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Summary 

Since the population is continuously increasing, by 2050 the global population 

will reach 9.7 billion people [1]. The production of the food to supply this huge amount 

of the population has become a big challenge for modern agriculture, it is necessary to 

find a faster and more efficient way for food production. Therefore, new technologies 

are being applied in farming constructing a new era of smart farming, and Decision 

Support System (DSS) is one of the most important components. 

In this thesis, an approach of implementing a DSS is presented and the topic is 

focused on crop management. And more specifically, rice is the crop under study and 

dataset from Chinese National Germplasm Repository is used [2].  

Different technologies are involved in implementing the DSS such as Big Data, 

machine learning or cloud platform. Kafka streaming system is used as a messaging 

system to send rice examples through a direct stream connection established between 

Spark and Kafka; The use of Spark streaming tool enables the data processing in a 

distributed way; Different machine learning algorithms are trained in order to classify 

the rice quality of the examples and the prediction will be done in real-time in Spark; 

And the cloud platform used is Onesait, where final processed data is stored and 

dashboard visualization is fulfilled. 
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1.1. Introduction 

According to [1], the global population increase will reach 9.7 billion people by 

2050, it will be a big challenge for modern agriculture to supply this huge amount of 

population and this means almost 50% more production of food. As the consumption of 

food is growing in a rapid way and the area under cultivation is limited, it needs a 

solution to produce food in a more efficient way. 

Nowadays, a hot topic in agriculture is smart farming. Smart farming consists in 

using new technologies applied in farming in order to obtain higher benefits for the 

products. In smart farming such a varied technology is used, there are hardware and 

software that enables IoT solutions, sensors are used for measuring parameters such 

as temperature or humidity, different sort of communication protocols are applied, and 

data analytics is widely used. 

In data analytics, one important component is the Decision Support System 

(DSS). DSS can manage the entire farming system in order to provide a more efficient 

and productive way of farming. Moreover, it will help farmers to take decisions faster 

when critical situations happen. An example of using DSS in agriculture is the 

implementation of a fully automated irrigation system [3] to reduce the waste of water. 

For all these reasons, the present thesis will focus in developing a decision-

making support mechanism in the context of smart farming. 

1.2. Motivation 

The agricultural production is influenced not only by natural factors but also 

other external factors. There is an economic factor, for example, the price of different 

elements involved such as seed, grain, fertilizer or manpower are intimately related 

with the production. There is also a social factor such as the government support, 

scientific innovations in agriculture or the consumption of rice around the world. 

Therefore, a DSS is useful to integrate different factors that influence the crop, allowing 

farmers to evaluate these parameters and make more easily and faster any decision. 

The main areas under study in smart farming are crop management, livestock 

management, water management and soil management [4]. Crop management can be 

divided in areas such as yield prediction, disease detection, weed detection, crop 

quality detection and species recognition. And livestock management problems can be 
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sorted as animal welfare and livestock production. In this thesis, the area under study 

will be the crop management. 

Machine learning technologies are already applied in different sectors among 

the world such as medicine, business, robotics, climatology or food security. In smart 

farming, the most used machine learning algorithms for each subcategory are 

presented in the Figure 1. Resulting the neural networks and support vector machines 

the most famous algorithms. 

The crop quality subcategory will be the category under study in this thesis. An 

accurate detection and prediction of the crop quality will affect not only to the rise of the 

product price but also to the usage of resource in cropping. 

 

Figure 1. Machine learning algorithms used for smart farming [4]. 

1.3. State of the art 

A case study is rice production in China. In [5], support vector machine-based 

crop model (SBOCM) is built on soil datasets, datasets from weather stations and 

agricultural stations. Resulting in a model that is able to predict regional outputs of rice 

development stage and yield production.  
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In [6], chemical components of Brazil’s rice are studied with the purpose to 

classify the geographical origin of rice instances. F-score is used to measure the 

relative importance of each feature and different algorithms such as random forest, 

support vector machine (SVM) and multilayer perceptron (MLP) are implemented 

reaching a 93.83% of accuracy. 

Moreover, there are works based on imaging to detect and predict results. Yu 

Jiang and Changying Li propose a system based on hyperspectral imaging that is able 

to detect and discriminate foreign matters from cotton lint to obtain cotton with better 

quality [7]. Haijiang Hu et al developed a non-invasive tool based on hyperspectral 

imaging to classify pears. What’s more, the classification model combines successive 

projections algorithm (SPA) with SVM, obtaining remarkable results with 96.7% of 

accuracy [8]. 

As shown in the above researches, most of them try to identify some 

parameters of the crop such as quality, yield production or growth stage, and they have 

a strong economic impact behind. Machine learning is widely applied in the agriculture 

field and the results obtained are excellent. Therefore, the present thesis’ idea is to 

construct a DSS based on machine learning models.  

1.4. Objectives 

Within a smart farming context, IoT technologies are applied in this thesis. And 

more precisely, technologies such as machine learning, big data techniques and cloud 

are used. 

In this thesis, the decision-making mechanism is focused in developing a 

machine learning algorithm applied to crop management with the purpose to predict 

quality of the rice in real-time and using big data techniques and cloud platform to 

manage the storage, the delivery and representation of the data.  

The main objectives are listed below: 

- Study different machine learning algorithms and construct a prediction 

model for rice quality. 

- Real-time streaming performance using big data techniques with prediction 

algorithms. 

