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Abstract: Climate change is currently one of the main problems facing agriculture to achieve sus-
tainability. It causes situations such as drought, increased rainfall, and increased diseases, causing
a decrease in food production. In order to combat these problems, Agricultural Big Data contributes
with tools that allow improving the understanding of complex, multivariate, and unpredictable ag-
ricultural ecosystems through the collection, storage, processing, and analysis of vast amounts of
data from diverse heterogeneous sources. This research aims to discuss the advancement of tech-
nologies used in Agricultural Big Data architectures in the context of climate change. The study aims
to highlight the tools used to process, analyze, and visualize the data and discuss the use of the
architectures in the crop, water, climate, and soil management, especially to analyze the context,
whether it is in Resilience Mitigation or Adaptation. The PRISMA protocol guided the study, finding
33 relevant papers. Despite the advances in this line of research, few papers were found that mention
the components of the architectures, in addition to the lack of standards and the use of reference
architectures, which allow the proper development of Agricultural Big Data in the context of climate
change.
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1. Introduction

Climate change is currently harming the agricultural sector, causing situations such
as sea-level rise that has encroached on the land and increased precipitation that has led
to the extension of floodplains and the reduction of existing croplands [1]. On the other
hand, rising temperatures have harmed crop production and sustainability, both nation-
ally and globally [2]. According to Nguyen et al., in the future, warming trends are likely
to reduce agricultural production yields unless there is a compelling adaptation [2].

Crop losses will increase due to rainfall variability, extreme heat, and flooding, caus-
ing resilience problems in arable areas. Even high rainfall can hinder harvesting and re-
duce crop quality [3]. Therefore, an adaptation to resilience for agricultural systems
should be a policy priority [2]. Furthermore, climate change scenarios suggest that warm-
ing will generally reduce the sustainability of major staple crops such as maize and wheat,
with higher yield losses in tropical regions [4].

On the other hand, is the growing demand for food and the problems the world faces,
like the ability to appropriate new lands, new waters, or new fishing grounds. Further-
more, in addition to the rapid transformation of the earth’s natural systems, climate
change, associated with the increase in more extreme temperatures and precipitation, can
alter the relations between crops, plagues, pathogens, and weeds, exacerbating several
trends, like reducing pollinating insects, increasing water shortages and ozone concentra-
tions at ground level, reducing fishing [4].

The pressures of the growing population and urbanization that threaten food safety
have a more significant impact in the context of climate change [2]. In light of climate
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change, guaranteeing food for the global population is no easy task due to its enormous
impact on agricultural production [5].

The research program of the Consultative Group on International Agricultural Re-
search (CGIAR) on climate change, agriculture, and food safety has proposed a frame-
work with four interconnected areas of action for the reconfiguration of food systems:
redirecting agricultural trajectories; increasing the resilience of all the agents involved in
rapid change; minimizing the environmental footprint of food systems from the point of
view of climate change; and realigning the facilitators of change [6]. Through this frame-
work, some synergies between food safety, adaptation, and mitigation are feasible, called
“climate-smart agriculture,” which is key to this transformation of the food system [6].
The primary goal is to generate actions in agriculture to increase productivity sustainably,
improve resilience and, therefore, adaptation; reduce or eliminate greenhouse gases,
which is mitigation; and improve the achievement of international food safety objectives
[4].

Because of these actions, it is necessary to analyze and better understand the com-
plexities of multivariate and unpredictable agricultural ecosystems need to be analyzed
and better understood [7]. The emerging digital technologies mentioned, such as machine
learning, the Internet of Things (IoT), and Big Data, contribute to this understanding
through the pursuit and continuous measurement of various aspects of the physical sur-
roundings, producing large amounts of data at an unprecedented rate [8]. This involves
compiling, storing, processing, modeling, and analyzing enormous amounts of data com-
ing from various heterogeneous sources [7].

The earth is a complex dynamic system like none have ever studied before. Thus, the
progress of Big Data in climate science has been slower than the success of Big Data in
other fields like biology or advertising [7]. The slow progress has been a stumbling block
since climatology has become one of the fields richest in data in terms of volume, speed,
and variety [7]. Given that the earth is a vast dynamic system, the learning process is de-
veloping, and therefore the understanding its systems is not as advanced as in other fields
that use Big Data [9]. Although observation methods originally collected climate data, and
the readings had to be corroborated manually, now the data are increasingly younger. In
most cases, the data are available in real-time [9]. The use of sensors and satellites has
revolutionized the process of climate data collection and study, which is a significant con-
tribution.

E. Hassani et al. [10] present some advances by using Big Data to solve energy effi-
ciency problems, smart agriculture, smart urban planning, weather forecasting, and nat-
ural disaster management. Agricultural Big Data addresses various analysis issues in
smart agriculture, such as weather forecasting and monitoring crop plagues and animal
diseases. Various algorithms, approaches, and diverse techniques are used [11].

Agricultural Big Data is still an area of development that can improve productivity
in farming operations by using: precision agriculture, data-based agriculture, smart agri-
culture, and predictive modeling [12], facilitating intelligent agricultural solutions from a
climate point of view in the face of climate change and the effects of natural disasters [13].

One crucial challenge is the design of Big Data architectures, as this is not an easy
task [14], [15], and [16]. It will be even more complex to build architectures for Agricul-
tural Big Data in climate change [8], [13]. A. del Pozo et al. propose a multidisciplinary
approach, where agronomists, physiologists, molecular biologists, sociologists, econo-
mists, and other social scientists must contribute with specific tools to understand com-
plex agricultural systems. This approach can be applied in the different regions of the
world, where climate change threatens the future of sustainable agriculture in danger [17].
On the other hand, the dynamism and complexity of climate issues that entail an interdis-
ciplinary approach and the interweaving of various disciplines must not be neglected.
According to Sebestyen et al., a System of Systems is urgently required, called “climate
computation” [18]. According to the authors, to resolve any of the challenges related to
climate change, “it is essential to obtain and integrate knowledge in an entire series of
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systems that serve as the basis for the design of solutions that take the complex and un-
certain nature of individual systems and their interrelations into account” [18].

In this sense, Agricultural Big Data in climate change is one of the critical answers to
these needs. This research aims to discuss the advancement of technologies used in Agri-
cultural Big Data architectures in the context of climate change. The study aims to high-
light the tools used to process, analyze, and visualize the data and discuss the use of the
architectures in the crop, water, climate, and soil management, especially to analyze the
context, whether it is in Resilience Mitigation or Adaptation. We provide a schema that
summarizes the data, allowing researchers to decide which Big Data solution to use de-
pending on climate change and agriculture issues. In addition, this document allows us
to identify research gaps and opportunities in this area.

