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r Abstract \

Context: The collection and storage of data on environmental variables in a coffee crop, through wire-
less sensor networks allow the transformation of said data and the application of a supervised learning
model to establish its behavior.

Method: For the present work, an architecture of 3 wireless sensor nodes was developed. Each node
consists of a Lucy3 programmable card, to which the temperature, environmental humidity, and soil
moisture sensors were connected. The measurement terrain is located in El Cortijo coffee farm. Mea-
surements were made over a period of two weeks, three hours a day, sending the information from the
nodes described above to a gateway that then transmitted the information to a base station. Finally, the
data was loaded on an online platform for transformation and predictive analytics through a supervised
learning model.

Results: The tests allowed demonstrating the effectiveness of the design of the wireless network in the
collection and transmission of data. It was later found that the application of the supervised learning
model through the analysis of classification with decision trees allowed predicting the behavior of the
variables, which were evaluated in specific time frames and conditions.

Conclusions: By applying predictive models, the conditions of the crop can be improved, allowing the
yield of the analyzed variables to be optimized, thus minimizing the loss of resources and improving the
efficiency of processes such as sowing and harvesting the grain.

Keywords: wireless sensor network, supervised learning model, precision agriculture, decision trees
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/ Resumen \

Contexto: La recoleccion y almacenamiento de datos sobre variables medioambientales en un cultivo
de café mediante el uso de redes inaldmbricas de sensores permiten transformar dichos datos y aplicar
un modelo de aprendizaje supervisado para establecer su comportamiento.

Método: Para el presente trabajo, se desarrollé una arquitectura con 3 nodos sensores inalambricos.
Cada uno consistia en una tarjeta programable Lucy3, a la cual se conectaron sensores de temperatura,
humedad ambiental y humedad del suelo. El terreno de medicion se encuentra ubicado en la finca de café
El Cortijo, y las mediciones se realizaron durante un periodo de dos semanas, tres horas al dia, enviando
la informacién de los nodos descritos anteriormente a un Gateway que luego transmitié la informacién
a una estacion base. Finalmente, los datos se cargaron en una plataforma en linea para transformacién y
andlisis predictivo a través de un modelo de aprendizaje supervisado.

Resultados: Las pruebas realizadas permitieron demostrar la efectividad del disefio de la red inaldmbri-
ca en la recoleccion y transmision de datos. Ademads se encontrd que la aplicacién del modelo de apren-
dizaje supervisado a través del andlisis de clasificacién con drboles de decisién permitié predecir el
comportamiento de las variables evaluadas en plazos y condiciones especificas.

Conclusiones: Mediante la aplicacién de modelos predictivos se pueden mejorar las condiciones del
cultivo, lo que permite optimizar el rendimiento de las variables analizadas, minimizar la pérdida de
recursos y mejorar la eficiencia de procesos como la siembra y la cosecha del grano.

Palabras clave: redes de sensores inaldmbricos, modelos de aprendizaje supervisado, agricultura de
precision, arbol de decision

Qlioma: Inglés j

1. Introduction

Farming has been established as one of the areas where wireless sensor networks (WSN) have
been implemented with great acceptance and success.

This kind of technology aids in the reduction of water consumption and the use of pesticides
and fertilizers, as well as favoring the preservation of ecosystem. Additionally, it allows generating
alerts about the arrival of frost, floods, fires, etc. Precision agriculture covers multiple practices re-
lated to the management of crops, trees, flowers, plants, livestock, among others. [1]. In this sense,
an important agricultural sector in our country, such as coffee, can work closely with technology
and provide a new vision and projection towards agricultural productivity. On the other hand, it can
generate innumerable benefits destined to increase the performance of production processes and
optimize the final result of the harvested products.

Among the most interesting applications of precision agriculture is pest and disease control. By
means of strategically located sensors, a number of parameters can be monitored, such as tempe-
rature, relative humidity, soil moisture, leaf temperature and humidity, and solar radiation, among
others, in order to quickly detect adverse situations and establish early treatments. The great ad-
vantage of using this technology is early detection and the optimal application of pesticides only in
areas where it is really necessary [2].