- Graphical representation in cloud platform for the analysis of data. 
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1.5. Outline 

This thesis is divided into 6 chapters including the introduction as follows: 

Chapter 1: The first chapter is an introduction to the DSS in smart farming, the 

motivation, the current usage of machine learning in this field, the objectives and the 

outline. 

Chapter 2: The second chapter gathers the theoretical part concerning the 

basics of machine learning and the parameters for measuring the model performance. 

The experiments of different algorithms are shown as well. 

Chapter 3: The third chapter describes the rice properties in detail going 

through the different stages of growth and diverse parameters that influence the rice 

quality. 

Chapter 4: The fourth chapter concerns the implementation of the whole 

system with a decision support approach. The implementation part is covered starting 

from the system architecture, where it is defined the data source and the design of the 

communication system for the sensors. Afterward, the implementation of a real-time 

prediction of the rice quality will be detailed using Kafka as data distributed system, 

Spark for big data analysis and cloud for storage and visualization. 

Chapter 5: The fifth chapter covers the main conclusions of the present thesis 

and some lines of future work are shown. 

Chapter 6: The last chapter contains the information about the budget for this 

project. 
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2 Machine 

learning algorithms 

for DSS 
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In this chapter, the basics of machine learning algorithms are explained. The 

different types of machine learning algorithms and the metrics used for evaluating their 

behavior are shown. 

Machine learning could be basically resumed as learning the best function that 

tries to map the input variables to the outputs. Nevertheless, to find this best mapping 

function or target function is a difficult task, as there could appear errors that are 

independent of the dataset.  

Machine learning algorithms can be organized into three types depending on 

the way they learn. 

- Supervised learning: This is the classical method for machine learning, 

providing the labeled input and output pairs to the machine learning model and 

consequently train the model and predict new examples. It is similar to a 

teacher supervising during the learning process. Moreover, supervised learning 

can be grouped into the next types depending on the problem to solve. 

• Regression: When the problem to solve has a continuous output with

real value, such as the weight of a person.

• Classification: When the problem to solve has a discrete output of

categories or groups. A typical classification problem is to determine

whether an email is a spam or not spam.

- Unsupervised learning: Is the method that doesn’t use any label to train the 

model, the model itself tries to identify the underlying structure or distribution of 

the input instances without any help of labels. However, this method could 

provide different results to the expected ones. And they are mainly used for the 

next purposes. 

• Clustering: When the problem to solve consists in grouping instances

into classes that have similar properties. For example, a clustering

problem could be grouping customers depending on the products they

buy.

• Association: When the problem to solve consists in discovering rules in

the variables of a large dataset. For example, when customers buy

onions and potatoes, they probably tend to buy burger meat as well to

make a hamburger.
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- Reinforcement learning: The model is trained based on the reward or 

punishment feedbacks from the environment, and the goal is to learn the most 

suitable action in each particular situation. Alpha Go is one of the most famous 

examples of reinforcement learning. 

As the problem to solve in this thesis consists in classifying the rice qualities of 

each input rice instance, the machine learning algorithms used will be supervised ones 

and some algorithms under study will be shown further on.  

Depending on the behavior of the model with respect to the input parameters, 

all machine learning algorithms can be classified into the following 2 types of 

algorithms: 

- Parametric: This kind of algorithm simplifies the mapping function of the 

models to a known structure and the number of coefficients is fixed. These 

algorithms are simpler, faster and it requires fewer input data for training, but it 

is more constrained. Linear models such as linear regression or linear support 

vector machine are examples of parametric algorithms. 

- Nonparametric: This kind of algorithms are more complex in their structure and 

its complexity could increase while the amount of data rises. Moreover, these 

algorithms don’t make strong assumptions, is capable of processing a big 

amount of data, is slower but more powerful. Popular nonparametric algorithms 

are neural networks, K-nearest neighbor and support vector machines. 

Another important element to take into account is the metrics of errors, which 

provides a tool to understand better the performance of the algorithms and they are: 

- Irreducible error: As the name indicates, this error cannot be reduced no 

matter how good the algorithm is used for training. This error may be caused by 

unknown attributes that influence the mapping function. 

- Bias error: Bias is the difference between the predicted data and the correct 

data. Models with a high bias make weak assumptions to training data, 

construct a simple target function and always have bad results either on training 

data or testing data. In this case, the target function is underfitted. 

- Variance error: Variance is the deviation of the prediction for new instances 

different from the trained ones. If the mapping function has an ideal match it 

shouldn’t change too much from the training dataset to another dataset. High 
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variance means that the performance is poor for unseen data and the difference 

between the errors on training data and testing data is high. In this situation, the 

target function is overfitted. 

The bias and variance are closely related, the increase of one of them will affect 

the other as a decrease and vice versa. Hence, one of the tasks in training machine 

learning models is too balance the bias and the variance to reach the lowest value 

possible in order to achieve good results.  

The library used for training the dataset is scikit-learn, an open source library for 

machine learning supported in different languages such as Python, C, C++ and 

Cython. This library is one of the most popular ML libraries and it provides a powerful 

source of supervised and unsupervised learning algorithms. 

2.1. Data Preprocessing 

Before starting to implement the whole system, it is necessary to define the data 

source used for processing. The dataset is one of the essential elements to start 

training the machine learning algorithms. Fortunately, a dataset concerning various 

parameters of rice provided by Chinese National Germplasm Repository is found [2].  

The first phase of data filtering is necessary before starting the training phase of 

machine learning. In this data filtering phase, some operations are executed in order to 

prepare a more suitable input source for the training models and in this way achieve 

higher accuracy for the predicted results [9]. 

