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Abstract: Agricultural Big Data is a set of technologies that allows responding to the challenges of 
the new data era. In conjunction with machine learning, farmers can use data to address different 
problems such as farmers' decision-making, crops, weeds, animal research, land, food availability 
and security, weather, and climate change. The purpose of this paper is to synthesize the evidence 
regarding the challenges involved in implementing machine learning in Agricultural Big Data. We 
conducted a Systematic Literature Review applying the PRISMA protocol. This review includes 30 
papers, published from 2015 to 2020. We develop a framework that summarizes the main challenges 
encountered, the use of machine learning techniques, as well as the main technologies used. A major 
challenge is the design of Agricultural Big Data architectures, due to the need to modify the set of 
technologies adapting the machine learning techniques, as the volume of data increases. 
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1. Introduction 
To meet global food demand by 2050 requires an increase in food production from 

25% to 70% [1]. Because of this increase, food production per hectare needs to double by 
the time the world population stabilizes around 2100 (United Nations 2019). Food security 
is a fundamental global need, which is threatened by several factors such as population 
growth, shrinking arable land, climate change, food waste, and consumer preference for 
animal protein [2]. Increasing agriculture or food production rapidly to meet the growing 
demand for food supply is not an easy task. Several factors contribute to this problem, 
such as current agricultural practices, poor storage, markets, and changing scenarios [3]. 

For offering sustainable agricultural production, it is necessary to use cutting-edge 
technologies such as Blockchain, IoT, Big Data, Machine Learning (ML), among others [3], 
[4]. Data-driven agriculture through these technologies is the most promising approach 
to solve current and future issues. If it were possible to generate a large amount of data 
from farms and use it to drive some agricultural decisions, most of these food problems 
worldwide could be solved [3]. For example, if it were possible to allow farms to build 
data sets or maps for diverse environmental factors around the farm, they could imple-
ment techniques such as smart farming, precision farming, vertical farming, and others. 
It has been proven that data-driven agriculture improves crop yields, reduces costs, and 
guarantees sustainability [5]. 

Li et al. (2020) explain that Agricultural Big Data is part of cutting-edge technology. 
It contains concepts, technology, and specific measures covering the entire gamut of agri-
cultural activities, such as farming and planting. The same authors state that by incorpo-
rating informatization, intelligence, and precision, the problems of traditional agriculture 
can be solved. However, the research on Agricultural Big Data is in the initial stage, so 
more researchers are needed to do more research and analysis [6]. 
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The implementation of Agricultural Big Data involves a set of challenges to consider. 
From the technical point of view in the implementation, White et al. (2021) explain the 
challenges in the data, inaccessibility, unusability, incompatibility, inconvenience, lack of 
data interoperability, lack of rural bandwidth, lack of data calibration, and lack of repre-
sentation of crop growth models and weather forecasts [2]. Lassoued et al. (2021) analyzed 
the impact and potential of Big Data in agriculture. The authors identify several chal-
lenges, such as data sources and lack of standard, lack of security, cybercrime, and intel-
lectual property protection [7]. Bhat and Huang (2021) point out challenges in information 
quality, safety, and security [3]. 

From a societal point of view, Lassoued et al. (2021) identify the lack of staff training 
to manage large volumes of data [7]. On the other hand, Li et al. (2020) identified chal-
lenges from the point of view of the relatively backward rural areas. They warn that there 
is little understanding from the farmers due to the low level of education in addition to 
the low amount of online sales, lack of talent to develop Agricultural Big Data in rural 
areas, and the limited capacity of rural Internet and data processing, rural equipment and 
facilities cannot meet the conditions of Big Data development. People must rely on agri-
cultural Big Data and thus become a key technology for agricultural development, which 
can significantly improve agricultural efficiency and reduce the costs of production and 
sale of products [6]. 

According to Gopal (2020), due to the multimodal nature of data, it has several chal-
lenges, such as improving methods for data collection and selecting effective statistical 
and data analysis techniques to understand agricultural activities. To improve these as-
pects, the mechanism used in smart farming is ML, the scientific field that affords a ma-
chine the ability to learn without much programming. It has arisen along with Big Data 
technologies and high-performance computing to create new opportunities to facilitate, 
quantify and understand the intensive data processes in agricultural operating environ-
ments [4]. 

The developments indicate that agriculture can benefit from ML at every stage, such 
as species management, field management, crop management, and livestock management 
[4]. ML is used in a range of agricultural applications including yield prediction algo-
rithms, image recognition algorithms, and robotics to harvest different types of specialty 
crops [8].  

Agricultural Big Data is playing an essential role in the integration of ML. Farmers 
use the data to calculate crop yields, fertilizer demand, cost savings, and even to identify 
optimization strategies for future crops [4]. For crops, ML is being used to predict yields, 
detect diseases, weed detection, crop quality, and recognize species. For livestock ML is 
being used for animal welfare and livestock production [9]. 

Due to the volume, variety, and complexity of agricultural data sets, there are many 
challenges to implementing Agricultural Big Data on farms [10]. The main opportunities 
and challenges lie in establishing a reference point in the agricultural sector because the 
factors that affect agriculture will vary with climate, geographic zone, soil type, crop, and 
traditions [11]. 

This work aims to discuss the different challenges of using ML in Agricultural Big 
Data. We want to highlight the technologies used, the kinds of issues that need to be re-
solved, the ML techniques used, and the challenges imposed by volume, variety, velocity, 
veracity, and the analysis itself. We provide a framework that summarizes the data to 
allow researchers to make a better-informed decision on which ML paradigm or solution 
to use depending on the specific Agricultural Big Data scenario. It also allows identifying 
research gaps and opportunities in this area. Consequently, this work serves as a compre-
hensive foundation and facilitator for future research. To this end, we conducted a Sys-
tematic Literature Review (SLR), applying the PRISMA protocol [12]. We selected a set of 
30 articles that explain the use of Big Data and ML in agriculture. 

The structure of the paper is as follows. Section 2 contains the theoretical background 
on Big Data, Agricultural Big Data, ML, and the main challenges reported in the literature. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 February 2022                   doi:10.20944/preprints202202.0345.v1

https://doi.org/10.20944/preprints202202.0345.v1


 3 of 28 
 

 

Section 3 describes the methodology used to collect the relevant papers for the study. Sec-
tion 4 contains the results derived from the analysis of the selected papers. Section 5 dis-
cusses the main challenges of applying ML in Agricultural Big Data. Finally, Section 6 
presents the conclusions. 

2. Background 
In this section we explain the basic concepts of ML and Big Data.  On the one hand, 

we explain the use of ML in agriculture, and on the other hand, the use of Big Data and 
its development in agriculture. Finally, we mention the main challenges in Agricultural 
Big Data, described in the literature. 
2.1. Machine Learning 

ML is a field of investigation which focuses formally on the theory, performance and 
properties of learning systems and algorithms. It is a highly interdisciplinary field, based 
on different areas like artificial intelligence, optimization theory, information theory, sta-
tistics, cognitive science, optimum control and many other scientific, engineering and 
mathematical disciplines [13]. Due to its implementation in a wide field of application, 
ML has covered almost all the domains of science, having a great impact on science and 
society [14]. It has been used in a variety of problems, including recommendation drivers, 
recognition systems, informatics and data mining, and autonomous control systems [15]. 

Depending on the nature of the feedback available for a learning system, ML can be 
classified into three main types: supervised learning, unsupervised learning and rein-
forced learning. Table 1 summarises the main techniques, showing a comparison of ma-
chine learning techniques from different perspectives in data processing. The row "Data 
processing tasks" in the table indicates the problems that need to be solved, and the crow 
"Learning algorithms" describes the methods that can be used. With the intention of con-
verting raw data into useful data, a preprocessing effort is required. This usually includes: 
(a) data cleaning to remove inconsistent or missing elements and noise, (b) data integra-
tion, when there are many data sources, and (c) data transformation, such as normaliza-
tion and discretization [16]. 