INGENIERIA o VOL.25 ¢ NO.3 ¢ ISSN0121-750X e E-ISSN2344-8393 ¢ UNIVERSIDAD DISTRITAL FRANCISCO JOSE DE CALDAS 411



Application of a Supervised Learning Model to Analyze the Behavior of Environmental Variables in a Coffee Crop

However, like all crops, coffee is exposed to a set of environmental variables such as temperature,
soild type, air humidity, rain, and the wind index, in addition to pests such as the drill bit and rust,
which end up affecting grain quality and production [3].

Colombia is known for producing the best soft coffee in the world. One of the statistics that most
worries coffee growers and the guilds in charge of their commercialization are grain exports. If you
look at the last year in coffee production (as of March, 2020), Colombia reached 14.3 million bags.
Likewise, The Federation’s statistics show that when comparing the periods from October, 2018
to March, 2019 with October, 2019 to March, 2020, which corresponds to a section of the coffee
year, the harvest is 6 % higher. “From the point of view of the price of coffee, we are in a histori-
cal moment, but with some important challenges in the harvest, which implies what will come in
the future on the subject of coffee with the arrival of this pandemic”, Added Vélez, who stressed
that, in the midst of the quarantine, the consumption of this product in Colombian households has
increased by 25 % [4].

Currently, with information and communication technologies, significant advances have been
made in the collection, analysis and distribution of information related to the state of the weather,
monitoring of environmental variables, and biodiversity studies, among others. This information
has different purposes, such as the digital preservation of data, its graphic representation, and the
modeling of weather patterns. Some initiatives focus on improving the people’s quality of life by
obtaining and estimating factors that affect the human environment, for example, infrastructure and
transportation, agriculture, and data on the biodiversity of the observed site, among others [5].

That is why there are innumerable drawbacks when optimizing harvesting and production proces-
ses, since this sector has not received the necessary attention for many years. Our country has great
agricultural potential, but government support is scarce or nonexistent, in addition to other factors
such as the high price of inputs and fertilizers and the high rates at which money is lent to coffee
growers. These conditions end up discouraging investment in grain harvesting and cultivation pro-
cesses. Therefore, it becomes evident that, with the rise of new technologies, industrial processes
in fields such as agriculture can be improved and automated.

Taking the landscape described above as reference, a collection of data on the main environmental
variables that are significant in the cultivation of coffee in a specific land area is proposed. This
is carried out by means of a wireless sensor network (WSN Through a wireless sensor network
(WSN). Then, later said data will be uploaded to a cloud computing platform (Ubidots), where the
data sent by the sensor nodes will be received. As a final stage, the data will be uploaded through
CSV files generated by Ubidots to the BigML platform, where a supervised learning model will
be applied to evaluate said information using decision trees. This valuable information will allow
coffee growers to establish and predict the behavior of environmental variables such as temperature,
soil moisture, and relative humidity, in order to make decisions regarding the allowed parameters
vs. the collected information, in addition to considering said information as danger factors in the
development of diseases or factors that represent hazards to crops and that have a direct impact on
processes like harvesting and the preservation of natural resources.
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2. Materials and methods

2.1. Research methodology

For the development of this research, the following phases have been proposed:

1. Design and configuration of the WSN: In this phase, the logical and physical design of the
sensor network is carried out. In the logical design phase, the network design is designed
according to the selected topology, a star, in this case, since it is the most efficient topology
with a fast implementation speed. Next, in the physical design phase, each of the devices will
be located in their designated place. Finally, the configuration of each of the sensor nodes
with their respective measurement and communication elements is carried out; the Gateway
and the base station are configured to act as intermediaries between the data sent by the
sensors and the cloud platform.

2. Collecting and sending data: The data collection tests will be carried out through the dif-
ferent nodes and its sensors. The data is then sent to the Gateway and from there to the base
station. Thus, the continuity of the information and the appropriate format are verified.

3. Sending data to the IoT platform: The data is sent from the base station to the Ubidots
platform.

4. Uploading data to the Machine Learning Platform: Once the data is uploaded to the Ubi-
dots platform, a CVS file is downloaded which contains the information sent by the sensor
nodes. This file is uploaded to the BigML machine learning platform, and it will be our input
for data analysis phase.