- Data scaling: Categorical data are converted to numerical values and 

numerical values are normalized to a certain range scale. In some algorithms 

large numerical values might cause computation issues and this scaling of data 

will increase the performance of some algorithms. 

- Addressing missing or unrecognized data: The problem of the selected 

dataset is that many of the features are Chinese characters and certain feature 

cells are missing. Those instances that contain missing values are replaced to a 

large negative value to isolate the computation error. Chinese characters are 

translated to ASCII characters and valuable attributes are converted from 

categorical values into numerical values. 
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- Reducing input attributes: The selection of the features is one of the most 

important and hard tasks of the training process.  

The selected dataset contains 80 features of different kinds of rice and more 

than 50,000 rice examples are recollected from different agricultural centers 

distributed along China. 

Finally, the features subjected to the training of the machine learning model are 

described in the Table 1. The features are reduced from 80 to 36, and they can 

be classified into groups such as: 

• Date about the stages that the rice has been through (sowing, spike, mature 

and whole growth period). 

• Metrics regarding the plant such as the height, number of panicles, length of 

the blades, tolerance to dries or salt, percentage or brown rice or polished 

rice. 

• Metrics related to nutrition such as the percentage of chalkiness of the rice, 

the protein, the starch contents and gelatinization status. 

• Metrics concerning to the diseases or plagues that the crop may have been 

grown. 

• Other information related to geographical or rice type. 

More information about important attributes is explained in section 3.1. 
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Table 1. Rice features. 

Type Features 

Growth stages Sowing 
date Spike stage Mature period Whole 

growth period 

Metrics 

Plant height Effective panicle 
number Panicle length Grains per 

panicle 
Seed 

setting rate Gran weight Sharp or bend Blade length 

Brown rice 
rate Refined rice rate Drought 

Tolerance 
Salt 

Tolerance 

Nutrition 
Chalk rate Protein Lysine 

Hydrochloride Total starch 

Amylose 
Starch Amylopectin Gelatinization 

Temperature 
Gel 

Consistency 

Diseases & 
Plagues 

Seedling 
Blasts Bacterial Blight Sheath Blight Brown Plant 

Hopper 
Sogatella 
Furcifera Bud Stage   

Geographical Elevation Longitude Latitude  

Rice type Indica 
japonica Period Land or Water  

 

The output labels are the rice qualities of each rice instance and they are 

categorical values with 5 classes (low, low-medium, medium, medium-high and high). 

As the dataset has an unbalanced number of instances for each output label, the 

histogram is shown on Figure 2, where the number of examples of each category is 

illustrated in order. The intermediate classes with fewer instances are removed, so the 

classification problem has resulted in 3 classes which are low, medium and high 

qualities. 
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Figure 2. Rice quality instances. 

On Figure 3, the cheat sheet provided by scikit-learn provides some guide to 

begin training the machine learning models. As the problem to resolve is concerned 

about classification, some of the algorithms proposed are commented in the next 

sections.  

 

Figure 3. Scikit-learn cheat sheet [10]. 
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2.2. K-Nearest Neighbors Algorithm 

K-Nearest Neighbors algorithm is used both for classification purposes as for 

regression problems. KNN differs from other machine learning algorithms that it doesn’t 

learn any model, it just uses the entire historical data to make a prediction for the 

unseen data. This prediction is based on the similarity of the new entry to the stored 

ones.  

The similarity between the input data and the historical data is based on the 

distances between them. There are many distance metrics, and the most popular one 

is Euclidean distance, calculated as the square root of the sum of the attribute 

differences squared, shown in the equation (1).  

  (1) 

The use of historical data means the storage of all the data and more data 

makes more complex computation. The instances are distributed in a dimensional 

space that the dimension is equal to the number of features, and according to the 

increase of the variables the distances between instances will become greater. For 

these reasons, KNN is more suitable for small amount of input data and features. 

Furthermore, KNN algorithm uses a voting system for prediction based on the 

distance between instances. For classification problems, the model obtains votes for 

the different output labels and the winner will be the predicted data. The selection of 

the number of votes depends on the number of the output classes, selecting an even 

number of votes for an odd number of classes and an odd number of votes for even 

number of classes could avoid draw situations. Next, it’s an example of KNN 

classification in Figure 4 where 3 classes are classified using 15 votes. 
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Figure 4. KNN 3 class classification [11]. 

2.3. Support Vector Machine 

Support vector machine (SVM) is a supervised algorithm that can be used for 

both classification and regression problems. Although, it is used more for classification 

objectives. SVM is one of the most used algorithms for crop quality problems and 

seems to use less computational power and gets good results.  

SVM algorithms’ purpose is to find a decision boundary called hyperplane that 

can classify the data points. This hyperplane’s dimension depends on the dimension of 

the number of features, for example, if there are only 2 features the hyperplane is a 

line. The support vectors are the most critical instances that are closest to the 

hyperplane and the SVM’s objective is to maximize the margin from the hyperplane to 

the support vectors. 

Kernels are a set of defined mathematical functions and the use of kernels in 

SVM enhances the classification capability of this algorithm in finding the mapping 

function and extends the dimension of the features to a higher dimension using an 

inner product of any two instances. Some of the kernels that SVM supports are listed 

below: 

- Radial basis function (rbf): It’s a nonlinear kernel with general purpose, and 

it’s used mainly for situations when there’s no previous knowledge about the 

data. The function is shown in the equation (2), it is an exponential function 

where xi and xj are the instances, and gamma is a parameter to adjust the 

function. 
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    (2) 

- Linear: It is a specific case of radial basis function where gamma has been 

replaced to a sigma variable which is inversely proportional, see equation (3). 