Table 1. Main ML techniques. 

Classification Type Supervised Learning 
Unsupervised learn-

ing 
Reinforcement 

Learning 

Data processing tasks 
Estimation 

Classification 
Regression 

Clustering 
Prediction 

Decision-making 

Learning Algorithms 

Support vector ma-
chine 

Bayesian networks 
Neural networks 

Naïve bayes 
Hidden Markov 

model 

Dirichlet process mix-
ture model 
X-means 
K-means 

Gaussian mixture 
model 

TD-learning 
Sarsa learning 

Q-learning 
R-learning 

  
Briefly, from the perspective of data processing, supervised learning and unsuper-

vised learning focus mainly on data analysis, while reinforced learning is preferred for 
decision-making problems. 

In general, the goal of ML algorithms is to optimize the performance of a task by 
exploiting examples or past experience. through the exploitation of examples or past ex-
periences. ML can generate efficient relationships with respect to data inputs and recon-
struct a knowledge schema. ML will perform better, the larger the volume of data availa-
ble [16]. 
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On the other hand, Deep learning (DL) is a branch of ML that tries to model abstrac-
tions with a series of algorithms by using a deep layer with multiple processing layers. 
DL, which is of great interest in the field of artificial intelligence, has come to the fore in 
natural language processing and image classification [17]. Figure 1 shows the relationship 
between AI, ML and DL. 

 
Figure 1. Relationship between AI, ML and DL. 

DL it has algorithms such as Convolutional Neural Networks, Recurrent Neural Net-
works, Restricted Boltzmann Machine, and Deep Belief Network. DL has the advantages 
of processing unstructured data at the maximum level, producing high quality results, 
and avoiding unnecessary costs. 

ML has been used to solve different problems in agriculture, such as crop manage-
ment, including yield prediction; disease detection, weed detection, crop quality and spe-
cies recognition; livestock management including animal welfare and livestock produc-
tion; water management; soil management [9], [16], [17]. Figure 2 presents a summary of 
this. 

 
Figure 2. Use of ML in agriculture. 

An example of this is that many producers say that weeds are the most serious threat 
to crop production. Accurate weed detection is very important for sustainable agriculture, 
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because weeds are difficult to detect and distinguish from crops. ML algorithms in con-
junction with sensors now allow accurate detection and identification of weeds without 
causing environmental problems or secondary effects. ML for weed detection has led to 
the development of tools and robots to destroy weeds, minimising the need for herbicides 
[9]. Accurate detection and classification of the characteristics of crop quality have in-
creased product values and reduced waste. Figure 3 presents a graph showing the differ-
ent ML techniques that have been used in improving agriculture. 

 
Figure 3. ML techniques used in agriculture [9]. 

Benos (2021) updates the information in Figure 3 through a systematic study of ML 
use in agriculture during the years 2018 to 2020 [16]. Figure 4 presents the results obtained. 

 
Figure 4. ML models giving the best output [16]. 

It is observed that the ML Artificial Neural Networks (ANN) algorithm is still the 
preferred algorithm for data analysis. On the other hand, Ensemble learning has been 
gaining ground, and outperforms the use of other algorithms such as SVM and Decision 
Trees (DS). According to Benos (2021), the most commonly used data come from meteor-
ology, soil, water and crop quality, remote sensing, satellite imagery, UAVs and UAVs, as 
well as in situ and laboratory measurements [16]. 
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The increased interest in ML research in agriculture is a consequence of several fac-
tors: the considerable advances in ICT systems in agriculture; the vital need to increase 
the efficiency of agricultural practices while reducing the environmental burden; and the 
need for reliable measurements with the handling of large volumes of data [16], [17]. 

2.2. Big Data 
Big Data is defined in four dimensions (4 Vs) [18]. First, it refers to the enormous 

volume of data that are 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 refers to the variety of data formats and structures 
(structured, semi-structured and unstructured) which result from the heterogeneity of 
data sources [19]. The fourth dimension is veracity, which refers to the ability to validate 
the quality of the data used in the analyses. 

Apart from the "4 Vs", another dimension of Big Data must also be considered, 
namely its value. The value is obtained by analyzing data to extract hidden patterns, 
trends and knowledge models through the use of algorithms and smart data analysis tech-
niques. Data science methods increase the value of data, giving better understanding of 
their phenomena and behaviors, optimizing processes and improving the discoveries of 
machines, business and scientists [20]. We cannot therefore consider the Science of Big 
Data without including data analysis and ML as key steps for numbering value among 
the strategies of Big Data Science [21]. 

In practice, Big Data analysis tools enable data scientists to discover correlations and 
patterns through the analysis of massive quantities of data from different sources. In re-
cent years the science of Big Data has become an important modern discipline for data 
analysis [21]. It is considered an amalgam of classic disciplines like statistics, artificial in-
telligence, mathematics, and informatics with its sub-disciplines including database sys-
tems, ML and distributed systems [22].   

This is the Big Data Ecosystem that handles the evolution of data, models and sup-
port infrastructure throughout its life cycle; it is a whole set of components, or architec-
ture, for storing, processing and visualizing data and delivering results to guide applica-
tions [23], [24]. The Framework Architecture of Big Data in Figure 5 includes data storage, 
information management, data processing, data analysis, and interface and visualization 
components. 

 
Figure 5. General architecture of Big Data. 
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As shown in Figure 5, the Big Data process starts with identification of the sources 
from which useful data are extracted [18]. Next, the data are stored in one of the designed 
data models, depending on whether the data are structured or not. In the following step, 
the data are classified and filtered according to the type of analysis required. In the Pro-
cessing 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 kind of visualization tool. Finally the data are analyzed by the 
decision-makers [24]. 

Big Data in agriculture refers to all the modern technology available combined with 
data analysis as a basis for taking decisions based only on data [28]. The following typol-
ogy will help us to understand the Big data evolution (see Figure 6). 

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 [29]. 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. Furthermore it has led to the 
introduction of plant-scanning equipment to follow up deliveries and to allow retailers to 
monitor consumer purchases, improving product traceability throughout the supply 
chain [30]. 

 
Figure 6. Topologies in digital agriculture. 

 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 February 2022                   doi:10.20944/preprints202202.0345.v1

https://doi.org/10.20944/preprints202202.0345.v1


 8 of 28 
 

 

Big Data does not function in isolation. It has been used in conjunction with other 
technologies like ML, cloud-based platforms, image processing, modelling and simula-
tion, statistical analysis, NDVI vegetation indices and geographic information systems 
(GIS) [29]. ML tools have been used in prediction, grouping and classification problems; 
while image processing has been used when the data are extracted from images (i.e. cam-
eras and remote sensing) [29]. 

2.3. Challenges in Agricultural Big Data and ML 
Several authors explain a number of challenges when using Big Data or ML in data 

analysis for agricultural development. 
White et al. (2021) conducted a survey with researchers participating in a conference 

on Precision Farming to identify the challenges in different scenarios where Agricultural 
Big Data is used: (1) mid‑season yield prediction for real‑time decision‑making, (2) sow 
lameness, (3) irrigation in cotton management, (4) in-season decision making, (5) policy-
maker perspective, (6) cropping selection system, (7) business analytics for agriculture, (8) 
grower perspective, (9) consumer perspective, (10) benchmarking scenario—comparing 
individual grower yields to modeled outputs based on other people’s data [2]. The chal-
lenges indicated in these scenarios are: error in the data, inaccessibility, unusability, in-
compatibility, and inconvenience. An example of this is the lack of data interoperability 
that prevents integration and unified analysis of data collected by multiple sensors and 
platforms. Another example is the lack of rural bandwidth that often makes data trans-
mission, particularly in large data sets that include images, impossible. In addition, sensor 
data need calibration. Finally, they indicate that better representations of crop growth 
models are required as well as more specific weather forecasts for individual farms and 
fields [2].  