Consequently, it serves as a comprehensive basis and facilitator for future research.
To this end, a Systematic Literature Review (SLR) was conducted, applying the PRISMA
protocol [11]. As a result, a set of 33 articles explaining the use of Agricultural Big Data in
the context of climate change was selected.

The paper presents the following sections. Section 2 describes the main characteristics
of Agricultural Big Data and climate change in general terms. Section 3 details the meth-
odology and results of the paper selection process. Section 4 discusses the main results of
the study. Section 5 includes a discussion of the main challenges of Agricultural Big Data
in the context of climate change. Section 6 explains the limitations of the study. Finally,
section 7 presents the conclusions, implications, and future research.

2. Background
2.1. Agricultural Big Data

Big Data is defined in four dimensions (4 Vs). First, it refers to the enormous volume
of data that is generated, stored, and processed. Second, it also refers to the high velocity
of data transmission in interactions, and the rates at which data are generated, collected
and exchanged. Thirdly it relates to the variety of data formats and structures (structured,
semi-structured, and unstructured) which result from the heterogeneity of data sources
[19]. Finally, the fourth dimension is veracity, which refers to the ability to validate the
quality of the data used in the analyses.

Big Data analysis tools enable data scientists to discover correlations and patterns by
analyzing massive quantities of data from different sources. In recent years the science of
Big Data has become an essential modern discipline for data analysis [20]. It is considered
an amalgam of classic fields like statistics, artificial intelligence, mathematics, and infor-
matics with its sub-disciplines, including database systems, ML, and distributed systems
[21].

The Big Data Ecosystem handles the evolution of data, models, and supports infra-
structure throughout its life cycle; it is a whole set of components, or architecture, storing,
processing, and visualizing data and delivering results to guide applications [22], [23].
The Framework Architecture of Big Data in Figure 1 includes data storage, information
management, data processing, data analysis, and interface and visualization components.
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Figure 1. The General architecture of Big Data.

As shown in Figure 1, the Big Data process starts with identifying the sources from
which valuable data are extracted [24]. Next, the data are stored in one of the designed
data models, depending on whether the data are structured. In the following step, the data
are classified and filtered according to the type of analysis required. In the Processing
stage, it is defined whether it will be by Bath or Stream, in addition to the memory-based
storage [25]. The classified data are analyzed using appropriate tools, for example DL [26],
Ad hoc analysis [25], and data science in general [27]. The data obtained must be presented
through some visualization tool. Finally, the data are analyzed by the decision-makers
[23].

Big Data has been used to improve various aspects of agriculture, such as knowledge
about weather and climate change, land, animal research, crops, soil, weeds, food availa-
bility and security, biodiversity, farmers' decision-making, farmers' insurance and fi-
nance, and remote sensing [7]. It is also used to create platforms which allow the actors of
the supply chain access to high quality products and processes; tools to improve yields
and predict demand; and advice and guidance to farmers based on the response capacity
of their crops to fertilizers, leading to better fertilizer use.

2.2. Climate Change

Climate change is one of the most significant challenges globally at present. It is de-
fined as the significant changes in the mean values of weather elements, like precipitation
and temperature, which have been calculated for a long time [28]. Recent decades indicate
that significant global climate changes resulted from an increase in human activities that
altered the composition of the global atmosphere [29]. The concentration of greenhouse
gases, such as methane (CH4), carbon dioxide (CO2), and nitrous oxide (N20O), has in-
creased 150%, 40%, and 20%, respectively since 1750 [30]. CO2 emissions, representing the
maximum proportion of greenhouse gases, increased to 36,140 million metric tons in 2014
from the 22,150 million metric tons in 1990. The mean global temperature has increased at
an average rate of 0.15-0.20°C per decade since 1975, and for 2021 between 1.4 and 5.8 -C.
Greenhouse gas (GHG) emissions, in particular, CO2 from fossil fuel combustion and
GHG not related to CO2, such as N20, CH4, and CFC, contribute to global warming [5].

In the 21st century, climate change will become a severe problem and both developed
and developing countries will face negative externalities [5]. Agriculture is the sector most
vulnerable to climate change due to its enormous size and sensitivity to weather parame-
ters, which has an enormous economic impact [5]. The changes in climate phenomena,
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such as temperature and precipitation, significantly affect crop yields and its sustainabil-
ity. The effect of increasing temperatures, varying precipitation and CO2 fertilization var-
ies by crop, location and magnitude of parameter change.

According to the influence of climate variables, crop productivity depends on several
variables: the type of crop and its ability to adapt, the climate scenario, and the effect of
fertilization with CO2 [31].

Nguyen et al. conducted a study on the effects of climate change perceived by farm-
ers in different countries [2]. The authors report effects such as the changes in precipitation
patterns and atmospheric temperatures as being most frequently perceived by farmers in
Asia. On the other hand, the authors indicate that farmers have noted a trend in increasing
temperature and changes in precipitation. Some farmers perceive a decrease, whereas oth-
ers show an increase in precipitation. In some places, the changes in precipitation have
been described as more erratic, unpredictable, and untimely. The authors conclude that
farmers’ perceptions on climate change have been consistent with the scientific data ob-
served. In addition, the expected impacts of climate change identified were frequent
droughts and floods, in addition to cyclones, heat waves, droughts, cold snaps, and soil
erosion [2].

According to Malhi, the increased intensity and frequency of precipitation also af-
fects soil erosion and will have more adverse consequences if GHG increases. The precip-
itation anomalies have detrimental effects on agriculture, mainly in developing countries.
In addition to affecting crop yields, they significantly influence crop surfaces [5].

The studies identified by Nguyen et al. showed that farmers had used different tech-
nologies to adjust their land use options and land management practices to climate
change. The main adaptation technologies are used for soil management, water manage-
ment, crop management, and changes in land use options [2]. Some examples of these
technologies include crop residues such as topsoil, minimization of plowing and reduc-
tion of tillage as soil conservation strategies, deep plowing during the rainy season, rain-
water collection for use during the dry season, and others.

According to the Intergovernmental Panel on Climate Change [30], adaptation is ad-
justing to current or projected climate change and its consequences to minimize damage
or take good opportunities. On the other hand, resilience is a process of recovery of the
previous condition after facing any adverse effect or the adaptive, absorptive, and trans-
formative capacity of a social unit, such as an individual community or state, to cope with
any natural disaster. The resilience perspective is an understanding of the adaptive capac-
ity of a system [32]. Adaptation in agriculture is crucial as it is highly dependent on cli-
mate, and some farmers have already started to employ some strategies [2]. On the other
hand, climate change mitigation means avoiding and reducing GHG emissions, which
trap heat into the atmosphere to prevent the planet from becoming extremely hot. The
more we mitigate climate change now, the easier it will be to adapt to changes we can no
longer avoid.