    (3) 

- Polynomial: The kernel is a polynomial function with a certain p grade, see 

equation (4). 

    (4)
 

In  Figure 5, there is a prediction example with a flower dataset using some 

kernels, and the difference between using linear and nonlinear kernels is appreciated. 

 

 Figure 5. SVC classification example [12]. 

The selection of the kernel parameters of the SVC model is another important 

issue to tackle with and the kernel parameters are: 
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- C: It’s a penalty parameter to find the tradeoff between the error and the 

complexity of the model. Moreover, it tunes how smooth are the decision 

boundaries. 

- Gamma (ɣ): Kernel parameter for rbf, polynomial and sigmoid kernels. With a 

higher gamma, more fit is the model to the training set, but it could overfit the 

model if it’s not chosen correctly. 

 

2.4. Neural Network 

Neural network algorithm has emerged as one of the most famous algorithms in 

the last years. It has appeared as an analogy to the biological neurons and each 

neuron has the functionality to provide output according to an input data, like applying 

mathematical functions to input parameters to get a result.  

Neurons form layers and the neurons of adjacent layers are interconnected. 

The layers can be divided into the input layer, hidden layer, and output layer.  

- Input layer: The neurons of the input layer are actually not real neurons as they 

don’t perform any computation, they are just the input variables.  

- Hidden layers: In these layers is where the computation resides, all features 

that come from the input layer are computed and transferred to the output layer. 

- Output layer: The output of this layer will give the result learned by the neural 

network. 

The functions used for the neurons are called activation functions and they 

decide whether a neuron should be activated or not depending on the sum of the 

features. The activation function is the component that introduces nonlinearity to the 

neural network and the most usual are the following ones, see Figure 6. 
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         (a)                 (b) 

  
         (c)                 (d) 

Figure 6. Activation functions. Step function (a), Sigmoid function (b), tanh 

function (c) and ReLU function (d). 
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 Figure 7. Neural network diagram [13]. 

In Figure 7 a neural network diagram is shown, where are 2 hidden layers (blue 

layers) composed with 3 neurons each. The neurons of the hidden layer take mainly 2 

actions, to compute the values ‘a’ and ‘h’. The values an are the sum of all the input 

variables Xn multiplied with their corresponding weight wn. After that, the value ‘a’ of 

each neuron is activated with the corresponding activation function presented before, 

obtaining the values hn which becomes the new inputs for the next layer and this 

process is repeated for the number of layers existing in the neural network. 

There are many types of neural network, this thesis will focus on the 

feedforward neural networks (FFNN), also known as multi-layered network of neurons. 

As the name indicates, the data in this neural network only travels forward, there are no 

feedback connections between neurons. Moreover, FFNN is composed of many 

sigmoid neurons that are able to handle complex nonlinear problems. 
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The cost function is used for evaluating how well the model behaves comparing 

the predicted outputs with the real ones. From this comparison, a loss cost is 

calculated, and the weights of the model will be adjusted according to this loss cost. 

For this neural network, cross entropy function for multiclass is used as loss function, 

see equation (5). 

    (5) 

2.5. Experiments 

The dataset is split into 70% of training set and 30% of testing set to evaluate 

the performance of the models. Next, the results of different experiments carried out for 

training the models are shown.  

The first trained algorithm is KNN and a dataset with 5000 instances is used. 

KNN algorithm has low bias and high variance, and in term to decrease this variance a 

method is to increase the number of votes or neighbors for the training algorithm, which 

will reduce the variance of the model as result. In Figure 8, the experiment result using 

KNN is displayed. For each number of votes, the algorithm is trained and tested with a 

shuffled dataset and with 10 iterations to get a mean accuracy value. The computation 

time seems to remain steady in few seconds, the learning set’s accuracy seems to 

decrease while the testing set’s accuracy rises. The variance decreases while the 

number of votes increases, but the bias also increases resulting a not very optimum 

accuracy. 
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Figure 8. KNN execution time and accuracy vs votes. 

The second algorithm is the Support Vector Classifier (SVC), it has a low bias 

and high variance as well, and the trade-off of these values can be adjusted with the 

parameters C and gamma of the algorithm.  

Different kernels are used, the results obtained of a linear kernel have a very 

bad performance in accuracy and the most suitable kernel is the rbf one, establishing 

nonlinear boundaries. Moreover, as the output classes are independents, one instance 

cannot have low and high quality at the same time, one vs rest classifier is used. In 

other terms, the number of classifiers is the same as the number of output labels. 

K-fold Cross-validation is a method for estimating how the model will perform. It 

splits the dataset into k number of folds, in each iteration one of the folds will perform 

as the testing set and the rest of the folds as training set and the process is completed 

when all the folds have been tested. 

In this experiment, cross-validation is used to identify the most suitable kernel 

parameters to adjust the model and also is useful to see if there is any overfitting 

problem with the training. In Figure 9, the result of cross-validation can be observed, 

where an optimum C value could be 1, because a higher C value results with a smaller 

margin of the hyperplanes.  
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Figure 9. C parameter selection. 