Lassoued et al. (2021) analyzed the impact and potential of Big Data in agriculture. 
They identify several challenges, such as data sources, given that not all the segments in 
the value chain capture data the same way. They also point out that there is no standard 
by which the data are captured, which makes it difficult to harmonize and compile data 
from various sources [7]. They note through a survey that the implementation of Big Data 
in an organization depends on a clear strategy and the means to execute it as well as 
trained personnel to administer large volumes of data. Training and talent, more than 
capital, are fundamental to optimal production in the future [7]. Another major obstacle 
identified is data governance. Although most of the experts surveyed indicated their will-
ingness to share their own data under certain conditions, many expressed concerns about 
data privacy, security, cybercrime and the protection of intellectual property.  

Bhat and Huang (2021) conducted a study on the application of artificial intelligence 
and Big Data in agriculture. They indicate several challenges when applying Big Data in 
real life. One of these challenges is the compilation and analysis of large volumes of data 
produced through IoT networks and wireless sensor networks, which include digital im-
ages and more data from UAV, satellites and data integration, and pose difficulties for the 
effective execution of smart farming. The authors explain that most Big Data systems are 
adequate for large industrial farms because they have the infrastructure to access data, 
resources and, most importantly, funding. Yet they found few examples in small farming 
operations in the developing world. Big Data has the potential to support non-industrial 
farms; however, the moral and ethical questions with respect to availability, cost and fi-
nancing must be addressed to achieve these advantages [3].  

On the other hand, Bhat and Huang (2021) examine challenges in data collection and 
analysis. The combination of data from a variety of sources causes concern about the qual-
ity of the information and its merging, as well as the access to the volume of information 
compiled causing concern about security and protection. The compiled data sets are enor-
mous and complex, which makes it difficult to manage the normal procedures of smart 
analysis. These methods do not normally work well when applied to agricultural data. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 February 2022                   doi:10.20944/preprints202202.0345.v1

https://doi.org/10.20944/preprints202202.0345.v1


 9 of 28 
 

 

The authors expect that scalable and versatile methods will adapt to the large amounts of 
information [3]. 

According to Gopal (2020), the great challenges of Agricultural Big Data exist at dif-
ferent stages, like data collection, storage and analysis, since the agricultural data set con-
tains various data such as soil, climate, seeds, cultivation practices, irrigation facilities, 
fertilizers, pesticides, weeds, harvesting, post-harvest techniques, and others. The data are 
generated and maintained by governments, universities, research organizations, farming 
companies and agricultural input companies for agricultural production, insurance, mar-
keting, supply chain, packaging, distribution, etc. [4]. Due to the multimodal nature of the 
data, there are several challenges such as improvement of the methods for data collection, 
statistics techniques and effective and efficient data analytics to understand and support 
the functions of several agricultural verticals. On the other hand, Weersink (2018) explains 
that the data must be collected consistently and fulfill the protocols that can group them 
into centralized servers which must be protected from cyberattacks while they mask the 
identity of the individual operation managers [31].  

Our paper analyzes the main challenges in Agricultural Big Data when incorporating 
ML for data analysis. The challenges are classified from the point of view of the intrinsic 
characteristics of Big Data, the 4 Vs, and in the data analysis itself with ML. From the data 
found, we propose a framework that summarizes the challenges, the ML techniques and 
the main technologies used, in order to provide information for future research. 

3. Methodology 
The research method applied in this article is a 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 included 
[12]. The databases selected for the search stage are: Scopus, Springer, ACM, IEEE, MDPI, 
and Web of Science. The search string used in all data sources was "Big Data" AND "Ma-
chine Learning" AND (agriculture OR farm). These keywords must be contained in the 
title, or in the keywords of the article, or in the abstract of the articles. In addition, only 
scientific articles and conferences in English published from 2015 to 2020 were examined. 

In descending order, 580 potential articles were identified in the Scopus database, 567 
in the Web of Science database, 486 in Springer, 356 in IEEE, 309 in ACM, and 270 in MDPI. 
During this process, books, book chapters, working papers, and press articles were ex-
cluded. This resulted in 30 relevant articles. 

In the identification phase, 2568 articles were identified. This was followed by a 
screening when the duplication criterion was applied. This resulted in 1489 articles iden-
tified. The abstracts of these articles were then reviewed and checked whether or not they 
dealt with the nexus between agriculture, Big Data and ML. After eliminating the non-
relevant articles, 54 articles were saved for detailed analysis. The detailed analysis consists 
of reviewing the entire article, to ensure that it includes a description about the Big Data 
process applied and the ML techniques used. Most of the excluded articles dealt with 
purely theoretical, technological, or experimental issues. Some of the excluded articles 
dealt insignificantly with the nexus between agriculture, Big Data, and ML. Finally, the 
SLR was based on 30 relevant articles. Figure 7 summarizes the steps of the relevant article 
selection process. 

The composition of the articles analyzed in depth is very varied, the 30 articles were 
published in 12 conferences and 18 journals. The journals that include more than 3 publi-
cations are International Journal of Emerging Trends in Engineering Research, and Com-
puters and Electronics in Agriculture. The most frequent year was 2020 (see Figure 8). 
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Figure 7. Flowchart of the literature selection process. 

 
Figure 8. Yearly distribution of the included articles. 

4. Results 
This section details the main results from the analysis of the selected papers. The 

analysis stems from a series of Research Questions such as: (1) what kind of problems are 
solved using Agricultural Big Data and ML, (2) what is the agricultural line of business in 
which the problems are attempted to be solved, (3) what are the main ML techniques that 
have been used to analyze the data, (4) what technological tools are used to implement 
Agricultural Big Data, and (5) what are the challenges to implement ML in Agricultural 
Big Data. 

First, the main solutions described in the context of Agricultural Big Data are ex-
plained. Then the use of ML techniques mentioned in the papers is described. The main 
technologies implemented are also described. Finally, the main challenges described in 
the selected papers are mentioned. 

4.1. Solutions in Agricultural Big Data 
The 30 selected articles explain Big Data and ML solutions for problems faced in dif-

ferent areas of agriculture. Solutions were found for Farmer's decision making, Crops, 
Animal's Research, Land, Food availability and security, Weather and climate change, 
Weeds. Figure 9 shows the number of papers found by category. 
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Figure 9. Number of solutions in Agricultural Big Data and ML by industry. 

