lahrouni, A. Evaluation of Sen2agri System Over Semi-Arid Conditions:
A Case Study Of The Haouz Plain In Central Morocco. In Proceedings of the 2020 Mediterranean and Middle-East Geoscience
and Remote Sensing Symposium (M2GARSS), Tunis, Tunisia, 9–11 March 2020; pp. 343–346.

31. Htitiou, A.; Boudhar, A.; Chehbouni, A.; Benabdelouahab, T. National-Scale Cropland Mapping Based on Phenological Metrics,
Environmental Covariates, and Machine Learning on Google Earth Engine. Remote Sens. 2021, 13, 4378. [CrossRef]

32. Friedl, M.A.; McIver, D.K.; Hodges, J.C.F.; Zhang, X.Y.; Muchoney, D.; Strahler, A.H.; Woodcock, C.E.; Gopal, S.; Schneider, A.;
Cooper, A.; et al. Global Land Cover Mapping from MODIS: Algorithms and Early Results. Remote Sens. Environ. 2002, 83,
287–302. [CrossRef]

33. Herold, M.; Mayaux, P.; Woodcock, C.E.; Baccini, A.; Schmullius, C. Some Challenges in Global Land Cover Mapping: An
Assessment of Agreement and Accuracy in Existing 1 Km Datasets. Remote Sens. Environ. 2008, 112, 2538–2556. [CrossRef]

34. Htitiou, A.; Boudhar, A.; Benabdelouahab, T. Deep Learning-Based Spatiotemporal Fusion Approach for Producing High-
Resolution NDVI Time-Series Datasets. Can. J. Remote. Sens. 2021, 47, 182–197. [CrossRef]

35. Forkuor, G.; Conrad, C.; Thiel, M.; Ullmann, T.; Zoungrana, E. Integration of Optical and Synthetic Aperture Radar Imagery for
Improving Crop Mapping in Northwestern Benin, West Africa. Remote Sens. 2014, 6, 6472–6499. [CrossRef]

36. Inglada, J.; Arias, M.; Tardy, B.; Hagolle, O.; Valero, S.; Morin, D.; Dedieu, G.; Sepulcre, G.; Bontemps, S.; Defourny, P.; et al.
Assessment of an Operational System for Crop Type Map Production Using High Temporal and Spatial Resolution Satellite
Optical Imagery. Remote Sens. 2015, 7, 12356–12379. [CrossRef]

37. Jabir, B.; Falih, N. Digital Agriculture in Morocco, Opportunities and Challenges. In Proceedings of the 2020 IEEE 6th International
Conference on Optimization and Applications (ICOA), Beni Mellal, Morocco, 20–21 April 2020; pp. 1–5.

38. Nguyen, M.D.; Baez-Villanueva, O.M.; Bui, D.D.; Nguyen, P.T.; Ribbe, L. Harmonization of Landsat and Sentinel 2 for Crop
Monitoring in Drought Prone Areas: Case Studies of Ninh Thuan (Vietnam) and Bekaa (Lebanon). Remote Sens. 2020, 12, 281.
[CrossRef]

39. Eleftheriou, A.; Mouzourides, P.; Biskos, G.; Yiallouros, P.; Kumar, P.; Neophytou, M.K.A. The challenge of adopting mitigation
and adaptation measures for the impacts of sand and dust storms in Eastern Mediterranean Region: A critical review. Mitig.
Adapt. Strateg. Glob. Chang. 2023, 28, 33. [CrossRef]

40. Omia, E.; Bae, H.; Park, E.; Kim, M.S.; Baek, I.; Kabenge, I.; Cho, B.-K. Remote Sensing in Field Crop Monitoring: A Comprehensive
Review of Sensor Systems, Data Analyses and Recent Advances. Remote Sens. 2023, 15, 354. [CrossRef]

41. Colditz, R.R.; Schmidt, M.; Conrad, C.; Hansen, M.C.; Dech, S. Land Cover Classification with Coarse Spatial Resolution Data to
Derive Continuous and Discrete Maps for Complex Regions. Remote Sens. Environ. 2011, 115, 3264–3275. [CrossRef]

42. Waldner, F.; Fritz, S.; Di Gregorio, A.; Defourny, P. Mapping Priorities to Focus Cropland Mapping Activities: Fitness Assessment
of Existing Global, Regional and National Cropland Maps. Remote Sens. 2015, 7, 7959–7986. [CrossRef]