One of the methods to augment the accuracy is to add more data for training 

and testing. Therefore, in Figure 10, there is a graph where the accuracies in relation to 

the number of examples are exposed. It seems that the training accuracy tends to go 

down while the number of examples increases, and the testing examples accuracy 

rises. The training set’s accuracy remains high, but the model seems not working very 

well on testing data. Therefore, this algorithm has a lower bias than KNN, but a higher 

variance instead.  

 

Figure 10. SVC accuracy. 
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The confusion matrix is a way to measure the performance of the prediction 

model, and it relates true classes with predicted ones. In Figure 11 the result of the 

SVC model can be appreciated, the model predicts pretty well for medium class rice, 

but it is still kind of confusing in predicting other labels. 

 

Figure 11. Normalized confusion matrix for SVC. 

The third algorithm is feedforward neural network (FFNN). In FFNN, some 

adjusting need to be done for each iteration, and this is done thanks to the gradient 

descent algorithm. This algorithm is a tool to optimize the cost function in order to find a 

local or global minimum of the cost function. The learning rate is a parameter that tunes 

how big are the steps to adjust in each iteration, and for this experiment an optimum 

value is 0.02. In Figure 12 can be seen how the loss decreases while the number of 

iteration increases.  
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Figure 12. Feedforward neural network loss. 

From the set of experiments for FFNN, the experiment with highest accuracy 

was carried out with 3 hidden layers, where the layers contain 30, 20 and 10 neurons 

respectively. With 1000 iterations the loss has decreased to 0.77, obtaining the highest 

accuracy of 64% for the training set, 61% of accuracy for testing set and the 

computation has taken 526 seconds to complete. This model seems to have a low 

variance but a high bias. 

After a set of experiments with 3 different machine learning algorithms (KNN, 

SVC and FFNN), the obtained accuracy of these models seems to be in the same 

range and there might be an irreducible error independent of the model that difficults 

the improvement of the accuracy. KNN seems to be a fast model for a small set of 

datasets. SVC results the model with high accuracy and low computation time. 

Moreover, it has a low bias and high variance. And finally, in comparison to the rest of 

algorithms FFNN model is more expensive in computation and time to get the same 

result. 
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3 Rice properties 
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3.1. Rice Quality 

In this chapter, a detailed study regarding the rice will be covered. The growth 

phases, the fundamental parameters of the rice and the influence of some parameters 

on the rice quality are described in the next points [16]. 

Rice as one of the most important crops of the world, is consumed by nearly 

half of the world’s population, being the countries with most rice consumption located in 

Asia like China, India or Bangladesh.  

Rice behavior is not easy to be determined in general terms, because different 

species behave in totally differentiated ways. Also, it is a delicate plant that could have 

continuous issues during its growth and development period and each of these events 

that might occur affect severely to the final grain result. Therefore, it is important to 

understand the different periods that the rice will go through during its growth and 

development cycle. The lifecycle of the rice can be differentiated in the following 3 

phases principally: 

- Vegetative phase: this phase covers from the germination of the rice seed until 

the appearance of the first panicles of the main stem. And it is divided into the 

following 4 stages. 

• Emergence: This is the initial stage that the seed absorbs water, swells, 

converts carbohydrates to sugars, gains weight and activates the 

embryo. The apparition of the two main components of the seed, which 

are the radicle (primary root) and the coleoptile (protection for the 

primary leaf) defines the end of the germination and the beginning of the 

elongation of the radicle and coleoptile, see Figure 13. This stage 

finishes when the coleoptile elongates to find a place with light exposure 

and stops the elongation. 
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Figure 13. Parts of a rice seed [14]. 

• Seedling development: This stage is determined by the number of 

leaves that are fully developed, not counting the emerging leaves. 

Normally, it lasts for the first 2 to 5 weeks. 

• Tillering: This stage is marked by the appearance of the first tillers or 

stools until the maximum number of tillers is reached. Typically, it lasts 

40 days after sowing. 

• Internode elongation: In this stage the panicle initiation takes place, 

the tillers continue increasing in number and height and the internodes 

begin to elongate. 

- Reproduction phase: this phase covers from the end of the vegetative phase 

until the flowering of the rice. And it is divided into the following stages. 

• Panicle initiation to booting: It begins when the first panicles appear at 

the tip of the shoots. As the panicles growth, they gain more size, the 

leaf sheath bulges and the spikelets become more visible. The bulging 

of the leaf sheath has the name of booting. 

• Heading: This stage is also known as panicle exertion stage, where the 

panicle tips begin to emerge from the flag leaf sheath. A long period of 

low sunlight exposure three weeks before and after will affect the 

exertion of the panicles and then to a poor grain filling process. 
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• Flowering: This stage refers to the period that the fertilization process 

begins until the closing of the florets or spikelets. The wind will carry the 

pollen to the stigmas of the same floret or to the closest ones. 

- Ripening phase: This phase is followed to the fertilization stage and it consists 

mainly of the grain growth. The grains have a 90% of starch, and in this stage 

the composition of the carbohydrates in the pistils of the florets and the 

accumulation will be carried out. This filling process starts from the florets of the 

main stem and continues to the rest of the plant. There are several stages of 

grain filling.  

• Milk stage: When the first florets of the main stem are filled with a white 

milky liquid. The panicles have a green appearance and start to bend. 

• Dough stage: The dough stage comes when the starch in the florets 

gains consistency, loses moisture and has a texture like a bread dough. 

There is a soft dough stage where the grain can be dented without 

breaking and there is a hard dough stage where the grain becomes 

chalky and fragile. 