4.1.1. Farmer's decision making 
For the case of farmers’ decision making, three problems have been noted that the 

farmers must address, and that have been solved by applying ML in Big Data systems. 
The first is to lower production costs. Dutta et al. (2015) manage to capture data from 
domain knowledge on farming processes, understanding of the soil, harvest optimization 
based on the climate conditions, and data from the farmers’ undocumented experiences. 
With this, they analyze the data to develop low-cost planting [32]. Doshi et al. (2018) de-
veloped a Big Data system they call AgroConsultant, which is designed to help Indian 
farmers make an informed decision about which crop to grow based on the planting sea-
son, the geographic location of their operation, the characteristics of the soil and environ-
mental factors like temperature and precipitation [33]. The second problem they address 
is climate prediction. Rehman (2020) used real-time applications on sensors to capture 
climate changes in the soil and the atmosphere to establish planting dates [34]. Finally, the 
third problem refers to increasing production. For this, Tarik (2020) uses methodological 
data to predict the cereal production rate in an area characterized by an unstable climate 
[35]. 
4.1.2. Crops 

In the case of crops, the greatest concern is to increase production, after reducing 
production costs, increasing quality and finally managing diseases. To increase produc-
tion, Balducci (2018) analyzes environmental data such as climate, humidity, and wind 
along with production and structural data like type of soil and land extension [36]. Priya 
(2018, 2020) presents a precision farming model to suggest to farmers what crops must be 
planted in terms of field conditions [37], [38]. Shelestov (2020) does the same, but using 
data from satellite images [39]. Ramaraj (2020) analyzed the rice cultivation methods 
based on the most used varieties of rice, the yield parameters and the morphological char-
acteristics of the crop so as to improve the process to increase production [40]. Yoki (2020) 
implements the BMS system (Big Data Application Machine Learning-based Smart Farm 
System) with an emphasis on crop productivity and the importance of increasing the 
farmers’ income. The author concludes that the information and the processable 
knowledge must be improved at farm level to increase production in addition to improv-
ing the quality of the harvest by getting a good price [41]. Kedarmal (2020) uses an ontol-
ogy of smart farming that contains agriculture-related concepts and properties to link the 
stored data with a knowledge graph. This graph allows farmers to take measures in time 
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to improve production [42]. Yahata (2017) used image detection methods obtained from a 
cyber-physical system to collect data on the stage of crop growth and environmental in-
formation [43]. They developed useful rules for an adequate crop adapted through the 
detection of flower pods. 
4.1.3. Animal’s Research 

In Animal's Research we found only three papers that explain the use of Big Data and 
ML. In Nobrega (2018) they use an animal behavior monitoring platform based on IoT 
and cloud computing technologies, in order to monitor sheep inside vineyards. The sys-
tem allows knowing what each sheep consumes to ensure that the vineyards are not dam-
aged and improve quality. On the other hand, the system allows to keep track of sheep 
diseases [44]. Abbona (2020) develops a Genetic Programming approach that includes 
white box techniques that are suitable for the selection of important variables to generate 
simple models to understand the causes of calf deaths. Ferreira (2019) evaluated beef cattle 
production performance in Brazil, where the level of animal nutrition is measured to im-
prove quality [45]. 
4.1.4. Land 

In Land, we found only two papers that explain the use of Big Data and ML to solve 
their problems. Agriculture and Agri-Food Canada (AAFC), is the federal department re-
sponsible for agriculture that produces the Annual Crop Inventory in Space maps to im-
prove agricultural production. These maps are valuable operational space-based remote 
sensing products that cover agricultural land use and non-agricultural land cover found 
within Canada's agricultural acreage [46]. Similar work was done by Amani (2020) to de-
velop high spatial resolution (30 m) reference maps of the cropland extent of South Asia. 
The author explains that there is a need to improve production due to the food insecurity 
experienced in the area [46]. 
4.1.5. Weather and climate change 

On the other hand, we found two papers under the heading of Weather and climate 
change. In Sathiaraj (2018) they analyzed more than 3,000 weather observation sites in the 
United States, with the objective of classifying the type of weather in regions across the 
country [47]. The goal was to understand the climate type of a specific region as it has 
applications in public health, environment, actuarial science, insurance, agriculture, and 
engineering [47]. On the other hand, Amaechi (2020) uses various ML techniques to ana-
lyze climate data and improve prediction [48]. 

Kaur (2019) indicates that an essential issue for agricultural planning is to estimate 
evapotranspiration accurately, as it plays a key role in scheduling irrigation water to use 
it efficiently [49]. They use ML and Big Data techniques to create an H2O model frame-
work to determine daily ETo. In Ryan (2018) they analyze crops using Makov chains, fo-
cusing on weed control and management [50]. 

In general, Big Data and ML are two technologies that are used to solve various prob-
lems in the field of agriculture. The problems described include increased production, in-
creased quality, disease control, cost reduction, climate prediction and control, and crop 
monitoring. Figure 10 presents a summary of the number of papers found. Some papers 
reported more than one problem to be solved, for example increasing yield and also crop 
quality. On the other hand, Figure 11 presents a map summarizing the number of papers 
selected by category vs. problem to be solved. 
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Figure 10. Problems to be solved through Agricultural Big Data and ML. 

 
Figure 11. Main problems to be solved vs. agriculture. 

4.2. ML Techniques in Agricultural Big Data 
From the analysis of the selected papers, a total of 36 different ML techniques were 

found to be implemented. The techniques were implemented a total of 80 times, as most 
of the papers implemented more than one ML technique. The techniques that accumu-
lated the most implementations are Neural Networks (NN), Random Forest (RF), SVM 
and DT. Figure 12 shows the number of implementations found for each ML technique. 
The uses and characteristics of the most commonly used techniques in Agricultural Big 
Data and ML systems are detailed below. 
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Figure 12. ML techniques used in Agricultural Big Data. 

4.2.1. Neural Networks 
NN are a good choice for work with big data sets because they have great flexibility 

to adapt to them, reducing the error produced by adjusting the weights and biases of each 
neuron based on the data with which it is trained [38]. In Saggi (2019), NN were imple-
mented their performance compared to other ML techniques [49]. NN was the technique 
with the best performance, avoiding overfitting of the model and demonstrating tremen-
dous abilities for the estimation of daily crop evapotranspiration.  

In Doshi (2018), they used NN for the automatic recommendation of crops due to 
their support incorporated for multilabel classification. The technique performed well in 
this task, with 91% accuracy in the classification [33]. Shelestov et al. (2020) found that the 
most sensitive parameters for the accuracy in the classification of a NN are the number of 
hidden neurons and the alpha regression coefficient. The former had a much greater im-
pact on the overall accuracy of the model than the latter [39]. The authors propose a value 
of the coefficient alpha with which the best results are obtained, and indicate that the 
number of hidden layers in the model must be selected independently for each particular 
case.  

According to Priya (2020), NN are efficient at handling data that have no correlation 
or linearity among them [38], but they are ineffective for modeling time series, which is 
verified in Balducci (2018), where they implemented a NN and assessed its performance 
in different tasks, including the reconstruction of missing data in a time series [36]. In this 
task, the NN implemented presented a considerable prediction error, which, as the au-
thors suggest, may be due to the use of few training data for the one-month time series.  

In terms of the architecture of NN, they are structures with a single hidden layer [51], 
[35], 2 hidden layers [36], [46], [52] and 3 hidden layers [49]. The activation functions used 
include sigmoid [51], [52], tangent sigmoid [46] and rectified linear unit [49]. 
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4.2.2. Random Forest 
According to Priya (2020), some RF applications are harvest prediction, crop yield in 

adverse conditions, the identification of climatic variables, and the analysis of agriculture-
related issues such as nitrogen emissions or drought prediction [38]. RF is ideal for work-
ing with massive data sets, since it needs less time to preprocess the data, is competent in 
terms of global time complexity, and works well with scattered data sets [38].  

In Kaur (2019), they verified that this technique behaves efficiently in terms of time 
complexity when analyzing the computational complexity of the algorithm [49]. Doshi et 
al. (2018) implement RF for crop recommendation due to the support incorporated for 
multi-label classification (MLC), and they emphasize that this technique is effective at 
managing missing values and is resistant to overfitting of the model [33]. This last feature 
is one of the reasons it is implemented for the classification of farmlands in South Asia in 
Gumma (2020) [53].  