The potential of Big Data can be a crucial approach to managing the adverse effect of
climate change globally, as it enables the development of context-specific adaptation strat-
egies to improve resilience to climate change and appropriate analytics to assist with mit-
igation [32]. With Big Data, it is possible to display information regarding upcoming prob-
lems, current ones, and the stages of recovery from the adverse effect of climate change.
On the other hand, it is a tool for policymakers, managers, and stakeholders to take nec-
essary actions during and after a disaster, such as an early warning system, weather fore-
casting, emergency evacuation, immediate responses, and aid distribution [32].

To maximize the benefit of Big Data applied to climate change, the authors conclude
that there are still challenges to solve, such as data collection, architecture design, ethical
and political anomalies, poor team coordination, privacy, and accuracy. They recommend
implementing adequate infrastructure, technologies, tools, and knowledge to ensure the
proper use of Big Data in climate change [32].
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3. Methodology

The research method used for this paper was SLR. For the selection of articles, the
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analysis) method
was applied, which contains four stages: identification, screening, eligibility, and inclu-
sion [11]. To define the objectives and research questions (RQ), we used the methodology
proposed by Kitchenham and Charters [33]. The analysis stems from a series of RQ such
as (1) what kind of problems are solved using Agricultural Big Data in the context of cli-
mate change, (2) which components are used in Agricultural Big Data architectures, (3)
what technological tools are used to implement agricultural Big Data architecture, and (4)
what are the challenges and trends to implement Agricultural Big Data.

The search string was constructed as follows: (a) from the RQs we obtained key-
words; (b) we applied the population—intervention-comparison—results—context criterion
to frame the RQs (PICOC [33]) criterion. According to Kitchenham and Charters [33], the
population corresponds to an application area, namely, Agricultural Big Data. On the
other hand, the intervention deals with climate change in agriculture. In our case, it is not
appropriate to apply the comparison. The results obtained are the identified problems,
the corresponding solutions, and the technologies used to implement Agricultural Big
Data.

Moreover, we accessed Scopus, Springer, ACM, IEEE, MDPI, and Web of Science.
The search strings used in all data sources were “Big Data”, “climate change” OR “cli-
mate-change”, AND “agriculture OR farm”. In order to include all relevant studies, a sec-
ond search string was used, which includes the keywords, "global-change" OR "Land use
change" OR Drought AND "Big Data" AND "farm OR agriculture”. We looked for these
strings in the articles’ titles, keywords, and abstracts. In addition, we considered only sci-
entific articles and conferences in English published from 2015 to 2021.

We identified 5108 potential articles in ACM, 1000 in Springer, 357 in the Web of
Science database, 38 in IEEE, and 2 in MDPI. We excluded books, book chapters, working
papers, and press articles. This final selection resulted in 33 relevant articles.

In the identification phase, 6505 articles were examined. This examination was fol-
lowed by a screening where the duplication criterion was applied. This screening resulted
in 5842 identified articles. The abstracts of these articles were then reviewed, and we
checked whether or not they contained the nexus between agriculture, Big Data, and cli-
mate change. After eliminating the non-relevant articles, 356 articles remained for detailed
analysis. This analysis consisted in reviewing the entire article to ensure that it included a
description of the Agricultural Big Data process and climate change. Most of the excluded
articles had theoretical, technological, or experimental issues. Some excluded articles
poorly discussed the nexus between agriculture, Big Data, and climate change. Finally,
the SLR was based on 33 relevant articles. Figure 2 summarizes the steps for relevant ar-
ticle selection, and Figure 3 presents the selected papers by year.
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4. Results
4.1. Agricultural Big Data in the Context of Climate change

This section describes the proposals to solve problems that farmers face in water
management, climate management, crop management, and soil management. The issues
have been ordered according to the type of action declared by the IPCC. Figure 3 shows
the number of papers that contribute to systems in Agricultural Big Data in the context of
climate change for each type of problem identified. Thus, 15 people present a solution for
crop management, and adaptation is the action carried out. On the other hand, only one
paper presents a Big Data solution for soil management, and the action is resilience.

The following sub-sections present a summary of the proposals.

On the other hand, it is observed that since 2015, the concern about adaptation has
been constant. The same does not occur with mitigation. Therefore it should be a concern
in research topics. In the case of resilience, many adaptation proposals help in this regard.

3) Adaptation 2 1) 4 (ca0) 7 4 5

15 5 @ ) 3 g &
= ‘ -
2 2 Mitigation S ) 2 ; ]
2 1 1 } Resilience i 1) 2
Memoswwnt/  Vinacmeet ool gt L

Figure 4. Map of selected papers by type of problem vs IPCC action.
The following subsections present a summary of the proposals.

4.1.1. Big Data for water management

(a) Adaptation: According to Figure 4, five papers selected describe actions for Ad-
aptation in water management. In Coro et al., they use greenhouse effect data flows from
a Big Data system that comes from data collections from AquaMaps and NASA. They also
use environmental parameters processed through a computation platform in the cloud to
generate intermediate scenarios and new informative parameters to show climate change
patterns in 10 marine areas. The authors conclude that the Mediterranean Sea may have
an independent response to climate change compared to other areas, affecting fishing and
other inputs [34]. Senay et al. used Landsat and meteorological Big Data to quantify and
understand the relative importance of water management and climate variability on
crops. They also used this data to make decisions in water management, hydrological pro-
cesses, and economic transactions [35].

Alencar et al. describe the decision-making support tools the private sector is being
developed in close collaboration with all levels of government, including hydrographic
river basin management authorities that provide environmental data. For example, the
cumulative effects on water could be seen as reducing flow rates in a concrete river due
to climate change and the irrigation and extraction of municipal and industrial water.
Generally, Big Data linked the analytical capabilities to help promote a paradigm change
in the modeling, analyzing, and managing of hydrographic river basins. As a result, solu-
tions shift from reactive to proactive [36].