43. Jin, Z.; Azzari, G.; You, C.; Di Tommaso, S.; Aston, S.; Burke, M.; Lobell, D.B. Smallholder Maize Area and Yield Mapping at
National Scales with Google Earth Engine. Remote Sens. Environ. 2019, 228, 115–128. [CrossRef]

44. Htitiou, A.; Boudhar, A.; Lebrini, Y.; Lionboui, H.; Chehbouni, A.; Benabdelouahab, T. Classification and Status Monitoring
of Agricultural Crops in Central Morocco: A Synergistic Combination of OBIA Approach and Fused Landsat-Sentinel-2 Data.
J. Appl. Remote. Sens. 2021, 15, 014504. [CrossRef]

45. Ariom, T.O.; Dimon, E.; Nambeye, E.; Diouf, N.S.; Adelusi, O.O.; Boudalia, S. Climate-Smart Agriculture in African Countries:
A Review of Strategies and Impacts on Smallholder Farmers. Sustainability 2022, 14, 11370. [CrossRef]

46. Upadhyay, P.; Czerkawski, M.; Davison, C.; Cardona, J.; Macdonald, M.; Andonovic, I.; Michie, C.; Atkinson, R.; Papadopoulou,
N.; Nikas, K.; et al. A Flexible Multi-Temporal and Multi-Modal Framework for Sentinel-1 and Sentinel-2 Analysis Ready Data.
Remote Sens. 2022, 14, 1120. [CrossRef]

47. Gómez, C.; White, J.C.; Wulder, M.A. Optical remotely sensed time series data for land cover classification: A review. ISPRS J.
Photogramm. Remote Sens. 2016, 116, 55–72. [CrossRef]

48. Eva, H.D.; Belward, A.S.; De Miranda, E.E.; Di Bella, C.M.; Gond, V.; Huber, O.; Jones, S.; Sgrenzaroli, M.; Fritz, S. A Land Cover
Map of South America: A Land Cover Map of South America. Glob. Change Biol. 2004, 10, 731–744. [CrossRef]

49. Loveland, T.R.; Reed, B.C.; Brown, J.F.; Ohlen, D.O.; Zhu, Z.; Yang, L.; Merchant, J.W. Development of a Global Land Cover
Characteristics Database and IGBP DISCover from 1 Km AVHRR Data. Int. J. Remote Sens. 2000, 21, 1303–1330. [CrossRef]

50. Wulder, M.; White, J.; Cranny, M.; Hall, R.J.; Luther, J.; Beaudoin, A.; Goodenough, D.; Dechka, J. Monitoring Canada’s Forests.
Part 1: Completion of the EOSD Land Cover Project. Can. J. Remote. Sens. 2008, 34, 549–562. [CrossRef]

https://doi.org/10.1111/agec.12300
https://doi.org/10.1080/02681102.2021.1975256
https://doi.org/10.3389/fenvs.2020.00085
https://doi.org/10.1073/pnas.1616919114
https://www.ncbi.nlm.nih.gov/pubmed/28202728
https://doi.org/10.3390/rs13214378
https://doi.org/10.1016/S0034-4257(02)00078-0
https://doi.org/10.1016/j.rse.2007.11.013
https://doi.org/10.1080/07038992.2020.1865141
https://doi.org/10.3390/rs6076472
https://doi.org/10.3390/rs70912356
https://doi.org/10.3390/rs12020281
https://doi.org/10.1007/s11027-023-10070-9
https://doi.org/10.3390/rs15020354
https://doi.org/10.1016/j.rse.2011.07.010
https://doi.org/10.3390/rs70607959
https://doi.org/10.1016/j.rse.2019.04.016
https://doi.org/10.1117/1.JRS.15.014504
https://doi.org/10.3390/su141811370
https://doi.org/10.3390/rs14051120
https://doi.org/10.1016/j.isprsjprs.2016.03.008
https://doi.org/10.1111/j.1529-8817.2003.00774.x
https://doi.org/10.1080/014311600210191
https://doi.org/10.5589/m08-066


Sensors 2024, 24, 3618 17 of 19

51. Wulder, M.A.; White, J.C.; Goward, S.N.; Masek, J.G.; Irons, J.R.; Herold, M.; Cohen, W.B.; Loveland, T.R.; Woodcock, C.E. Landsat
Continuity: Issues and Opportunities for Land Cover Monitoring. Remote Sens. Environ. 2008, 112, 955–969. [CrossRef]

52. Chen, Y.; Gong, P. Clustering Based on Eigenspace Transformation—CBEST for Efficient Classification. ISPRS J. Photogramm.
Remote Sens. 2013, 83, 64–80. [CrossRef]