Shelestov (2020) discovered that the maximum depth of each tree and the number of 
trees in the forest are the most sensitive classifier parameters. Increasing the number of 
trees improves the accuracy of the prediction; however, it can make the program up to 5 
times slower [39]. Sitokonstantinou et al. (2020) used this technique to map rice fields due 
to the large size of the data set they were working with (satellite images) and due to the 
ease of the technique to be executed in a distributed manner [54]. 
4.2.3. Support Vector Machine 

SVM is suitable for managing small data sets that do not contain too many outliers, 
and its performance is increased when the dimensional space of the data is large and the 
attributes are lower [38].  

In Nóbrega (2018), different ML algorithms are compared, among which is SVM, to 
detect conditions of an animal relative to its position [44]. Of the algorithms analyzed, 
SVM performed the worst; nevertheless, its results do not differ significantly from the 
other algorithms and all had a 95% accuracy. A similar case is observed in Yang (2018), 
where after comparing different ML techniques to predict the growth stage of a plant, 
SVM was the least accurate technique, although this was over 90% [55]. In both cases, 
SVM was not the most suitable technique for the tasks carried out, but it did demonstrate 
a good level of accuracy. 

Shelestov et al. (2020) verified that the most sensitive parameters of SVM are gamma, 
C and the kernel type used [39]. They took measurements on this last point using the ker-
nel’s radial basis function (RBF) and sigmoid, and discovered that RBF is the most appro-
priate for crop classification tasks. Aiken (2019) compared different ML techniques for the 
classification of pairs of farms [51]. Of these, SVM had the best results in accuracy, sensi-
tivity, specificity and precision. Additionally, it was the technique that required the most 
runtime, being almost double the others. Nevertheless, the authors conclude that the 
runtime was not a limiting factor in their study and recommend choosing this algorithm 
for tasks of the same type.  

In Tombe (2020), Fenu (2019) and Vasumathi (2019), SVM was used to determine the 
health status of the crops, to predict the severity of late blight in the potato, and to predict 
diseases in fruits, respectively [56], [52], [57]. 
4.2.4. Decision Tree 

The DT is efficient in terms of computation and scalability; moreover, its yield is in-
creased when the same data have no correlation to each other [38]. The efficiency of this 
technique is confirmed in Nóbrega (2018), where they compared different ML techniques 
for the classification of the position of an animal using an IoT collar [44]. Of the compared 
techniques, the authors emphasized DT due to the low computer time required to train 
the model and the ease of its subsequent interpretation. In addition, it presented one of 
the best accuracy values and area under the curve (AUC) of the techniques compared.  

Another paper where its efficiency was verified is Yang (2018), where the prediction 
of the growth stage of a plant was studied using different ML techniques [55]. In this paper 
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the authors concluded that the DT was the best compared algorithm due to the low time 
consumed and high level of precision.  

In Balducci (2018), they compared the performance of different ML techniques for 
the reconstruction of ambiguous or corrupt data captured by IoT sensors, with the DT 
again being the technique with the best results in most of the experiments [36]. The au-
thors conclude that the performance of this algorithm drops if few data are used to train 
the model, and that this is affected differently by the different attributes coming from the 
sensors.  

Doshi et al. (2018) compared the DT to other techniques due to its support incorpo-
rated for the MLC, for automatic crop recommendation [33]. According to Priya (2020), 
this technique is not advisable for work with large scattered data sets, since its perfor-
mance decreases as the data volume increases, and that it does not ideally detect anoma-
lies and manage missing data [38]. 

4.3. Agricultural Big Data Technologies 
The technologies used for the implementation of Big Data and ML systems in agri-

culture are presented in Figure 13, a cloud of concepts where the size of each concept is 
directly related to the number of times it was used in the articles analyzed. Of the 30 arti-
cles reviewed, the technology that was identified the most times was Apache Spark with 
a total of 5 Times. Seventy-five percent of the technologies identified were used in only 
one article and there were 4 articles that did not detail the use of any technology in the 
implementation of their systems. The use of the most used technologies is detailed below. 

 
Figure 13. Main technologies used in Agricultural Big Data and ML. 

For the collection of agricultural data the most common technologies were sensors 
and satellite imagery. The former were used to take data at the location of interest of: 
crops, animals, weather or soil properties [41], [38], [44]. Satellite images were mainly used 
for monitoring land and crops in large areas [46], [53], [54]. These were obtained through 
satellites or services from external providers such as: Google Earth Engine (GEE), global 
positioning system (GPS), Sentinel satellites, Landsat satellites or Google Maps. 

In the implementation of Big Data systems, the most used file system was Hadoop 
Distributed File System (HDFS), because it allows separating data sets, storing them in a 
distributed way in several nodes of a cluster and parallelizing operations on them [54]. 
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Most of the implemented clusters were configured with the various programs provided 
through the Apache Hadoop framework. Among these the following stand out: Apache 
Hive and Apache Kafka. Apache Hive was used to configure data warehouses that 
streamline the process of working with large data sets that were stored in distributed units 
[58], [59]. Apache Kafka was used for the transmission of information or messages to dif-
ferent nodes of the designed Big Data architecture [59], [41]. The most widely used tech-
nology, Apache Spark framework, was mainly used for processing the collected data [44], 
[58], [34], [59], [54], [42]. 

The technology most often identified in the implementation of ML models is the Py-
thon programming language [36], [53], [52]. Among the articles that use Python for the 
implementation of the models, most used libraries that facilitate working with the datasets 
or that implement the models of the ML techniques used in the research. The libraries that 
were repeated the most are: Scikit-Learn [52], [47], Pandas [47] and NumPy [36]. 

Regarding the tools for data visualization, Web technologies stand out for their im-
plementation, such as PHP [60] or JavaScript. The latter stands out above all together with 
libraries such as D3 for data visualization [47], Leaflet.js for displaying maps [33] and Re-
act for building interactive user interfaces [47]. 

In Wang (2019), a Big Data system for agriculture is proposed, designed based on the 
collection, storage, analysis and application of pear tree data [58]. For the collection of tree 
growth data (air temperature, soil moisture, light intensity, etc.), a high-precision wireless 
sensor network is used, whose collected data are sent via TCP protocol to traditional da-
tabases (MySQL, MongoDB, etc.). These databases are used temporarily to store the data 
and serve as data sources for the overall Big Data system. For this purpose, data synchro-
nization software such as NiFi, Sqoop or Flume is used, with which the data sources are 
synchronized with the HDFS cluster that is responsible for storing all the data together. 
SparkSQL is used to read, filter and store the data from the HDFS cluster to Apache Hive 
and Apache Hbase. The former used for data used for analysis and the latter used for data 
monitoring and visualization of data statistics. Apache Dubbo is used for running farmer 
management services in a distributed manner. The article does not detail the technologies 
used for the implementation of ML models. 

4.4. Challenges in the use of ML in Agricultural Big Data 
Most of the papers selected explain a series of challenges in the use of ML in the 

Agricultural Big Data system. We describe each challenge according to the intrinsic char-
acteristics of Big Data: volume, variety, velocity, veracity. We also describe the challenges 
that arise in the analysis process. 

Wang et al. (2019) explains that there are challenges in the four stages of Agricultural 
Big Data: various data sources, low precision, low performance in real time, long collec-
tion cycles, high complexity, diversification and lack of appropriate data. There are three 
main aspects: data cleaning, data consolidation and persistent storage. This is obtained 
mainly through the use of Hadoop, Hive, HBase and Spark [61]. 