On the other hand, Kandekar et al. conclude that the change in surface water re-
sources is of great importance for climate change and the development of agriculture in
the semi-arid region. The authors used a cloud-based platform that processes data and
geoscience analysis. Google Earth Engine (GEE) supports the processing of remote sens-
ing images with many excellent algorithms for remote sensing image processing. From
the Big Data system, vector data on the water mass is obtained, which provides a base for
the later extraction of hydrological elements [37].
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Finally, Reddy and Sureshbabu tested an early prediction BigData system for precip-
itations. Farmers who live in regions prone to natural disasters like floods use the system
to make decisions in managing their crops and water, producing high levels of benefits
and production for these farmers [38].

4.1.2. Big Data for climate management

(a) Mitigation: Seven papers selected describe actions of Adaptation, Mitigation, and
Resilience in climate management. For Mitigation, the work by Semlali et al. uses Big Data
to analyze harmful gas emissions and monitor air quality using remote sensing techniques
[39]. Ma and Nie developed a smart weather service model based on Big Data that in-
cludes the collaboration of resources, techniques, and services to optimize weather fore-
cast processes, helping farmers in decision-making [40].

(b) Resilience: For the case of Resilience, Mousannif and Zahir looked for solutions
to quantify the impact of climate change on farmers’ quality of life to reinforce the climate
resistance and improve farmers’ livelihoods. They applied advanced data analyses to pro-
vide a deep understanding of the interrelated climate, environmental, social, cultural, eco-
nomic, institutional, and political factors that exacerbate the differentiated impacts of cli-
mate change. As a result, the system can decide about irrigation, types of crops to plant,
and actions to improve crop production to make the most vulnerable communities more
resistant to climate change [41]. In addition, Li and Liao developed a Big Data platform
for early warning of agricultural weather disasters, including floods, droughts, warm and
dry winds, low temperatures, typhoons, hail, and continuous rain [42].

(c)Adaptation: For the case of the Adaptation, Jain and Jain explored several applica-
tion domains that could benefit from weather forecasting using Big Data analyses, in ad-
dition to the challenges to be faced when taking advantage of the weather forecast in these
domains [43]. On the other hand, Gad and Manjunatha developed a climate data storage
model for Big Data to identify climate patterns useful for agricultural fields, climate
change studies, and contingency plans in extreme climate conditions [44]. Mangal and
Rajesh developed a Big Data framework to anticipate the potential effects of many climate
scenes, including the social, economic, and geographic diversity of the parties involved
and the long-term time horizons and irreversible effects [45].

4.1.3. Big Data for crop management

(a)Adaptation: Fifteen papers contribute with actions in Adaptation. First, Gulzar et
al. determined the optimal health of crops and analyzed the impact of climate change on
food safety. The authors use a taxonomy to provide recommendations [46]. Second, Del-
gado et al. developed a WebGIS framework to connect generators of specific local data
from crop sites called smart farms to a regional and global view of agriculture. They use
artificial intelligence, IoT, drones, robots, and Big Data as the foundation for a global "Dig-
ital Twin" that contributes to developing specific conservation and management of crop
sites [47]. Third, Lopez et al. propose a strategy of merging multi-domain data to support
data analysis tasks in agricultural contexts because many crops will no longer adapt to the
conditions of a specific territory [48]. Finally, Manogaran and Lopez offer a climate change
detection algorithm based on spatial autocorrelation to control changes in the seasonal
climate to prevent diseases.

On the other hand, Fenu and Malloci used Big Data Analytics and Machine Learning
to identify potato late blight, considered one of the most devastating diseases anywhere.
They use weather parameters provided by ARPAS weather stations [11]. Alex and Ka-
navalli use Big Data to prove and measure the harvest growth in the agricultural field.
That helps predict weather events, and it is also used to calculate the resources sufficient
for the crop in the climate change context [49]. Lokers et al. developed an infrastructure
that enables efficient discovery and unified consultation of agriculture and forest re-
sources using data connected through semantic technologies. The Big Data system made
it possible to semantically process, structure, and consult metadata [50]. Tseng et al. and
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Lambrinos used IoT and Agricultural Big Data to monitor the environmental factors on a
farm [51], [52]. In Moon et al., they use Big Data to extract the information from each tiny
region, such as the types of crops present, the types of food crops, fruit types, the types of
medicinal crops, vegetable types, and the changing trends in the amount of production of
each crop, to increase the future benefits of agricultural households by providing infor-
mation [53].

Several authors used satellite remote sensing. For example, Lu followed the growth
rate and characteristics of the crop, collecting customized data on the lands to indicate
where and how to plant [54]. Sarvia et al. propose a service based on free remote sensing
data to support the strategies of insurance companies. The service integrates MODIS and
Sentinel-2 data to describe the mean trends of crop yields at the regional level [55]. Ye et
al. designed a Big Data RDCRMG architecture to monitor dryness [56].

4.1.4. Big Data for soil management

(a) Adaptation: For the case of the Adaptation, Bestelmeyer et al. developed Big Data
to analyze landscapes, using temporal data sets in a grid or at a regional level together
with local information on changes in the pastures that grow on the farms. They discovered
that there are places where the pastures have decreased, leading to livestock problems
[57].Hu et al. use Big Data to include the recent historical changes in land cover and its
interrelations with environmental processes to better support the land use management
strategies in climate change [58].

(b) Mitigation: For the case of Mitigation, Fernandes_Getino et al. use Big Data to
analyze the connectivity values associated with healthy ecosystems and with high levels
of biodiversity, which can ensure better soil protection, favoring sustainability, implying
sustainability, and a more significant C sequestration potential in the soil. Furthermore,
they use vulnerability and risk maps to identify the areas most prone to habitat degrada-
tion and fragmentation [59]. On the other hand, Kamilaris et al. developed the software
AgriBigCAT, which uses geophysical information, geospatial analysis, and Big Data anal-
ysis to evaluate the impact of the agricultural livestock sector on the environment by ex-
amining possible contamination of the land, water, and air due to manure [60].

(c) Resilience: Concerning Resilience, Li et al. examine the land-based ecological and
environmental change on analyses of change trends of land cover and the normalized dif-
ference vegetation index. The authors indicate that ecological restoration is undergoing
ever-greater challenges due to increasing human activities and the fragile environment
[61].

4.2. Agricultural Big Data architectures

Nine of the selected papers describe the Agricultural Big Data architecture structure,
technical characteristics, and tools used.

A summary of these is presented below.