The process of grain filling with carbohydrates is an uneven process, 

and it starts from the grains of the main stem. When the process of 

translocation of starch ceases, it means also the final of the grain filling 

stage. Moreover, as the grain growths it gradually becomes with a 

yellow color. 

• Maturity: The mature stage can be marked with a high percentage of 

yellow and hard grains. The maturity of the grains is based on their 

moisture content and the criteria for the physiological maturity is when 

globally the grains of the main stem have a moisture content between 

25 – 30%.  

A phase of milling processing is necessary after the harvesting of the rice. To 

understand better, the components of the rice grain are shown in Figure 14 and 

explained below. 
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Figure 14. Parts of a rice grain [15]. 

- Hull or husk: It’s the outer protection of the rice which covers the whole rice 

grain. 

- Bran layer: This layer has many uses such as medical purposes extracting the 

vitamins, food uses for the elaboration of spices and industrial for raw materials 

as well. 

- Endosperm: It’s the largest part of the rice grain and it contains abundant 

starches. 

- Embryo or germ: It’s the seed where the plant growths. 

In the milling process, the husk, the bran layer and impurities are removed, 

resulting a polished white rice kernel. However, in this process the rice could be broken 

depending on its quality.  

The purpose of milling is to keep rice in a long time. Because at the harvest 

time the moisture content of the rice is around 25% and it is easy to mildew when it’s 

kept in a high temperature environment. So, with a set of processing steps the moisture 

percentage will reduce at 12 – 14% to obtain a better state for storage. 

https://www.english-online.at/biology/rice/rice.htm


A Decision-making Approach for Smart Farming 

29 

 

3.1.1. Chemical parameters 

- Final gelatinization temperature: Also called birefringence end-point 

temperature (BEPT). It’s the temperature that 90% of the rice starch granules 

have gelatinized in hot water and it has a correlation with the time of cooking of 

the rice, but not with the texture of it. 

- Gel consistency: This parameter measures the tendency of the cooked rice. 

Generally, a softer gel consistency is preferred with a higher tenderness and 

less sticky. 

- Amylose/amylopectin: Both are starches of the rice, which is 90% of the 

milled rice and it will affect the cooking and eating qualities of the milled rice. 

High amylose percentage rice results dry, tender and hard after cooking and 

also a greater expansion of the rice volume. Depending on the percentage of 

the starch it can be classified into five types of rice (waxy, very low amylose, 

low, intermediate and high). 

Low amylose rice is stickier and moister, preferred in countries such as Japan 

or South Korea. On the contrary, high amylose rice is drier and tender. 

- Chalk rate: It’s the ratio of the chalk in the rice, an opaque white area that its 

cause could be varied. And it affects not only the appearance of the rice grains 

but also to the eating quality and the processing quality.  

3.1.2. Environmental factors 

- Temperature: High temperature is one of the major factors that influence the 

rice grain formation and depending on the rice growth stage the temperature 

constraints could be slightly changed. The rice grown in a high temperature 

environment will speed up the aging of the leaves, slowing down the grain filling 

process and grain numbers, and are more likely to have a higher chalkiness 

and not totally filled grains. Therefore, assuring an optimum temperature for 

each stage of the rice will help severely to its production and quality.  

- Moisture: During the whole growth process of the rice from seedling to the 

harvesting, the consumption of the water for irrigation is a considerable number 

of liters and it depends on each stage of the rice. On the one hand, flooding 

practice for irrigation will change the soil properties and produces fertilizer and 

water waste. On the other hand, drying practice anticipates the grain filling 
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process but decreases the accumulation speed of the starch. So, alternate 

wetting and drying (AWD) is an irrigation system that efficiently saves water and 

obtains better results on rice production. 

- Light: Rice is a crop that needs abundant sunlight exposure to have a healthy 

growth of the rice grains. With an insufficient light exposure time, it will affect 

directly the grain filling period increasing the chalkiness, reducing the amylose 

content and downgrading the rice quality as a result. Insufficient sunlight 

exposure reduces the photosynthesis time and other properties such as 

effective panicles numbers, grains per panicle or grain weight. As the grain 

filling rate is reduced, there are more empty grains and the production 

downgrades about 20 – 25%.  

- Nutrients: It’s really important to have the plant well-nourished during the grain 

filling stage, it determines directly to the quality of the rice grains. Nitrogen, 

phosphorus and potassium are the main nutrients that rice needs during its 

growth stage. As nitrogen has more effect on increasing production results, 

fertilizers with high nitrogen are extendedly used, these fertilizers will extend the 

photosynthesis time and help to the grain filling of the rice. 

- Latitude: Rice yield quantity is proportional to the latitude. In a tropical area the 

climate is cloudier, and it will reduce the sunlight hours for the rice. What’s 

more, in small latitude areas, the day length is also reduced in growing seasons 

and a warm and humid weather is the consequence of breeding of pests and 

diseases that reduce importantly the yield. 

Hence, where the land has better conditions are places with a subtropical and 

temperate climate. Countries such as Egypt, Italy or Spain have these 

characteristics of land.  
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4 DSS Approach 

Validation 
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In this chapter, the implementation of a real-time evaluation of the rice quality is 

explained in detail. Starting from the design of the sensor network architecture to the 

implementation of big data techniques together with machine learning and visualization 

of the relevant information on cloud. 

4.1. System Architecture 

The Figure 15 shows the basic architecture of the decision-making support 

system approach. The whole system can be divided into 2 phases, the data collection 

phase and the data processing phase. 

 

Figure 15. System architecture diagram. 