Priya (2020) concludes that to achieve a good result for the end users, such as farmers 
and consumers, the data analysis, data summary and methods of data interoperation must 
be improved at the same time. Nowadays, a computerized approach to agriculture is re-
quired to observe and interpret several dangers and treatments such as crop diseases, 
floods and droughts and to use the resources available more efficiently [38]. 
4.4.1. Volume 

In Yang et al. (2017), a data detection device with sensors and videos is used that 
communicates with the platform in the cloud with the TCP Socket protocol, loading the 
data into the cloud in real time [55]. The device transmits data to the platform in the cloud 
at 3-second intervals. To solve the problem of storing a large amount of data in the system, 
the authors create a physical division of the table into discrete tables for each day that data 
are stored. On the other hand, the authors create an analysis service based on Hadoop that 
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is a file service implemented using a platform in the cloud. The data kept in the MySQL 
database are transferred to a specific format to be filed in the HDFS system every day. 
This should be suitable to execute the data analysis service [55]. In Amani (2020) and in 
Shelestov (2020) they use a large amount of satellite data for downloading [46], [39]. By 
implementing the work flow on the platform in the cloud, Shelestov overcomes the chal-
lenges of downloading and processing Big Data. On the other hand, Gumma (2020) also 
uses satellite images in the Big Data system [53]. He notes that due to the classification of 
large areas, the size of the Landsat data is very large (reaching peta-bytes when dealing 
with a time series), which is why it is very difficult to process the data in regular systems. 
To solve this challenge, they use the computation platform in the GEE cloud for image 
processing, because it has the entire Landsat file along with many raster data sets openly 
available from NASA, the European Space Agency (ESA) and other images that can con-
vey the code to the data. Thus, the complex multi-temporal data on a continental scale can 
be analyzed using JavaScript or Python simply and can also be shared and replicated by 
other researchers, reducing the barriers to using supercomputers to perform geospatial 
analyses [53]. 

On the other hand, Sitokonstantinou (2019) uses satellite images with a resolution of 
the 10 m time series, from which it extracts 167 features [54]. The authors report that the 
automated and prompt acquisition of Sentinel images from the available centers becomes 
a challenge. Different hubs offer Sentinel data with different specifications, such as their 
constant archiving policy, data availability, geographic cover and acquisition latency. The 
authors have developed an application to connect to multiple Sentinel hubs and to seek 
the pertinent data automatically. This intermediary of Sentinel data recovers the required 
products from the most efficient center that is decided in terms of download speed and 
product availability [54]  

In Ferreira (2019), a large amount of image data is used to analyze the coincidence of 
the farms. The authors explain that it is a very challenging task because, generally, the 
documentation of the attributes of the linked entity (i.e., farm) is highly inconsistent in all 
the databases due to spelling errors, errors or missing information, and the infeasibility of 
manual data mining due to the size of the data set [51]. On the other hand, in Saldana 
(2019) they use input images processed by means of hierarchical convolution modules to 
reduce the size and gain many more channels [62]. They use from three to five convolu-
tional layers with each image followed by a normalization layer in batches. What they 
obtain at the end of each module is a grouping layer and an activation layer, then the 
compressed images are fed into a set of ascending hierarchical sampling modules.   

In Abbona (2020), a large volume of data is analyzed to predict whether the calves 
survive during the 60-day period after birth [45]. They look for a possible solution to high-
light the strengths of the young and to find alternatives through variables. The authors 
indicate that identifying such variables is a complex task but with a solution, since the 
amount of data recorded among the cattle is enormous nowadays and manageable 
through ML techniques.  

Amaechi (2020) improves climate prediction through a model that uses rules based 
on the knowledge of experts [48]. The rules have been included in enormous data sets in 
the data pre-processing. 
4.4.2. Variety 

In Dutta (2015), they created a database of terrain characteristics based on expert 
knowledge in the domain, which is generally undocumented information [32]. They used 
the knowledge of the domain to offer direction to ML. Domain-guided extraction using 
ML is called semantic extraction, which is why it produced a base of semantic features. 
The base of meta-features and the base of semantic features were integrated to form a 
space of enriched features, which was a more significant representation of the hetero-
genous data. 
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Tombe (2020) created a crop image characterization scheme that is applied to deter-
mine the health status of the crop [56]. Conversely, Rehman (2020) uses heterogenous data 
such as text, web data and CSV among others, and from this extracts the information 
needed to construct a set of agriculture rules to provide recommendations [34]. Sitokon-
stantinou (2019) also uses a set of rules but based on the farmers’ expert knowledge [54].  

Fenu (2019) implements a module to load data automatically for each crop, a module 
to load data manually for each crop (used by the farmers during the monitoring survey), 
and a module to integrate prognosis models [52]. Saldana (2019) manually classified data 
into six classes of land cover: impermeable surfaces, buildings, low vegetation, trees, au-
tomobiles and background [62]. Then, they divided the images into square patches of 256 
x 256 x 3 with no overlapping, collecting data from 20,102 images. In Vasumathi (2019) 
they collect data to fit the quality of the satellite images to analyze plant growth [57]. They 
achieve contrast stretching or normalization to then perform a noise filtering process. In 
this process, the pixels in the image show different intensity values instead of real pixel 
values obtained from the image.  

Sathiaraj (2018) uses data from a data set for climatic extreme indices, and data from 
a National Evaluation of the Climate document published in 2014. The collected data are 
compared daily with a table of climatic thresholds defined to consider the annual fre-
quency of days that exceeded or fell below a certain threshold. This was carried out for 
each climate measurement site. This threshold-based data set provides a representation of 
the climatic extremes at each site and is a resource of useful application to group sites that 
experience similar trends and climatic extremes [47]. 

Ryan (2018) uses data from the herbicide resistance testing service at Charles Sturt 
University, New South Wales, Australia from 2001 to 2015, and data from agricultural 
surveys applied in several counties registered in the Australian Bureau of Statistics (Aus-
tralian Bureau of Statistics, 2015) [50]. The first data set consists of annual samples of 
ryegrass received for herbicide resistance tests on farms all over southern Australia. The 
locations of the samples were determined by the postal codes of the regions.  

In Priya (2020), they use data from such factors as climate conditions, soil type and 
quality, the variety of the crop and its quality as well as some of the dangerous conditions 
of plagues, weeds and crop diseases [38]. The author indicates that it is possible to think 
of agriculture as a significant biological ecosystem, where crops are entities that interact 
with several bodies in the ecosystem. In addition, none of these entities is fixed and varies 
dynamically, which implies that to fully understand the agricultural ecosystem, it is nec-
essary to understand the various entities [38]. On the other hand, the author notes that the 
information compiled is accurate and verified by experts; therefore, when the data are 
used to develop ML algorithms, the algorithm is more reliable and provides transparency 
for the development. Once again, the hardware for data collection differs from one organ-
ization to another, so the collected data can be in different formats and the results can vary 
[38]. This is a constant challenge. 
4.4.3. Velocity 

Of the papers selected, few describe challenges due to the speed with which data 
must be collected or processed and then visualized. MapReduce is a type of technology 
used in Big Data to gain greater processing speed with large volumes of data [37]. In Vasu-
mathi (2019), they use the MapReduce algorithm to subdivide the data so that the request 
is only inspected in the explicit partition, which increased the efficiency and the recovery 
time of the query [57]. In Saggi (2019), they use MapReduce in the H2O system to obtain 
more data fragments than the CPU cores [49]. 
4.4.4. Veracity 

In Tarik (2020), they had to perform a pre-processing of the data because the real data 
were often incomplete (lost values, simplified data), noisy (errors and exceptions) and in-
consistent (names, coding) [35]. This caused problems in the implementation of the Big 
Data system. Conversely, Ferreira (2019) reduced the land space as an alternative in order 
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to reduce the number of comparisons to be assessed among the attributes of pairs of farms. 
To verify the data, they had to compare several approaches based on the edition, the Le-
venshtein and Jaro-Winkler metrics as well as determinist, stochastic and ML approaches 
to classify the pairs of farms as coincident or noncoincident [51]. The authors point out 
that they store pairs of similar farms, verifying the values of each approach. In Donzia 
(2020), the performance of the ML module was improved by using an automatic controller 
for data stored continuously in HDFS [41]. 