(a) Climate-smart Agriculture architecture: The architecture presented by Lopez et
al. is based on a previous architecture designed by the authors for smart agriculture,
which allows detecting favorable conditions for planting and crop production in the
Cauca river basin. The updated architecture fuses and analyzes data from different di-
mensions in climate-smart agriculture (CSA) contexts, applying Big Data, Data Mining,
and Machine Learning methods. They apply different algorithms for the fusion process
[48]. Figure 5 represents the components considered in the 4-layer architecture.


https://doi.org/10.20944/preprints202205.0325.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 May 2022 d0i:10.20944/preprints202205.0325.v1

of N

CSA Context
i -\-.‘|
b o ] i
4{ Information Deployment Tool [—
P \
/ A
Stakehalder
.j" ...I
4{ Data Analysis
/ \ ——
Data Expert
l DeiaFtsion | Processed
J
Y Data
é % % o
Bio- Economic- Socio- Politica-
physics praductive cultural institutional

- P
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The architecture of Figure 5 is complemented by the structure of a Data Lake, as pre-
sented in Figure 6. The Data Lake enables data ingestion, storage, transformation, pro-
cessing, and governance processes.
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Figure 6. Data Lake is used by CSA [48].

(b) Big Data architecture for atmospheric composition monitoring: Semlali et al. pro-
pose a six-layer Big Data architecture: Data source layer, ingest layer, Hadoop storage,
management, infrastructure, security, and monitoring layer. Big Data enables the pro-
cessing of pollutant gas emissions data from various sources such as industry, transpor-
tation, and agriculture. In addition, the system performs continuous monitoring of atmos-
pheric composition through remote sensing techniques, providing satellite data on a
global scale [39]. Figure 7 represents the proposed architecture.
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In this architecture, a MySQL database stores the processed data from the various
data sources. Then, they use Java, Python, and BASH scripts to read the raw data stored
in Hadoop for the ingest process. Figure 8 represents the data flow.
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Figure 8. Ingest process for Big Data atmospheric composition monitoring system [39].

(c) DSS LANDS Architecture for Forecasting Crop Disease: Fenu and Malloci develop
a prototype agricultural DSS in collaboration with Laore Sardinia Agency [62].The DSS is
designed to help Laore technicians and Sardinian farmers in decision-making. The pur-
poses of LANDS are: (1) to optimize resource management by reducing specific inputs,
for example, chemical and natural resources, etc.; (2) to predict crop risk situations (for
example, diseases, weather alerts, etc.); (3) increase the quality of decisions for field man-
agement (4) reduce environmental impact and production costs. To address the objectives,
LANDS is divided into three steps: (1) collects, organizes and integrates a large amount
of data from different sources; (2) analyzes and interprets the information; and (3) uses
the analysis to recommend the best action to take. The authors structured the DSS LANDS
into three components: (1) an integrated system for monitoring the crop components and
storing their data; (2) a data analysis modules system that performs through several math-
ematical and forecasting models across and dynamic analysis of different types of data;
(3) a cross-platform application used by farmers to upload crop data collected during the
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field survey and to visualize the up-to-date information for managing the cultivation. Fig-
ure 9 shows the DSS LANDS Architecture for Forecasting Crop Disease.
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Figure 9. DSS LANDS Architecture for Forecasting Crop Disease [62].

(d) Big data architecture for crop yield prediction: In Alex et al, they use a Big Data
architecture to predict crop health risks due to excess fertilizer use, based on average rain-
fall, soil moisture, and soil nutrients, among others [49]. The data they use for this are
nitrogen, phosphorus, Calcium, Magnesium, and Sulfur. The Big Data architecture con-
templates the following stages: data enrichment, data clustering, data classification, and
recommendations. Figure 10 represents the architecture design.
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(e) Climate Big Data architecture: Gad et al, integrate technologies used in data ware-
housing with Big Data to process NCDC weather data. Climate observations are taken
daily or hourly, although the collection of temperature and precipitation, wind speed,
wind direction, sunshine hours, and dew condensation were initiated in 1901 and are pub-
lished annually, monthly, daily, and hourly [44]. The architecture used is presented in Fig-
ure 11.
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(f) Big Data architecture and IoT: Lambrinos uses a Big Data architecture to integrate
climate and water data through IoT technology [52]. The system allows the farmer to
adapt to weather conditions and assess new conditions due to climate change (See Figure
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Figure 12. Big Data Architecture and the IoT [52].

(g) Big Data architecture for climate change detection: Manogaran and Lopez present
a scalable data processing framework with a novel change detection algorithm [63]. They
propose the spatial cumulative sum algorithm to monitor seasonal changes in climate
data. The MapReduce algorithm is used to create a table in Apache HBase with the help
of Apache Hive. Finally, the authors propose a climate change detection algorithm based
on spatial autocorrelation to monitor changes in a seasonal climate. The Big Data architec-
ture used is shown in Figure 13.
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Figure 13. Proposed Big Data Architecture for climate change detection [63].

(h) Big Data architecture for monitoring vegetation dryness: Ye et al. developed an
RDCRMG architecture for monitoring remotely sensed dryness. The authors use spectral
reflectance to improve monitoring accuracy by comparing R-NDVI and O-NDVI percent-
age H-information data [56]. The Big Data architecture is shown in Figure 14; it includes
the data storage layer, network transport layer, computing service layer and application
layer. A computing cluster with five computers was established for parallel data mining
and processing in the computing service layer. In addition, an RSAPTS automatic data
pre-processing system is available to support near real-time updating of GF-1 Remote
Sensing data. It includes automatic radiometric correction, orthorectification, cloud detec-
tion, geometric correction, and projection transformation.
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Figure 14. Big Data architecture to monitor dryness [56].

The authors used three nodes with different algorithms to make the data extraction
process fast. Figure 15 shows the processes.
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Figure 15. Process of Three Modes for data extraction.

(i) Big Data architecture for vegetation monitoring: Sumalatha and Akila, propose an
architecture to analyze the land data and build a regression-based model that fits the ob-
servations [64]. The data is obtained daily from satellite imagery and historical data
through the government portal "indiawaterportal.org." The designed architecture is 4-lay-
ered, as shown in Figure 16.
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Figure 16. Big Data architecture for vegetation monitoring [64].

(j) Architecture for monitoring the ocean: In Coro et al., they use a three-layer archi-
tecture to analyze data from Aqua-Maps and NASA archives. In the data preparation
layer, six-time environmental parameters from AquaMaps were processed to produce a
structured and standard representation as NetCDF files by R-based algorithms using a
Map-Reduce approach via DataMiner. Next, two additional parameters were used in the
processing layer as the differences between the annual average near-surface air tempera-
ture and sea surface temperature (SAT-SST). Finally, in the data analysis layer, they rep-
resent ocean areas to reflect global average climate change trends [34].


https://doi.org/10.20944/preprints202205.0325.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 May 2022 d0i:10.20944/preprints202205.0325.v1

4.2.1. Technologies used

The technologies used for implementing Agricultural Big Data in climate change are
presented in Figure 17. The Figure is a concept cloud where the size of each concept is
directly related to the number of times it was used in the analyzed articles. Of the 33 arti-
cles reviewed, the technology most often identified was MapReduce, six times. Other
prominent technologies are Hadoop ecosystem technologies, such as HDFS, and Hive, but
they also mention FLUME, Storm, Hbase, Kafka. They mostly use MySQL to store struc-
tured data, but Oracle is also mentioned. For unstructured data, they use No-SQL data-
bases.
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Figure 17. Technologies used in Agricultural Big Data in the context of climate change.

