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Abstract—Yield optimisation in farming is very crucial for
countries whose agricultural sector plays an important and
significant role in the economy. Better yields could be achieved
if farmers knew what to grow based on their location. In
this study we implement precision agriculture to develop a
crop recommendation system that can help farmers increase
crop yield. We use various machine learning algorithms for
the classification of soil which allows our system to be able
to recommend crops to grow based on the attributes of the
particular soil. The only soil attributes we consider in this study
are: three main soil nutrients, namely, nitrogen, potassium, and
phosphorus; as well as soil pH level. This means that our solution
is more accessible to most farmers and thus would have a greater
impact on the agricultural sector of South Africa, because this
type of soil data is more accessible. Our contribution to the
literature is that we are able to develop a highly accurate crop
recommendation system using a soil attribute data that is more
accessible. We also managed to establish which algorithm is best
suited for the task of soil classification.
Index Terms—Agriculture, Precision agriculture, Crop recommendation, Machine learning, Kernel-based support vector
machines, Random forests, South Africa

I. I NTRODUCTION
Agricultural activity plays an important and significant role in
the economies of most countries, especially in less developed
countries where the contribution of agricultural activity toward
the economy is substantial [1]. Hence, high levels of production in the agricultural sector is of utmost importance for the
economic well-being of most countries and the welfare of their
people. [2] [3] [1]. This is indeed the case for most countries in
Africa including South Africa and it’s neighbouring countries
Besides the need to increase (maximize) productivity, there is
also a variety of factors such as climate change [2], reduction
of farmland due to population growth [4], and globalization
[3] [4] that lead to the need for farmers to adapt by changing
the crops they choose to grow. The greatest challenge for
most farmers and in particular subsistence farmers whose
contribution in the agricultural sector is a significant one, is
being able to decide what to grow and where [5] [4] [6].
In other words, farmers would be more productive if they
knew what types of crops or livestock to grow depending on
their location and its attributes, as well as other environmental
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factors that affect farm productivity. Which would result in the
improvement of the food security of a country and it’s overall
economic well-being.
Our main aim is to come up with a crop recommendation
(CR) system that will help farmers select crops that will
produce the greatest yield for that particular soil type. This
CR system should be able to recommend a crop based only on
the attributes of the soil, which would make it more accessible
to most farmers because of ease of access to such data. An
inaccurate CR system would result in great losses for farmers,
the agricultural sector, and the economy as a whole if the
CR system is adopted by a significant number of farmers.
Therefore, it is crucial that the CR system is highly accurate
to avoid such losses.
Other authors have incorporated more information about the
soil (or land) and other environmental factors that affect crop
growth the development of their CR systems, which yields
higher accuracy than the model we develop. However, this also
makes their models more complicated which makes it difficult
for most farmers to adopt (use) these models. Therefore, our
research aims to develop a CR system that can suggest crops
to farmers using only the soil attributes.
Guided by the literature, we use machine learning algorithms,
including SVM and RF, to develop a CR system with high
accuracy by just considering the three main soil nutrients,
namely, nitrogen, potassium, and phosphorus; as well as soil
pH level. This would mean that farmers would be able to use
the CR system with minimum resources required because this
information is more readily available.
The main contributions of our study to the body of literature
are: a) we develop a high accuracy CR system that is more
accessible to farmers using only soil attributes such as the three
main soil nutrients, namely, nitrogen, potassium, and phosphorus; as well as soil pH level. b) We compare various machine
learning algorithms, including SVM and RF algorithms, to see
which one is best suited for developing a CR system using only
soil attribute data. c) We compare the power of the features
we use in this study with that of other previously used features
to establish which features will yield higher accuracy.
This research report is structured as follows: we begin by
introducing the topic in Section I. In section II we provide