53. Frazier, P.S.; Page, K.J. Water Body Detection and Delineation with Landsat TM Data. Eng. Remote Sens. 2000, 66, 1461–1468.
54. Schneider, A.; Friedl, M.A.; Potere, D. Mapping Global Urban Areas Using MODIS 500-m Data: New Methods and Datasets

Based on ‘Urban Ecoregions’. Remote Sens. Environ. 2010, 114, 1733–1746. [CrossRef]
55. Radoux, J.; Lamarche, C.; Van Bogaert, E.; Bontemps, S.; Brockmann, C.; Defourny, P. Automated Training Sample Extraction for

Global Land Cover Mapping. Remote Sens. 2014, 6, 3965–3987. [CrossRef]
56. Chen, J.; Chen, J.; Liao, A.; Cao, X.; Chen, L.; Chen, X.; He, C.; Han, G.; Peng, S.; Lu, M.; et al. Global Land Cover Mapping at 30m

Resolution: A POK-Based Operational Approach. ISPRS J. Photogramm. Remote Sens. 2015, 103, 7–27. [CrossRef]
57. Sulla-Menashe, D.; Friedl, M.A.; Krankina, O.N.; Baccini, A.; Woodcock, C.E.; Sibley, A.; Sun, G.; Kharuk, V.; Elsakov, V.

Hierarchical Mapping of Northern Eurasian Land Cover Using MODIS Data. Remote Sens. Environ. 2011, 115, 392–403. [CrossRef]
58. Foody, G.M.; Boyd, D.S.; Sanchez-Hernandez, C. Mapping a Specific Class with an Ensemble of Classifiers. Int. J. Remote Sens.

2007, 28, 1733–1746. [CrossRef]
59. Franklin, S.E.; Wulder, M.A. Remote Sensing Methods in Medium Spatial Resolution Satellite Data Land Cover Classification of

Large Areas. Prog. Phys. Geogr. 2002, 26, 173–205. [CrossRef]
60. Khatami, R.; Mountrakis, G.; Stehman, S.V. A Meta-Analysis of Remote Sensing Research on Supervised Pixel-Based Land-Cover

Image Classification Processes: General Guidelines for Practitioners and Future Research. Remote Sens. Environ. 2016, 177, 89–100.
[CrossRef]

61. Glanz, H.; Carvalho, L.; Sulla-Menashe, D.; Friedl, M.A. A Parametric Model for Classifying Land Cover and Evaluating Training
Data Based on Multi-Temporal Remote Sensing Data. ISPRS J. Photogramm. Remote Sens. 2014, 97, 219–228. [CrossRef]

62. Hubert-Moy, L.; Cotonnec, A.; Le Du, L.; Chardin, A.; Perez, P. A Comparison of Parametric Classification Procedures of Remotely
Sensed Data Applied on Different Landscape Units. Remote Sens. Environ. 2001, 75, 174–187. [CrossRef]

63. Foody, G.M.; Mathur, A. The Use of Small Training Sets Containing Mixed Pixels for Accurate Hard Image Classification: Training
on Mixed Spectral Responses for Classification by a SVM. Remote Sens. Environ. 2006, 103, 179–189. [CrossRef]

64. Bruzzone, L.; Demir, B. A review of modern approaches to classification of remote sensing data. In Land Use and Land Cover
Mapping in Europe; Springer: Berlin/Heidelberg, Germany, 2014; pp. 127–143.

65. McIver, D.K.; Friedl, M.A. Using Prior Probabilities in Decision-Tree Classification of Remotely Sensed Data. Remote Sens. Environ.
2002, 81, 253–261. [CrossRef]

66. Friedl, M.A.; Sulla-Menashe, D.; Tan, B.; Schneider, A.; Ramankutty, N.; Sibley, A.; Huang, X. MODIS Collection 5 Global Land
Cover: Algorithm Refinements and Characterization of New Datasets. Remote Sens. Environ. 2010, 114, 168–182. [CrossRef]

67. Pal, M.; Mather, P.M. Some Issues in the Classification of DAIS Hyperspectral Data. Int. J. Remote Sens. 2006, 27, 2895–2916.
[CrossRef]

68. Ghimire, B.; Rogan, J.; Galiano, V.R.; Panday, P.; Neeti, N. An Evaluation of Bagging, Boosting, and Random Forests for
Land-Cover Classification in Cape Cod, Massachusetts, USA. GIScience Remote Sens. 2012, 49, 623–643. [CrossRef]
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