Python, JAVA, and JavaScript are mentioned in terms of programming languages.
Furthermore, of the formats used, XMPP and NetCDF are mentioned. The following sub-
sections describe the technologies according to their use in the Big Data architecture.

4.2.2. Data Sources

Figure 18 shows the technologies used in the selected papers, which were used to
capture the data for the analysis.


https://doi.org/10.20944/preprints202205.0325.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 May 2022 doi:10.20944/preprints202205.0325.v1

3

<
% Satellite images

~

!

e WL

D Rural communities

Q Private institutions

Figure 18. Cloud of concepts of data sources used.

For crop management, data from weather stations, agroforestry resources, sensors,
remote sensing images, GPS positioning, satellite information engines such as Google
Earth, and external private/public data providers were used [54], [46]. For such action, in
some cases as in Colombia, local data systems such as AVA CDKN, CVC, IDEAM,
Agronet MinAgriculture, Datos Abiertos Colombia MinTIC, SAC, FAO, DANE, DNP
were used [48]. Each data source provides temperature, humidity, illumination, atmos-
pheric pressure, soil electrical conductivity, soil and vegetation moisture content, and soil
salinity [51]. On the other hand, genomic data related to flood tolerance was found [65].

In Moon et al., the data were provided by non-standard technological actors, such as
the Agricultural Technology Center, Jeollanamdo Institute of Agricultural Technology,
and Jeju Island Institute of Agricultural Technology, mainly linked to the Rural Develop-
ment Administration [53].

For the case of water management, the most frequently used data sources are satel-
lites, which provide historical information on temperature, humidity, and precipitation
levels. On the other hand, annual reports from institutions such as the Water Department
were also used over a characteristic range of years [35]. Other data are mainly provided
by federal, provincial and municipal authorities (governments in general), also commer-
cial and research organizations [36]. The Google Earth Engine data catalog is also a viable
alternative and climate data from Meteorological Departments [38].

In the case of climate management, a fairly widely used option is satellite remote
sensing [39] and data from meteorological services. Another real source of data is pro-
vided by government ministries, communities and farmers [66]. In one of the cases, inter-
views and surveys were also applied by to experts obtain information for the analysis [40].

Data from soil maps, remote sensing image data, meteorological centers, and statis-
tical data from various stakeholders are used [42]. Similarly, some data came from geo-
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physical information from various sources and satellite imagery [64]. Some of the attrib-
utes used in the data sources were precipitation, temperature (minimum, maximum, and
average), cloudiness, vapor pressure, frequency of wet days, and ground frost [64].

4.2.3. Data storage and processing

Figure 19 shows the main tools used for data storage and processing. It is observed
that the most used storage tools are Hadoop and MySQL. Hadoop, specifically HDFS is
used when it is required to store unstructured data such as satellite images, videos, and
spatial data, among others. MySQL is a relational database engine that allows storing
structured data such as project data, sensor data, data from other databases, etc. It is also
noted that the most used processing tools are Map-Reduce, Flume, and Python. Map-Re-
duce allows mapping and reduces the memory space to generate a higher processing
speed. Flume is responsible for collecting, aggregating, and moving volumes of data from
various sources. Python is a programming language that allows creating data processing
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Figure 19. Data storage and processing tools.

Coro et al. used R-based algorithms in conjunction with Map-Reduce to transform
textual data into NetCDF files [34]. The authors had to extract metadata from AquaMaps
reference files, e.g., size, description, data provider, etc.; and then make the metadata con-
form to NetCDF (Network Common Data Form) conventions. On the other hand, Lopez
et al. used Hadoop tools, such as HDFS, Sqoop, Flume, and Kafka, to store and process
the data in a Data Lake, which allows storing raw, semi-processed, and processed data in
different storage areas [48]. A similar case is that of Gad et al., in which they use Hadoop
technologies to process and store data from a data warehouse. SQOOP they used it to
extract data from RDBMS (in this case, Mysql and Oracle) in Hadoop; Hive to create, join
and partition tables and databases in Hadoop, in addition, to performing aggregation op-
erations; SQOOP they used it to export the results of data warehouse aggregation [44]. On
the other hand, besides Hadoop technology, Bendre et al. use cloud technology such as
Amazon Elastic Computing Cloud (EC2) and Google File System to achieve parallel and
distributed processing. The authors use Map-Reduce to process data that is not stored in
memory to be stored in Hadoop [67]. Manogaran et al. [63], Lopez et al. [48], and Reddy
and Sureshbabu [38], also use Map-Reduce to process the data and then be stored in Ha-
doop. They use Apache Hbase and Apache Hive [63], [38].

Semlali et al., process data obtained from ground and satellite sensors to capture data
from the sun and data from repositories such as MDEO, NASA, NOAA, ESA, and some
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MGS. At this stage, the Big Data technologies used are: Raspberry Pi, BUFRextract (Py-
thon), pybufr_ecmwf (python), wget, curl; and as data repositories, the MySQL database
engine for structured data, Hadoop HDFS for unstructured data; in addition, processing
algorithms developed in Java, Python, and Bash processes are used [39].

4.2.4. Data Analysis

Figure 20 shows the main tools used for data analysis. It can be seen that the most
used analysis tools are R language, Python, Storm, and ArcGIS. R is a language widely
used in statistics and data mining. Python is a general programming language, but it effi-
ciently allows data analysis thanks to its functions and ease of use. Storm offers enormous
features for situations requiring real-time analysis, machine learning, and continuous op-
erations monitoring. Finally, ArcGIS is a tool for geospatial data analysis.
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Figure 20. Data analysis tools.