The data collection phase is illustrated on the left part of Figure 15 and it 

consists basically an IoT gateway and a set of devices. 

The devices are power save platforms that could stand alone during a long time 

and each device can collect periodically different sensing parameters of the rice such 

as starch percentage or protein value. And also, each device must integrate a short 

distance communication module that allows the bidirectional communication between 

the gateway and the devices.  

As different sensing devices act in this environment and measure a varied 

number of parameters of the rice, a gateway is needed. The gateway acts as a more 

powerful device that is able to gather the sensing data from the devices and construct a 

more complex message, and also to support Kafka system or any technology that acts 

as a bridge to the Kafka system, an appropriate device could be the raspberry pi. 
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Another phase is the processing part of the system, illustrated on the right side 

of Figure 15. In this phase, the processing and knowledge inference of the received 

data from previous phase will be the main task. Kafka as a distributed system will act 

as data deliverer providing a fault-tolerant storage environment. In Spark, data 

recollected from Kafka in real time will be processed using machine learning methods 

and the predicted results will be stored at Onesait platform where is also developed the 

part of data representation. 

This thesis is focused on the analytics part of the system and not in the sensing 

part, because the parameters under study of the rice are parameters from laboratory 

and they are difficult to obtain.  

4.2. Real-time Implementation 

4.2.1. Kafka distributed system 

Kafka is a distributed streaming platform that is based on a publish subscriber 

system, and it works as a data deliverer for processing applications. Kafka provides 

scalability, fault-tolerance service and it is suitable for low latency real-time streaming 

applications. It is scalable because it can balance the load of a topic to the consumers 

and it is fault-tolerant because it writes in disk and replicates topics just to prevent case 

of failures. 

Kafka works on data in record formats, each record consists of a key, a value 

and a timestamp, and Kafka stores records of the same type in categories called 

topics. Each topic is divided in partitions and each partition is an ordered and 

immutable structure composed of records. There are publishers that generate data to a 

topic, but the data is not sent directly to a specific subscriber but to all the subscribers 

of the topic. The records of a partition have the same key and each record is identified 

by the unique id number that is assigned. 



A Decision-making Approach for Smart Farming 

34 

 

 

Figure 16. Kafka configuration. 

 The configuration of the Kafka broker is illustrated in the Figure 16. The dataset 

is split according to the number of producers and partitions, where each producer will 

publish in parallel a determined number of entries of the dataset to the Kafka broker.  

As the dataset is valuable, part of the data is used for machine learning model 

training and the rest is used for real-time implementation. The job of each Kafka 

producer is to read from the CSV dataset file, convert each line into a JSON format and 

send a record with a unique identifier and the JSON string of the feature values through 

the Kafka broker. 

Spark streaming will subscribe to the topic that all producers send information 

and spark engine will do the processing part for each received entry predicting the rice 

quality for each entry.  

4.2.2. Apache spark streaming 

Apache Spark is a big data framework that provides fault-tolerance, high speed, 

reusability, real-time processing and many more services. Unlike Hadoop which uses 

disk storage, Spark is based on memory computation and this reduces effectively the 

time cost in 100 times.   

Spark is based on a lazy evaluation mode to reach an optimum performance. 

The operations in Spark can be differentiated into transformations and actions. The 

transformations are operations that are not executed immediately but stored in a 

directed acyclic graph (DAG), and when an action is called, Spark engine will make 

optimization decisions using the DAG before executing these operations. 
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Apache Spark streaming is an easy to use, scalable and fault-tolerant streaming 

tool extended from the Spark core API. What’s more, it works basing on batches, and 

the continuous batching of the input stream data in a configured interval of time 

generates a Resilient Distributed Datasets (RDD). RDD is the fundamental data 

structure in Spark, it is distributed, immutable and it allows operations in parallel, 

assuring the fault-tolerance of the system. And the creation of a new RDD is not the 

modification of the existing data, but the transformation to a new one.  

A higher layer of abstraction called discrete stream (DStream) contains a 

continuous sequence of RDDs. As shown in Figure 17, the input data could come from 

different sources such as Kafka, Flume or Twitter. And after that spark streaming 

divides the input data into batches for each time interval, the spark engine will be in 

charge of processing these batches and converting to final data, in this process some 

kind of machine learning algorithms could be applied to these streaming data. The 

batch Interval should be chosen carefully to meet the latency requirements of the 

application. 

 

Figure 17. Spark streaming workflow [22]. 

In the Figure 18 there is a diagram that shows how this pipeline works. Kafka 

sends JSON messages using different threads to a certain topic. Spark streaming acts 

as a consumer of that topic and creates the corresponding RDDs for each time interval. 

And the records of each RDD will be processed and send to the cloud platform. 

 

Figure 18. Spark streaming diagram. 
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The trained machine learning model is broadcasted to all the Spark context and 

therefore each RDD can use the model to predict incoming rice samples. And the 

primitives ‘foreachRDD’ and ‘foreachPartition’ allow to access the incoming RDDs of 

the stream and process their content. The processing function does mainly 2 things, 

applying machine learning algorithm to add the predicted class to the JSON data and 

then send the result data to the cloud. 

The establishment of the connections to cloud creates some time and resource 

overhead in the streaming process, so the number of connection creation should be 

designed and reused correctly to reduce this delay. One way to amortize this delay is 

to use the same connection for all the records of the same RDD, the pseudocode is 

shown as follow: 

1. Obtain the cloud connection. 

2. For record in iteration: 

3.       Load the record in JSON format. 

4.       Predict the rice quality using the machine learning model. 

5.       Add the predicted rice quality to the JSON object and process some 

fields. 