Saldana (2019) prepared the training data for the first CNN model, dividing the orig-
inal aerial images in square patches with a predefined resolution [62]. This led them to 
increase the sample of training data. They used techniques to increase data that had to be 
verified to improve the data quality. On the other hand, in Vasumathi (2019) they adjusted 
the quality of the satellite images to analyze plant growth. The adjustment was due to 
insufficient quality [57]. They carried out a contrast stretching or normalization process 
and another process of noise filtering of the pixels with different intensity values to obtain 
real values of the pixels obtained from the image. In Yahata (2017), they use data from 
photos of flowering plants to count them and examine the growth [43]. The problem is 
verifying the data when the flower is very close to another one, since the incorrect coinci-
dences must be reduced. The authors use a robot to improve the accuracy of the flower 
pairing. Sitokonstantinou (2019) developed a framework for updating images of the plots 
to validate the land cover data through ML algorithms. With the validated data, detailed 
maps of land cover at plot level were created that can distinguish between rice crops and 
other types of crops [54]. 
4.4.4. Analysis with ML 

Dutta (2015) investigated how to perform tasks of learning, inference and prediction 
with Linked Open Data [32]. Experts in the agricultural field and farmers were able to 
potentially define the complete space of features needed to optimize the harvest. Often, 
that could be in a casual format or unstructured knowledge that renders it inaccessible 
from the point of view of the system. The authors used four rule builders to formulate 
these relations: fuzzy rule builder, conditional probabilistic rule builder, order logic rule 
builder, and a threshold-based event rule builder (where the threshold of a few environ-
mental variables, defined directly by the farmers together with an event that led to making 
an unusual decision). Based on the specific rule of the domain or the relationship struc-
ture, an ontology translator was created for automatic reasoning from the dynamic time 
series data from the environmental sensors and the networks of sensors. A task of this 
translator was to convert the knowledge of the domain into a format that could be used 
in the functional block called “Semantic signal translator”. Taking this challenge, the sys-
tem can analyze large volumes of environmental data using ML approaches [32]. 

Tombe (2020) proposed a computer viewing technique for crop image characteriza-
tion applied to determine the health status of the crop [56]. With these data a deep convo-
lutional neural network can be used to extract and represent features of the image, and 
then these features are fed into the support-vector machine for training and subsequent 
image interpretation. Gumma (2020) employed a similar process with crop images to use 
multiple decision trees to assign classification labels and to reduce overfitting; in addition, 
each tree is created from a sub-section of training data [53]. Given that the RF classification 
is a supervised pixel-based classifier, precise reference data without clouds are needed 
with high-quality raster input. 

Amani (2020) uses satellite images to analyze the type of crops on the plots. The ob-
ject-based image analysis could improve the classification of the type of crop compared to 
pixel-based methods. For this, the authors apply the Simple Non-Iterative Clustering 
(SNIC) algorithm to segment the layered mosaic image [46]. SNIC is an improved version 
of the Simple Linear Iterative Clustering (SLIC) segmentation algorithm that benefits from 
a noniterative procedure and applies the connectivity rule from the initial stage. From this 
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it was possible to use algorithms of deep learning ANN for the classifications of crop 
types. 

Shelestov (2020) needed to process data and configure computer resources for the 
use of state-of-the-art classification approaches. In order to solve these problems, they de-
veloped an automated crop classification work flow based on ML techniques [39].  

Wang (2019) uses the decision tree algorithm to analyze pear tree demand. The au-
thors had to predetermine the standard demand for the growth of the pear tree. Each layer 
of the algorithm is a data comparison process in real time with this standard [58]. The goal 
is to combine ML with a Big Data platform to extract data features and data values in a 
short time. The results of this layer are presented to the farm administrator via the data 
application layer. 

In Ferreira (2019), “farm pairing” is done in a scenario with a large amount of live-
stock data. They compared the performance of twelve automated pairing methods in a 
different way [51]. They used unsupervised ML approaches (k-meansclustering – KC and 
baggedclustering– BC) and seven supervised ML approaches (recursive partition trees - 
RPT, boosted decision trees - BDT, bootstrap classification trees based on BCT, stochastic 
boosting - SB, support-vector machines SVM, neural networks NN and logistic regression 
LR). For the probabilistic and ML approaches, they considered both the Levenshtein met-
ric and the Jaro-Winkler similarity criteria. The authors conclude that SVM combined with 
the Levenshtein metric produced the best results of all the approaches, with almost perfect 
precision, sensitivity and specificity along with very high accuracy.  

Saggi (2019) implemented a multilayer deep learning model, considering multiple 
hidden layers and a rectified linear active function [49]. The model was trained with sto-
chastic gradient descent by means of back-propagation. On the other hand, Pandya (2020) 
use series prediction methods such as autoregression (AR), autoregressive integrated 
moving average (ARIMA), and vector autoregression (VAR), since they faced the chal-
lenge of the time interval concept in the transmission data, i.e., the properties of the trans-
mission can change over time [59]. Another challenge was the efficiency of the system to 
update the ML models based on these algorithms to address the time interval of the con-
cept. The authors proposed a novel framework to address both challenges. 

Abbona (2020) used a more frequent set of variables that were encapsulated in the 
models constructed by Genetic Programming to investigate their zoological meaning in 
calf production, evaluating the performance of the prediction models [45]. The authors 
note that the method worked well, which implies that the ML horizon must be investi-
gated further and that comparisons with other techniques must be made, even in larger 
data sets that contain more features. Evolutionary algorithms can be applied to zootech-
nical data, obtaining performance models capable of learning the available data. 

Amaechi (2020) use a model designed by the authors to improve the convolutional 
network approach they propose. The authors achieve a high level of weather forecast ac-
curacy compared to the alternative methods tested [48]. Table 2 presents the selected pa-
pers and the characteristics of Big Data where they describe challenges. We added a col-
umn where they present challenges to carry out the analysis with ML. 

Table 2. Challenges in Agricultural Big Data and ML. 

Authors Volume Variety Velocity Veracity Analysis with ML 
Dutta (2015) [32]  x   x 

Balducci (2018) [36]    x  
Tombe (2020) [56]  x   x 
Priya (2018) [37]   x   
Doshi (2018) [33]    x  

Shelestov (2020) [39] x    x 
Nóbrega (2018) [44]    x  
Amani (2020) [46] x   x x 

Rehman (2020) [34]  x  x  
Gumma (2020) [53]    x x 
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Gnanasankaran (2020)[40]      
Tarik (2020) [35]    x  
Wang (2019) [58] x x x x x 
Fenu (2019) [52]  x    
Aiken (2019) [51] x   x x 
Ochoa (2019) [62] x x  x  

Sathiaraj (2019) [47]  x    
Vasumathi (2019)[57]  x x x  

Saggi (2019) [49]   x  x 
Ryan (2018) [50]  x    
Yang (2018) [55] x     

Yahata (2017) [43]    x  
Pandya (2020) [59]     x 
Priya (2020) [38]  x    

Abbona (2020) [45] x    x 
Sitokonstantinou (2020)[54]  x   x x 

Donzia (2020) [41]    x  
Choudhary (2020)[42]     x 
Amaechi (2020) [48] x x   x 

Cui (2020)[63] x x    

5. Discussion 
As we have mentioned in this paper, there are several challenges for the proper use 

of ML in Agricultural Big Data. These challenges are due to the intrinsic characteristics of 
Big Data, which are volume, variety, velocity, and veracity. To provide a visual map of 
the ML techniques and challenges faced, we propose a framework composed of 3 main 
sections considering these aspects in the main components of Agricultural Big Data. The 
first section of the framework presents the main challenges. The second section shows the 
main ML techniques used and the context or problem to be solved. The last section shows 
the most used technologies. See details in Figure 14. 