Various data analysis tools are described in the papers. For example, Coro et al. use
the DataMiner tool to analyze ocean data [34]. Delgado et al.; uses the DNDC, Comment-
Farm, CEEOT, and NTT tools to analyze agricultural data [47]. Li et al., use ArcGIS,
MATLAB, and Excel tools to analyze land cover data [42]. Senay et al., use the SSEBop
(Operational Simplified Surface Energy Balance) model to calculate real total daily evap-
otranspiration to analyze meteorological data [35]. Lokers et al. use rdf4j, SOAP, and
SparQL to perform agro-environmental analysis [50]. The authors developed an infra-
structure based on available metadata and semantics to process data and integrate them
so that they can be downloaded in a format known as a NetCDF formatted file [50]. Fi-
nally, Gad et al., uses OLAP (Online Analytical Processing) technology to analyze mete-
orological variables [44].

The R programming analysis tool is used in the works of [65], [38], [68] and [34].

On the other hand, the analysis tools that come from the Hadoop ecosystem are used
in different papers. For example, Lopez et al. use HIVE, XPath, and XQuery [48]. On the
other hand, Semlali et al. use Map-Reduce with Spark and Storm [39]. Finally, Bendre et
al. use Mahaut, Drill, and Storm [67].

Some authors used programming languages for data analysis. For example, this is
the case of Fenu et al. [62] and Tseng et al. [51], who use Phyton. Javascript is used by
Kandekar et al. [37].

4.2.5. Data Visualization

Figure 21 shows the main tools used for data visualization. It can be seen that the
most used tool is the websites developed by the institutions themselves. On the other
hand, GEE, GADA, and D4Science platforms are also used.
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Figure 21. Data visualization tools.

Few papers mention the data visualization tools they use in the Big Data system. For
example, Coro et al. use the D4Science tool that provides services of a distributed e-Infra-
structure that provides spaces for collaborative experimentation and sharing of experi-
mental parameters [34]. In addition, D4Science adds open-source and free-to-use web ser-
vices to publish and access the results produced, either openly or tailored to a group of
people focused on a domain, e.g., on climate change.

Delgado et al. use GADAS, the United States Department of Agriculture's Global Ag-
riculture and Disaster Assessment System [47]. GADAS represents a first-generation sys-
tem that could be the basis for a broader public-private partnership to connect agricultural
data generators to an interconnected network for sustainability. It brings together a vari-
ety of spatial data through a GIS to illustrate the impacts of climate, water, crop condi-
tions, land use, etc., to provide a comprehensive assessment of agriculture. In this regard,
the U.S. federal government recognizes the need to govern geospatial data from a global
point of view.

Lopez et al. use the Shiny tool, which allows users to interact with the analytical sys-
tem through an Information Display Tool, accessed from any computer or mobile device.
The GUI implementation is independent of the development environment. Furthermore,
shiny allows direct compatibility with R language models and easy visualization of such
information [48].

Semlali et al. use Kibana, which is a customized dashboard that displays, respec-
tively, the Vertical Mixing Ration (VMR) with the unit of Part per Million or Billion
(PPMv-PPBv) of Ozone (O3), and Carbon Monoxide (CO), to perform a pollution analysis
[39].

Kandekar et al. use the Google Earth Engine (GEE), an open cloud platform devel-
oped by Google for geoscience data processing and analysis. It supports online program-
ming and interactive visualization and can process remote sensing data online without
the need to download imagery. Its mighty computing power supports PB-level remote
sensing data processing, suitable for large-scale and long-term research series. In addition,
the rich API documents of GEE absorb many superior remote sensing image processing
algorithms, which are very friendly for people who focus on data processing rather than
programming [37].

In Kamilaris et al., visualizations of datasets and geospatial analysis are performed
using ArcGIS and its API for JavaScript. In ArcGIS, specific geospatial analysis scenarios
are run through the platform in the form of maps. Datasets imported into ArcGIS are ab-
stracted as layers, which become part of a large-scale geodatabase for Spatio-temporal
analysis. The layers can also be combined to gain insights into the locations of livestock
farms and nitrate-vulnerable areas [60].
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Finally, Alencar et al. [36], Tseng et al. [51], and Lambrinos [52] use a web platform
for data visualization.

4.2.6. Artificial Intelligence Algorithms

It is striking that few authors use Al to perform data analysis. Fenu and Malloci [62],
and Lu [54] used Neural Networks and SVM. On the other hand, CNN was used by Alex
and Kanavalli [49]. Linear regression and multiple linear regression were used by Bendre
et al. [67], Sumalatha and Akila [64],and Reddy and Sureshbabu [38]. Modified Random
forest and SoyNet algorithms were used by Lai et al. [65]. K-means was also used by
Sumalatha and Akila [64].

5. Discussion
5.1. Main Challenges and Trends

According to del Pozo et al., there is a wide range of technological approaches to
improve the adaptation of crops and agricultural systems to climate change. However,
technological demands and extension and training approaches need to be further evalu-
ated to understand better the role of technology in adaptation [17]. In this sense, Agricul-
tural Big Data plays a vital role in developing climate change adaptation. Of the 33 papers
selected, 26 used Big Data to adapt agriculture to the farmer's needs, which can be through
water, climate, soil, and crop management. Of the papers analyzed, 15 present adaptations
in crop management, either to monitor plant growth, disease prediction, quality monitor-
ing, etc.

According to Sebestyen et al., data and systems science tools can play a crucial role
in recognizing climate challenges and mitigation opportunities by integrating heteroge-
neous data and models and exploring the relationship between environmental and social
factors. This integrated thinking lays the foundation for promising future trends in climate
informatics [18]. For the case of Agricultural Big Data, few papers are applied in mitiga-
tion situations. Two papers include architectures for minimizing climate risk situations
due to GHGs and two for soil. We believe that the use of Big Data in this crucial area is
still incipient.

Mitigating climate change impacts and successful adaptation require effective strate-
gic climate change planning by countries worldwide, whose decision-making requires
complex models and information sources [18]. The Big Data toolkit enables the systema-
tization, processing, and evaluation of heterogeneous data and information sources,
which are infeasible with traditional analysis tools. Harmonization of the constant scien-
tific knowledge and data sources related to climate change may be one of the most re-
searched areas in the future [18]. Thirty-three papers using Big Data to analyze and adapt
agriculture processes due to problems caused by climate change were reviewed. Despite
the promising results, researchers still need more collaboration to have open access to data
sources. Repositories are required to integrate information (Data Lake) and access for the
different levels of researchers: farmer, data scientist, statistician, and the data processing
engineer.