an overview of the literature related to our study. Following
this, we highlight and discuss the methodology and data used
to implement the our research in section III. Then in section
IV we highlight and discuss the results obtained using the
methodology highlighted in III. Section V is the final chapter,
wherein, we summarise the main points and findings discussed
of this study as well as potential future work.
II. R ELATED W ORK
A. Precision Agriculture (PA)
Researchers have over the years attempted to come up with
ways that can assist farmers make better crop choices to
maximize their yield using precision agriculture (PA) [1] [3].
The maximization of farm productivity can be achieved by
implementing PA, which could have a great impact on the
well-being of farmers, the agricultural sector, and the economy
as a whole. PA is a modern farming technique which uses
research data and algorithms to suggest the most appropriate
crop to grow and/or livestock to raise based on parameters that
are specific to the farmer’s location [3] [7] [8].
Many authors have developed various PA models that attempt
to assist farmers in choosing the best crop for their soil based
on the attributes of the soil [3] [7] [8]. The majority of these PA
models that have been developed over the years recommend
crops for particular land based on the attributes of the soil,
and can be referred to as crop recommendation (CR) systems
[9].
B. Recommendation Systems (RSs)
CR systems are part of a broader category of systems called
recommendation systems (RSs), that are used to recommend
items to users. RSs are programs that are able to recommend or
suggest the best items to specific users based on the history of
the user, information regarding the items, and the interaction
between the user and items [9]. Such systems use a variety
of data processing methods to analyze the user’s history and
similar users’ behaviour to be able to predict the interest of
the user.
There are three categories of RSs, namely, content-based,
collaborative filtering, and hybrid; CR systems belong to
the content-based category of recommendation systems. RS
that are content based suffer from the problem of new user
cold-start. What this entails for CR systems is that they are
unable to recommend a crop if the crop characteristics are
not available [9]. Various authors have attempted to remedy
this problem in order to yield better accuracy [10] [11] [12]
[13]. They use opinion mining methods as well as neural
networks to circumvent the cold-start problem associated with
content-based RS. For our future work we will consider using
similar methods for our CR system to circumvent the cold-start
problem.
RSs play a major role in multiple areas of application such
as e-commerce wherein items that could be interesting to the
target user are recommended. Perhaps one of the most important areas of application of RSs is in PA for the development
of CR systems [9].

C. Crop Recommendation (CR) Systems
The development of a crop recommendation system at any
level requires information and knowledge about the crops and
the soil in which crops are grown as well as other environmental factors which affect crop growth such as temperature,
precipitation and humidity [1] [9] [7] [3]. The soil attributes
that can be considered are the soil nutrients, soil pH level and
soil colour, to name a few [7] [3] [14] [8] [6]. When it comes
to the sample of crops to be used, we can choose the crops
that are most dominant in the location being studied [7] [3]
[14].
Some CR systems are machine learning based models [3] [15]
[16] [7], some are probabilistic models [2], others are based on
artificial intelligence [8], and so on. The most prevalent models
amongst these are machine learning based models, which use
machine learning algorithms to solve the classification task at
hand, namely, soil classification.
The scientific field that gives learning ability to machines
without the need for strict programming is referred to as
machine learning [17]. Machine learning based models are
preferred for the development of CR systems because they
provide the best (most accurate) soil classification regardless
of the performance measures that are used to evaluate the
performance of algorithms [14].
[16] use naive Bayes (NB) and k-nearest neighbours (KNN)
for soil classification which allows them to predict crop yield
using the data that is available. They also suggest that classification algorithms like support vector machines can be used to
create models that are more efficient. This was confirmed by
[15] who use kernel based support vector machines (SVM) to
develop their CR system and report an accuracy of 94.95%.
However, [3] found that random forests (RF) based models
performed better than their SVM counterparts when it comes
to soil classification. They report an accuracy of 75.73% and
86.35% for SVM and RF, respectively.
D. Evaluation Criteria
Various evaluation parameters are used to rank the accuracy
of the models and how effective they are. These performance measures can be categorized into two broad categories,
namely, offline and online assessment [9]. Offline assessment
uses offline data to assess the recommendation method’s
efficiency and reliability whereas online assessment uses realtime data for this purpose [9].
Examples of offline performance measures for the evaluation
of CR systems include: standard deviation, standard error, root
mean square error (RMSE), mean square error (MSE), recall
and precision, cross-validation tests, and train-test analysis [9].
Conversion rate, A/B testing, and click-through rate (CTR) are
examples of online performance measures [9].
For the purposes of this study, we will focus only on offline
methods of model evaluation since offline data is more readily
available than real-time data. Using this approach instead of
the alternative should not have any significant impact on the
results we obtain, and thus, our conclusions are not affected
by the evaluation criteria we choose.