6.       Send the JSON message to the cloud. 

7. Disconnect the cloud connection. 

In this way, the connection is established once for each RDD, and when all the 

records of the RDD are processed it will be closed. Moreover, as Spark is based on a 

lazy evaluation mode, DStreams are executed lazily. In other words, all the 

transformations and processing will not be executed until an action is taken. In this 

case, as the processing function only sends the processed data to the cloud and does 

not take any action on the RDDs, the action that will trigger the whole process is the 

output operation ‘pprint’ for the DStream, which prints the first 10 elements. 

In the Figure 19 can be appreciated that in an established interval of time, there 

are 2 input messages received from Kafka that contain different features of the rice 

example in JSON format. 
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Figure 19. Spark streaming received data. 

 

4.2.3. Onesait platform 

Once the prediction in Spark is accomplished and the final data is generated, 

the data is sent to a cloud platform where is stored and represented in a dashboard. 

The decision to use a cloud platform rather than local machines is because of the 

convenience these platforms provide, such as the isolation of installation or 

maintenance problems. 

The reason why the chosen platform is Onesait, a cloud platform developed by 

Indra company, is because it is open source, provides a set of tools that are intuitive 

and fast to implement IoT solutions, and because of the previous knowledge obtained 

of this platform in the master class. 

 

Figure 20. Onesait platform architecture [23]. 
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In the Figure 20 can be seen the modules and services that Onesait provides 

and one of them is an API manager that allows users to interact with the rest of the 

platform. In this project the API in Python is used to send data to cloud through the IoT 

broker.  

The dashboard developed in Onesait is shown in the Figure 21. It contains a 

map indicating the central where the rice instance is recollected and the number of rice 

examples with the corresponding rice quality class; two pie charts for the rice type and 

rice quality; a word cloud for the provinces the examples comes from; and a table that 

contains more information about the examples. 

The gadgets of the dashboard are linked between them, if one of the categories 

on the pie chart or the word cloud is selected, the map’s content and the table’s content 

will be automatically filtered according to the selected rice quality or province. 

 

Figure 21. Rice dashboard in Onesait. 
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5 Conclusions 

and future works 
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5.1. Conclusions 

In the present project, a Decision Support System (DSS) approach has been 

implemented in the smart farming environment. Real-time performance is achieved 

using Kafka distributed system and Spark engine, providing a fault-tolerant service. 

Machine learning combined with big data on Spark has enabled the prediction of the 

rice quality for rice examples in real-time. Furthermore, the usage of Onesait platform 

as data storage and visualization provides an implementation with less time inversion. 

Dataset is one of the most important issues, as all datasets are the starting 

point of any analytics processing, they are extremely valuables and really difficult to 

obtain. Thanks to the data shared by [2] this project has taken its first steps. However, 

this dataset doesn’t include any environmental parameter of the rice and the features 

are laboratory measured. Therefore, to reach a higher accuracy of the machine 

learning model it might be necessary to include some additional parameters into 

account while training the model and using a dataset with fewer empty cells. 

The whole streaming process is completed successfully, combining Spark with 

Kafka the streaming pipeline results a program with low latency and able to process the 

incoming data in an efficient way. Although, the requirements for a memory with big 

capacities might be needed as Spark is based on memory RAM. In this thesis, storage 

and visualization is carried out on Onesait platform, and this allows to isolate these 

services to an independent source and simplifies a lot the work of implementation of an 

IoT solution. 

In conclusion, this thesis demonstrates how the DSS can support farmers in 

their decision-making process knowing the quality of the rice. The development of a 

DSS based on a streaming system is completed successfully with Kafka, Spark and 

different machine learning models such as KNN, SVC or FFNN. 
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5.2. Future works 

The approach of DSS using streaming tools such as Kafka and Spark open a 

wide variety of possibilities for future works, not only the improvement of the present 

project but also the application of this DSS approach in many other fields. Some 

possible future lines are resumed next: 

• Real-time prediction of the rice quality from environmental parameters that are 

easier to measure such as temperature or moisture of the crop, build a 

prediction system with those measured data and improve the accuracy of the 

machine learning model. 

• Construct a thorough DSS with more modules involved that will advise farmers 

to take more accurate decisions with less decision time. Social and economic 

factors should be considered, and different resource management (crop, 

livestock, water, and soil) as well. 

• Embedded machine learning design at the edge devices to produce lower 

information traffic, to concentrate and process in firsthand all kinds of data at 

the edge. In this way, there is no data that leaves the device, guaranteeing 

security and privacy. 
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6 Budget 
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This chapter reflects the necessary budget for the development of the project. 

As the project relies on a software project with few hardware requirements, the budget 

related to software tools is not considered as these tools used in this thesis are open 

sources. 

Next, the budgets related to hardware components developed in this project are 

shown in the Table 2 and the labor hours for each task are represented in the Table 3. 

Table 2. Material budget. 

Concept Quantity Price/Unit Price (€) 
Computer 1 1000 1000 

Total   1000 

 

Table 3. Labor hours budget. 

Task Hours Price/Hour Price (€) 
Initial research 100 20 2000 

Machine learning 
algorithm  

130 20 2600 

Real time deployment 80 20 1600 

Cloud 
implementation 

60 20 1200 

Documentation 120 20 2400 

Total   9800 
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