5. Data transformation and model application: Once the CSV file is loaded on the BigML
platform, the dataset is created. Then, a field is taken as a pivot to serve as reference for the
model, and the supervised model is applied through classification with decision trees. The
model is then launched, and the confidence percentage associated with the predictive model
is evaluated. Finally, we determine whether the model meets the initial expectations. Fig. 1
shows the phases in which the research has been structured.

2.2. Architectural design of the system

A WSN is a network consisting of distributed autonomous devices, which uses different kinds of
sensors to monitor physical or environmental conditions. This kind of system incorporates a Ga-
teway, which provides wireless connectivity as a complement of wired networks and distributed
nodes. The selected wireless protocol depends on the application requirements. Some of the avai-
lable standards include 2,4 GHz radios based on IEEE 802.15.4 or IEEE 802.11 (Wi-Fi) standards
or proprietary radios, which are regularly 900 MHz [6].

The proposed architecture for the development of the WSN system consists of three sensor no-
des [7], each consisting of a Lucy 3 programmable card, connected to temperature, environmental
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Figure 1. Phases of the research proposed for the development of the project.

humidity, and soil humidity sensors. These nodes is at a distance of 100 m from each other, cove-
ring a total area of 300 m? of coffee cultivation. The nodes also communicate wirelessly through

the ZigBee protocol with the Xbee modules. The architecture of the proposed system can be seen
in Fig. 2.
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Figure 2. Architecture of the wireless sensor network and Cloud platforms.
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The Gateway is responsible for coordinating and communicating the sensor nodes with the base
station through the 802.3 standard. Finally, the data collected by the sensors is sent to a central
unit or base, where it will then be uploaded to the cloud platform (Ubidots), which is in charge of
receiving the information from the base station to store and processing it. Subsequently, a CSV file
is downloaded from the platform. This input is uploaded to the BigML platform, where it will go
to the information analysis phase and the application of the supervised learning model, which will
allow decision-making regarding the behavior of the environmental variables in the crop and their
respective corrective measures. Table [ shows the different measurement ranges of the TEGR-101
soil moisture sensor [&].

Table I. Dryness or humidity conditions measured by the TEGR-101 soil moisture sensor.

Soil Condition % Humidity Output Voltage

Dry 10 % 40 mV
20 % 400 mV
30 % 1,08V

Wet Medium 40 % 1,80 V
50 % 2V
60 % 2,32V

Damp 70 % 240V
80 % -
90 % -
100 % -

For the communication section between sensor nodes and the Gateway, we found several stan-
dards that meet the necessary characteristics and conditions, but the ZigBee 802.15.4 protocol or
standard was selected, mostly due to economic factors. The ZigBee Alliance (ZigBee Alliance) [Y]
consists of an association of industries that work together to develop standards and products. Zig-
Bee is the name of the specification for a set of high-level wireless communication protocols for
use in low-consumption digital broadcasting applications based on the IEEE 802.15.4 standard for
wireless personal area networks Network or WPAN). ZigBee technology is integrated into a wide
range of products and applications for commercial, industrial, and government consumers.

The implementation of the WSN will be carried out in a 300 m? area of a coffee crop in El
Cortijo farm, located in the town of Pueblo Tapao, a district of Armenia (Quindio). Table II shows
the description and physical characteristics of the terrain.

2.3. Internet of things and machine learning platforms

For the development of this research we used two Internet platforms with different purposes:

1. Ubidots, an Internet of Things (IoT) platform in charge of managing the information received
by each of the sensor nodes.
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2. The BigML platform, a machine learning platform, in charge of receiving the data in a CSV
file, transforming the loaded data into its own DataSet for a subsequent analysis through the
application of a supervised model, namely a classification model based on decision trees.

Table II. Physical description of the farmland.
Characteristics Description

Sidewalk “La Maria” 5 km from the city of

Armenia and 1,0 km from Pueblo Tapao.

Location:

Average Temperature: 19-22 °C

Cultivation Area: Half a hectare

Type of Crop: Arabic Coffee

2.3.1. Ubidots (IoT platform)

Ubidots is a production-ready cloud for data collection, analysis, and visualization. This platform
has advantages that make it stand out from the rest. Among the main features, there is an API and
protocols that can be connected from any hardware to the Ubidots cloud through HTTP, MQTT,
TCP, UDP or Parse (custom protocol).