In this chapter we have gathered that we can be able to
help farmers increase their productivity by implementing PA
[1] [15]. The development of a CR system is one way of
implementing PA that could help crop farmers increase their
productivity [9] [8]. What we also learned from the above
discussion is that information about the soil is the most
important information we will need to develop our CR system.
[18] [19] [20].
We also gathered from the chapter that machine learning
algorithms were better suited for development of a CR system
[21] [22] [9] and that, in particular, the RF algorithm is
best suited for soil classification [3]. This insight was gained
by ranking the models and algorithms based on the various
evaluation parameters that are commonly used in the literature
as discussed above. Another insight we obtained, is that, CR
systems suffer from the cold-start problem of content-based
RSs which can be solved using neural networks and opinion
mining [9].
III. M ETHODOLOGY
The methodology used in this study is similar to that of [3]
and [6]
who use machine learning algorithms for soil classification,
which is the basis of our CR system. [3] suggest that the RF
machine learning algorithm, in particular, is best suited for soil
classification. Following this, we develop our CR system using
RF algorithm as well as other machine learning algorithms
including SVM.
These algorithms are implemented on soil data that includes
information about the nutrients in the soil and the pH level
of the soil. The reason for this is that the development of a
CR system requires information about factors that affect crop
growth, for example, soil attributes. The various offline measures that we use to assess the accuracy and the performance
of our CR system are borrowed from [9]
The rest of the section is structured as follows: in subsection
III-A we discuss the data and features that are required for
the implementation of crop recommendation (CR) systems.
In subsection III-B we discuss the models that are used to
develop the CR system. The performance measures that are
used to evaluate the performance of the developed CR systems
are discussed in subsection III-C.
A. Data and Features
To develop our crop recommendation system we use a crosssectional data-set that was sourced from Kaggle and consists of
soil attributes as well as other environmental factors that affect
crop growth, namely, temperature, humidity, and precipitation.
There are no ethical considerations that we had to undertake
when obtaining the crop and soil data used in this study.
The following soil attributes are included in the dataset: soil
pH, phosphorus, potassium, nitrogen, and magnesium. Soil pH
(level of acidity or alkalinity) is also included in the data-set
because it affects the availability of nutrients in the soil. It is
a master variable which can affect the level of exchangeable

aluminium in the soil and also activity of micro- organisms
present in the soil.
Temperature, humidity, and precipitation were found to have
the greatest power for crop recommendation and models that
include these features yield higher accuracy. However, this
also makes the model more complicated and less accessible
to farmers. As a results we do not use these features in this
research which means that our model can be adopted most
farmers. We also exclude magnesium since it does not have a
great impact on plant growth for plants grown here in South
Africa. Thus, for our final dataset we only remain with the
soil pH as well as the three main soil nutrients.
In Table I below, we provide the definition or descriptions of
the features (soil attributes) we use for our proposed research.
Most of these attributes are described in terms of the role
they play in overall crop growth in order to highlight their
importance in our research.
Variable
1. Nitrogen (N)
2. Phosphorus (P)
3. Potassium (K)
4. pH level (pH)

Definition or descriptions
The atomic element that is responsible
for photosynthesis in the plant.
The atomic element that plays a major
role in a crop to store and transfer
energy for growth of the crop.
The atomic element that is required for
reproduction of crops.
The level of alkalinity or acidity.

Table I: Definition or descriptions of the features
Our crop selection criteria is based on crops that are important in the location of study, namely, South Africa. The
crops included in the original crop data are maize, rice,
banana, mango, grapes, watermelon, apple, orange, papaya,
coconut, cotton, jute, coffee, muskmelon, lentil, black-gram,
kidney beans, pigeon beans, mung beans, moth beans, and
pomegranate. Therefore, we select the following crops from
the original crop data: maize, kidney beans, banana, mango,
grapes, watermelon, apple, orange, papaya, and cotton. These
crops are the ones that are commonly grown in South African
and have the greatest contribution to the agricultural sector.
B. Machine Learning Algorithms
In the subsections below, we provide a brief overview of
SVM and RF. We focus mainly on SVM and RF because the
literature suggests that they are the best performing algorithms
when it comes to soil classification [3] [15]. From our results
we see that between these two algorithms, RF outperforms
SVM when it comes to soil classification. Other algorithms
that have been used in the literature include K-NN, K-Star,
and NB to name a few. In this study we will compare the
performances of some of these algorithms to establish which
ones are best suited for soil classification. We also can see from
our results that there exist other machine learning algorithms
that perform better than those suggested by the literature which
contradicts the finding suggested by the literature mentioned
above.
a) SVM: SVM uses a set of hyper-planes or a single
hyper-plane for different errands, relapse, or characterisation.