 
Figure 14. Framework - main ML challenges in Agricultural Big Data. 
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In this section, we highlight specific challenges relevant to ML in the context of Ag-
ricultural Big Data. These challenges are then analyzed from the Vs dimensions. Then, we 
provide an overview of how emerging approaches address these challenges. Examples of 
these challenges are unstructured data formats, data input from multiple sources, "noisy" 
and poor quality data, data scalability, scalability of algorithms, unlabelled data, among 
others.  

As shown in figure 14, the most commonly used ML techniques provide the analyses 
necessary for predictions, recommendations, situation determination, and automation. 
These analyses consider techniques like SVR, NN, RF, DT and Naïve Bayes algorithms. A 
big challenge is to cope with a large volume of data. The SVM algorithm has an O(m3) 
training time complexity and space complexity of O(m2), where m is the number of train-
ing samples. An increase in the value of m will drastically affect the time and memory 
required to train this algorithm and may even become computationally infeasible for big-
size datasets [64]. Another challenge considers the RF algorithm. This algorithm must be 
tailored for each specific problem to process the data efficiently [65]. 

Another challenge is the time needed to perform the computations, as this will in-
crease exponentially with increasing data size and may even make the algorithms unusa-
ble for large data sets. Other challenges to consider are class imbalance and bias, which 
will increase as the volume of data increases, causing problems using these algorithms, 
and may become unable to generalize adequately to new data. These challenges are very 
relevant as they are present in the most widely used algorithms. Possible solutions to these 
challenges are using cross-validation and parameter tuning. Figure 15 presents the num-
ber of papers per year that use these algorithms. It is observed that NN, RF, and SVM are 
the preferred ones for the year 2020. On the other hand, Figure 16 represents the relation-
ship of the challenges between ML, the agriculture industry and Big Data, when it needs 
to be implemented. 

 
Figure 15. Main ML techniques used in Agricultural Big Data. 
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Figure 16. relationship of the challenges between ML, the agriculture industry and Big Data 

Another challenge to consider is the variety of data sources (images, videos, sensor 
data, expert data, among others), as a specific format must be available for the whole data 
set. This challenge implies that a data Da coming from a data source DSa must have the 
same format and representation as other Db data from another data source DSb. From a 
technical point of view, it is possible to manage a heterogeneous database with sufficient 
metadata to understand the origin, type of data, processing, and changes carried out. A 
recent technology used to manage the heterogeneous database is the Data Lake [66], [67], 
which allows managing data in different sections; one for raw data, one for semi-pro-
cessed data, and one for fully processed data. This technology allows data traceability to 
be maintained at all times, improving data quality. However, none of the selected papers 
mention the use of this technology. 

On the data processing speed, only two papers mentioned it [57] and [49]. Both au-
thors explain the use of MapReduce to achieve this goal. This aspect is paramount when 
Big Data is implemented as a solution to a problem because it is a fact that a large volume 
of data will be used since the data ingestion process in Big Data is constant [68]. On the 
other hand, it should be considered that Agricultural Big Data is a fully scalable type of 
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system, which makes the data processing complex, potentially slowing down its pro-
cessing speed. An example of the above, if we consider a Big Data system that uses data 
coming only from sensors, then you want to add other sources such as images or videos. 
From the above, new needs, restrictions and decision-making may appear.   

MapReduce has been used to increase data processing speed, also been used to adapt 
ML algorithms in a different way than the traditional one [69]. Besides, it is possible to 
split the original data set into subsets and then combine the partial solutions. However, 
data distribution operations can adversely affect unbalanced data sets. Among the effects 
is the performance when classifying unbalanced data sets, which may even face the prob-
lem of a small sample size, which can be amplified as the original data is distributed on 
different machines [65]. According to the same author, another effect is the change in the 
data set that occurs when the partitions of the training and test set are very different be-
tween them. Then, it is necessary to design new techniques that can generate synthetic 
data that best represent minority class instances when using a MapReduce framework 
[65]. 

A common assumption of ML is that algorithms can learn better with more data and, 
consequently, provide more accurate results. However, massive data sets impose several 
challenges because traditional algorithms were not designed to meet such requirements. 
For example, several ML algorithms were designed for smaller data sets, assuming that 
the entire data set can fit in memory [64]. Another assumption is that the whole data set 
is available for processing at training time. Big Data breaks these assumptions, rendering 
traditional algorithms unusable or largely impeding their performance [64]. The same au-
thor mentions the existence of ML adaptations, such as deep and online learning, to over-
come the challenges of ML with Big Data [10]. However, we have identified a budding 
use of such algorithms in the selected papers. 

Regarding the technologies used in Agricultural Big Data and ML, the most used 
were Hadoop, HDFS, Apache Spark, and Cloud Computing. Hadoop is mainly used to 
batch process the data and, therefore, the data must be stored in a large repository [70]. 
Cloud computing is a good solution for storage and processing because satellite data is 
already available there [46]. Apache Spark is used when streaming data processing is re-
quired, and therefore data reading is constant [59].  

In Agricultural Big Data, a combination of technologies is required since data from 
experts, videos and satellite images will be batch processed. On the other hand, data from 
social networks and sensors will be processed by streaming. For the case of Cloud tech-
nologies, there are several tools for the use of ML, Microsoft Azure Machine Learning, 
which is now part of Cortana Intelligence Suite; Google Cloud Machine Learning Plat-
form; Amazon Machine Learning; and IBM Watson Analytics [71]. These services are of-
fered by established providers, offering not only scalability but also integration with other 
services and platforms.  

From our point of view, the most relevant challenge to consider is the design of Big 
Data architecture since they must be flexible and highly scalable, considering the architec-
ture design is a complex task [25]. Other challenges are understanding of statistical char-
acteristics of the data before applying algorithms and the ability to work with larger data 
sets [72]. In addition, specific knowledge is required for certain problems in agriculture 
such as increased production, quality improvement, and climate change, among others. 
However, it is important to note that none of the selected papers includes this last aspect 
as a problem to be faced. According to L'heureux (2017), as data size increases, the perfor-
mance of algorithms becomes even more dependent on the architecture used [64]. Then, 
data size increasing makes it necessary to rethink the concept of architecture used to im-
plement and develop algorithms that manage data. 

6. Conclusions 
This paper presented an SLR using the PRISMA protocol, selecting thirty articles that 

explain the use of ML in Agricultural Big Data. We analyzed these articles from three 
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different points of view. First, we recorded the solutions and challenges to different agri-
cultural problems. Second, we reviewed the main ML techniques used in Agricultural Big 
Data, as well as its main difficulties and challenges. Finally, we recorded the used tech-
nologies. 

We found 36 ML techniques, considering a total of 80 implementations. Each paper 
implemented more than one ML technique. The most frequently implemented techniques 
were NN, RF, SVM, and DT. Despite the positive results described in the papers, the im-
plementation of these algorithms remains a challenge, as there are constant problems due 
to the increase in data size. These challenges imply adjustments in data classification, the 
difficult task of calculating the number of training samples, difficulties in the classification 
of unbalanced datasets, the efficient application of MapReduce due to the increase in data 
volume, among other aspects to consider.  

The most widely used technologies in Agricultural Big Data and ML were Hadoop, 
HDFS, Apache Spark, and Cloud Computing. Although these technologies can process a 
large volume of heterogeneous data with reasonable speed, it is still a challenge to use ML 
algorithms. According to the nature of the data, some adaptations will be necessary to 
improve the quality of the analyses. A big challenge is the design of Agricultural Big Data 
architectures since the set of technologies will have to be modified as the volume of data 
increases. 
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