Regarding the presentation board, data can be analyzed in real time because the platform creates
pictures. Therefore, the devices and the information they collect can be controlled. Additionally,
the platform has a user management feature, which helps organize permissions and restrictions
depending on the operator or end user. Other features are sensor communication (input/output),
API creation, extended monitoring, and data analysis of API applications of all kinds. On the other
hand, its data storage depends on the acquired plan, back-end possibilities, and daily visualization
of the stored data. The data output is called scheduled reports and is delivered in PDF or Excel
formats. A delivery can be scheduled for anyone who needs it. In Fig. 3, the different services
offered by the Ubidots platform are shown [10].

sualization

myapp.iotubidots.com

Data Plugins

loT AP
Gateway

Ubidots SDKs
Events Engine

— Application Development +— Applications in Production —

Figure 3. Services offered by the Ubidots platform.
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2.3.2. BigML platform

This working environment offers a platform to build and share datasets and models in the form
of machine learning as a service (MLaaS). Consequently, BigML is a proposal to make machine
learning understandable to users.

BigML manages to exploit the benefits of existing cloud solutions. For example, it allows data
import from AWS S3, MS Azure, Google Storage, Google Drive, Dropbox, etc., which benefits
developers because public cloud infrastructures could have become a basic need, that is to say, a
solution for the providers of various services.

Also, as it is solely focused on machine learning, BigML offers a comprehensive set of features,
all well integrated within an interface where the user can load datasets, train and evaluate models,
and generate new predictions, one by one or in batches. It contains a wide gallery of datasets and
free models to probe, organized in categories, in addition to being accessible to the public. It also
contains algorithms for Educational Clues, as well as grouping and selection to create high-quality
models [11]. In Fig. 4 the data transformation process can be observed.

-
-
-
—— -
S — s T W
SERESTAGIER
1. UPLOAD 2. CREATE 3. TRANSFORM 4. GET YOUR
fOUR DATA A DATASET rOUR DATA ML-BEADY DATA
Temperature CVC. Dataset Homogenize M.L Results
Sunshine variables for
Soil humidity analysis

Relative Humidity

Figure 4. Process of loading and transforming data on the BigML.

2.4. Machine learning models

Machine learning [12] involves coding models that automatically adjust performance to agree
with the presented data. This kind of learning is achieved through a model where the parameters
are automatically adjusted according to certain performance criteria. Machine learning can be con-
sidered a subfield of artificial intelligence (Al), and it can be classified into the following application
models:
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1. Supervised learning: it consists of algorithms that learn from a set of training examples,
to generalize and label all possible inputs to the set. As technical examples in supervised
learning, we have logistic regression, support vector machines, decision trees, random forest,
etc.

2. Unsupervised learning: it consists of algorithms that learn from an unlabeled training set.
Examples of this type of learning are used to explore data according to some statistical, geo-
metric or similarity criteria. Unsupervised learning is present in k-media grouping, grouping,
principal component analysis, association detector, anomalies, etc.

3. Reinforcement learning: it consists of algorithms that learn through the reinforcement of
criticism. It provides information on the quality of a solution, but not on how to improve it.
Improved solutions are achieved by iteratively exploring the solution space.

The following phases were applied in the project:

1. Data understanding: in this phase, the analysis of data from coffee cultivation was carried
out, all the information was correlated with the experiences of coffee growers.

2. Data preparation: for this phase, it is important to review the data, refine it, find inconsisten-
cies, create, and verify the variables that are repeated.

3. Selecting the variable homogenization technique: in this phase, the most important variables
of the coffee crop to be measured were identified. In this case, some variables that are not
easy to measure due to cost issues were discarded. One of the discarded variables was the PH
measurement, despite its importance.

Phase 1 Phase 2. Phase 3.

Selecting the variable
Data preparation homogenization
technique

Understanding coffee
data crop

Figure 5. phases applied to the analysis of coffee cultivation data
In this section, it is important to mention that, among the different machine learning techniques,

there are also other analysis tools such as neural networks, classification trees, support vector trees,
and Bayesian classifiers, which are used to find useful information and make decisions.
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2.5. Coffee and its environmental conditions

In this section, we intend to present a series of environmental variables that were taken as a refe-
rence for the present study. These variables are of great importance in the planting and cultivation
of coffee, as well as in its future production:

1. Temperature
Optimal conditions: The optimal area for growing Arabica coffee is between 19 and 21,5 °C.
Other conditions: In cold climates, where the average temperature is below 19 °C, its pro-
duction is lower, and the harvest is distributed throughout the year. In hot climates, where the
average temperature is higher than 21,5 °C, the productive life of coffee is shorter, and the
harvest is earlier and more concentrated. Therefore, rust is more severe when it attacks, and
there is an increase in pests such as the bit or the miner [13].