According to Lopez et al., intelligent tools for decision-making represents an ad-
vantage in different fields, especially in agriculture. Although the development of mech-
anisms to merge heterogeneous data sources involves a high degree of complexity, cur-
rent technological advances make it possible to implement these tasks with more excellent
reliability. Data lakes represent a promising alternative in terms of different aspects such
as flexibility, reusability, scalability, and access protocols. These aspects allow expert per-
sonnel to generate data analysis, update and reuse analytical models that support the in-
formation needs of different users [48]. However, only one paper of those analyzed (33 in
total), uses a Data Lake as a data repository. Although data lakes have been successful in
other projects, such as banks, retail, etc., in agriculture, it is a developing technology. This
type of tool is crucial to achieving flexible architecture designs in Agricultural Big Data,
adapting the data for analysis according to local and global needs in climate change.


https://doi.org/10.20944/preprints202205.0325.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 May 2022 doi:10.20944/preprints202205.0325.v1

Of the 33 papers analyzed, only nine describe the Big Data architecture design used.
All the designs were created to solve specific problems, such as analysis of climate data or
atmospheric composition, soil data such as dryness, and crop data analysis through sen-
sors, among others. Only one architecture was designed to monitor climate change as a
general concept. On the other hand, the use of appropriate methodologies for designing
Big Data architectures was not observed. According to Salma et al., a Big Data architecture
should be designed using three possible cases: (1) adopt a reference architecture, (2) follow
an architectural design methodology, and (3) use a reference model (which is often created
from a reference architecture [69]. In this sense, a reference architecture in Agricultural
Big Data could be used as a guide for the work team, with the possibility to analyze dif-
ferent configurations and thus improve the quality of the architectures. The use of a ref-
erence architecture would make it possible to move forward with appropriate solutions
to the problem of mitigating the effects of climate change.

Another important aspect is the opportunity for governments. According to Seles,
Big Data can help governments develop smart regulations that drive proactive responses
to climate change and improve organizational performance [70]. So also, farmers can lev-
erage Agricultural Big Data and assess risks based on data to analyze the consequences of
climate change on their environment [12]. In this sense, we have found few papers that
include projects with government participation. Most use Big Data to solve problems from
a market point of view and not from a people's point of view. There is still a lack of open-
access systems for any farmer who needs them since the papers analyzed use self-devel-
oped visualization platforms. An example of an open access system is GADAS, used by
both the public and private sectors.

The problems of climate change will increase, so the proper development of Agricul-
tural Big Data will be essential if we want to move forward with practical solutions. For
this technology to deliver what we need, it will be urgent to have open repositories,
achieve interoperability between different systems, and design reference architectures,
considering all the possibilities of data sources, processing, types of analysis, and visuali-
zation types. In this sense, it is necessary to advance in modeling tools that allow flexibil-
ity. An example of this is the Feature Model and Ontologies [69], [71], [72].

After analyzing the various selected papers, we can identify the following challenges
in designing architectures for Agricultural Big Data in the context of climate change: (1)
use of various components and various technologies, which shows that there are still no
standards; (2) architecture designs are created for particular cases and do not allow scaling
for other cases; (3) some architectures only take care of data volume and not variability
and processing speed; (4) no design is general and therefore no reference architectures are
available; (5) the proposals do not point out the methodology for the design of architec-
tures, and finally; (6) the use of reference models is not identified. With all these chal-
lenges, it is difficult to identify the problems that can be solved versus the right compo-
nents for designing a Big Data architecture for agriculture. Furthermore, all the proposals
do not use a general basis for their construction, starting from a reference architecture or
model.

5.2. General diagram

Figure 22 summarizes the main layers of the Agricultural Big Data architectures in
the context of climate change. The figure shows that the Agricultural Big Data architec-
tures were used for crop management, climate management, water management, and soil
management for the adaptation case. In addition, the architectures use components for
data capture, processing, analysis, and visualization stages.

On the other hand, it is observed that Agricultural Big Data was only used for soil
management and climate management in the case of mitigation. Despite the incipient de-
velopment of solutions for this action, papers described the components used in the ar-
chitectures. Unfortunately, no papers were found describing solutions for energy effi-
ciency or advancing in improving crop processes and improving sustainability.
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Data_Processing: 17

Crop Management: 28

Adaption: 26

Data_Analysis: 18

Water Management: 14

I Mitigation: 4
Data_Capture: 13

Soil Management: 7 I

Resilience: 3

Climate Management: 10 Data_Visualization: 11

Figure 22. Main layers of architectures in Agricultural Big Data in the context of climate change.

6. Limitations of the study

Although we aimed to provide a comprehensive literature review to contribute to
the improvement of future proposals for Agricultural Big Data solutions in the context of
climate change, some limitations should not be overlooked. The use of search engines to
retrieve scientific articles, filtering the available literature through specific keywords, has
risks; and must be treated with care to draw valid conclusions. Furthermore, our approach
resulted in reviewed English-language academic articles from 2015 without covering
other languages. This approach led us to retrieve articles from various journals and con-
ferences, most of academic origin.

However, filtering studies according to time of publication and English language
could lead to chronological and geographical discriminations, respectively [73].

7. Conclusions, Implications and Future Research

A Systematic Literature Review was carried out, applying the PRISMA protocol.
Thirty-three relevant articles explaining the use of Agricultural Big Data in the context of
climate change were selected. The use of Big Data architectures for climate management,
water management, crop management, and soil management. The advancement of tech-
nologies used in the different layers of the architectures, which are data capture, pro-
cessing, analysis, and visualization, was discussed.

In climate management, only five papers included a description of the Big Data ar-
chitecture used. The problems attempted to be solved by analyzing pollutant gas emis-
sions, analyzing favorable conditions for planting, and observing climate. The leading
technologies used are MapReduce, Phyton, Machine Learning, Remote Sensing, Data
Lake, MySQL, and Hadoop technologies such as Hbase and Hive.
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In crop management, only four papers described the components of the Big Data ar-
chitectures used. The problems attempted to be solved by risk analysis for the crop, plant
disease analysis, crop analysis when there is drought, and soil monitoring. The main tech-
nologies used are Sensors, Remote Sensing, Hadoop, Machine Learning, MapReduce, and
R.

Many publications use Agricultural Big Data to systematically process heterogene-
ous information from sensors, satellite images, and climate change repositories, which is
unfeasible with traditional analysis tools. Despite the advances in Agricultural Big Data
related to climate change, there are still many challenges. Some of them are (1) collabora-
tion among researchers with open access to data sources; (2) repositories with access for
different researchers (farmer, data scientist, statistician, and data processing engineer); (3)
reference architectures that allow collaborative work, (4) the analysis of solution alterna-
tives, and (5) the documentation of experiences.

In future work, we hope to conduct an extensive literature review to identify all the
components necessary to design a reference architecture for Agricultural Big Data, espe-
cially in climate change.
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