RMSE
0.1044
0.2731
0.1335
0.1037
0.1028

MAE
0.0197
0.1605
0.0198
0.024
0.0213

RAE
10.9522 %
89.1778 %
10.989 %
13.309 %
11.8521 %

Table II: Evaluation of the RF and SVM models

which is significantly greater than the 88.6% accuracy of SVM
algorithm.
However, it is very close to the 91.1% accuracy of RF
algorithm which means that we can conclude that the RF algorithm performs just as well as the best performing algorithm.
Therefore, RF algorithm is well suited for soil classification as
suggested by the literature, and as such we can use it for the
development of our CR system. Using precision and recall as
our evaluation criteria we can see that the RF algorithm has
a recall of 0.911 and a precision value of 0.911. On the other
hand, SVM has a recall value of 0.884 and a precision value
of 0.886.
The general theme across all evaluation parameters including RMSE and MAE is that RF based models yield more
favourable results compared to their SVM counterparts. In
particular, when using RAE as the evaluation parameter, we
see that the RF model (RAE value of 10.9522%) outperforms
the SVM model (RAE value of 89.1778%) by a significant
margin.
From the two confusion matrices above (i.e Figure 2 and
Figure 1) we can see that the RF based model yields an
accuracy of 91.1% whereas the SVM based model yields an
accuracy of 88.4%. Our results are in agreement with those of
[3] who found that RF models are better than SVM models
when it comes to soil classification.

Figure 1: Support vector machines (SVM) - 88.4% Accuracy,
Correctly identified 884/1000 labels
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IV. R ESULTS AND D ISCUSSION
In this section we highlight analyse discuss the results we
obtained using the methodology and data discussed in the
preceding section. Table II shows the results of RF and SVM
based CR systems using the 10-fold cross-validation test. We
have included the results of other machine learning algorithms
for comparison purposes, and we can see that neither the
SVM algorithm nor the RF algorithm are the best algorithm
for soil classification. The best performing machine learning
algorithm is the K-Star algorithm whose accuracy is 91.3%,

Recall
0.911
0.884
0.910
0.913
0.906

c = Banana

In the subsections below, we provide a quick overview of some
of the online evaluation parameters that were mentioned earlier
(section II). See [9] for the definitions of RMSE, MAE, and
RAE.
a) Train-test analysis: When it comes to train-test analysis the data is split into data for training and data for testing
which are used separately. The training data (data used for
training the model) will usually consist of between 70% and
80% of the original data. The testing data is used for model
evaluation and would consist of the remaining 20% to 30%
of the original data [9]. For this study we use 70% of the
original data as our training data and use the remaining 30%
for testing purposes.
b) Cross-validation tests: Cross validation tests can be
thought of as an n-folds repetition of train-test analysis because
the same process of splitting data into train and test data that is
used in train-test analysis is repeated n-times. At each fold the
accuracy of the is assessed for all the folding models and these
accuracies are ultimately used to determine the final accuracy
of the model [9]. In this study we use 10-fold cross validation.
c) Recall and precision: Precision and recall are the
other measures of accuracy that are widely used to evaluate
the accuracy of crop recommendation systems by identifying
the number of labels that are classified correctly compared to
the actual class. The proportion of important labels that are in
the top-k set is known as precision at k (nearest neighbours).
The percentage of important labels that are in the list of
recommendations out of total important labels is the recall
at k [9].

Precision
0.911
0.886
0.910
0.913
0.906

b = Kidney beans

C. Evaluation Parameters

Variable
1. RF model
2. SVM model
3. K-NN model
4. K-Star model
5. NB model

a = Maize

These hyper-planes are developed in boundless or high dimension space. SVM calculation stays away from over-fitting
by having a regularisation parameter. It also uses portion traps
which allows us to develop master learning regarding the issue
[3].
b) RF: The RF algorithm belongs in the category of
supervised machine learning algorithms and can be used for
classification and regression problems. This algorithm is based
on ensemble learning and one of its advantages is that it has
multiple trees and a subset of the data is used for each tree
which makes it unbiased. The advantage of RF algorithm is
that the introduction of a new data point in the data-set does
not affect the overall algorithm which makes it stable [3].
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Figure 2: Random forest (RF) - 91.1% Accuracy, Correctly
identified 911/1000 labels
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The soil attributes that we considered were the three main
soil nutrients, namely, nitrogen, phosphorus, and potassium,
as well as the soil pH level. Choosing to only consider these
four soil attributes whose data is more readily available and
inexpensive to attain, allows our system to be more accessible
to most farmers. Therefore, our developed CR system would
have a greater impact on the farming industry, the agricultural
sector, and hence, the economy as a whole. This is especially
the case for South Africa and other countries similar to it,
whose agricultural sector plays a major role in the economy.
The crop recommendation system developed in this study
can be adopted by farms of all sizes across South Africa
because it is easily accessible and not resource intensive, and
if widely adopted, this system would have a great impact on
the economic output of the agricultural sector.
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V. C ONCLUSION
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algorithm works best for soil classification which is the basis
of our CR system. Our final system uses RF algorithm and
yields an accuracy of 91.1 % as shown in the discussion of
our results.
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