2. Sunshine and cloudiness

Optimal conditions: Colombia is close to the equator and therefore receives abundant solar
radiation throughout year. The maximum values that reach the top of the atmosphere occur
in March and September and are close to 432 Wm-2. The minimums are observed between
December and January and are close to 384 Wm-2. Due to uneven terrain, there are regions
that are exposed to sunlight than others. In mountainous regions, due to horizon restriction,
the effective time of sunlight can be reduced by two hours or more. This happens, for exam-
ple, in coffee regions located in deep valleys [14].

3. Soil humidity
Optimal conditions: Soil moisture is a function of the distribution of rainfall within the crop,
planting density, leaf distribution, the evaporative demand of the atmosphere, the slope of
the land, and the physical and hydraulic properties of the soil. Currently, a variety of techni-
ques are available to measure soil moisture directly in the field, without the need to take soil
samples and alter their properties [15]. In the coffee zone, organizations such as Cenicafé
recommend a humidity of 75 to 85 %.

Other conditions: The pH (acidity) suitable for a good coffee crop must be between 5,0-6,0;
a pH of less than 4,0 results in problems of Aluminum and Manganese toxicity and Calcium
deficiencies. The crop must have adequate levels of Magnesium, Potassium, Sulfur, Boron,
Copper, and Zinc.

4. Relative humidity
Optimal conditions: It is a component of the climate that measures the relationship between
a completely watersaturated air and the amount of water vapor at a given moment. Relative
humidity is expressed in terms of percentage. Coffee is a plant that grows well in environ-
ments with humidity above 75 % without reaching full saturation. Harvesting in regions such
as the coffee axis occurs in the months with the lowest relative humidity, which facilitates the
handling of the grain [16].
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3. Discussion and results

It was determined that the Lucy 3 programmable cards in each of the sensor nodes were program-
med to receive the values sent by each of the sensors every 10 minutes, in order to send said data to
the Gateway and from there to the station base. From there, the information was sent to the Ubidots
platform, where the measured values were analyzed, and it was determined whether they were wit-
hin the established ranges. Comparisons between the received values and the allowed ranges could
be established to determine anomalous variations in said measurements. Distance tests were deve-
loped to determine the maximum range of the Xbee -Pro S2C wireless modules, to ensure reliable
data transmission without loss and signal attenuation. It was thus found that the maximum range is
within the established 100 m limit in open field. Fig. 6 shows the data from transmitted variables
being measured through the Lucy 3 platform. This information is useful because it can determine if
any data was lost or arrived without any error during the broadcast. We can see the DataSet loaded
to the BigML platform to apply the supervised model.

—_ _,;l.': & EnvionmentTemperature  (IRCEID * | v Q x
Hame Type Count Missing Errors Histogram
Object_Id [ ABC ] 95 0 0
TimeStamp [ DATE-TIME ] 0 95 95
EnvironmeniTemperature R 95 0 0
EnvironmentHumidity [ 123 ] 123 95 1] o

SoilHumidity 95 1] o

TimeStamp.year o 95 0
TimeStamp.month 0 95 0
TimeStamp.day-cf-month

0 95 0

TimeStamp.day-cf-week o 95 0

TimeStamp.hour o 95 0

Figure 6. dataset transformed on the BigML platform.

Applying the supervised model with classification through decision trees, we were able to es-
tablish that, as the environmental humidity increases, the number of instances decreases, and the
soil humidity remains up to 79,69 %. In conclusion, if the humidity of the environment increases,
the soil moisture tends to decrease. In Fig. 7, we can see a decision tree taking the environmental
humidity variable as a pivot.

By loading the data on the BigML platform, different learning models could be created that
allowed us to delve into the analysis of variables such as temperature, ambient humidity, and soil
moisture. In the same way, we were able to establish different evaluations and predictions, for
example:

e As the day progresses, the ambient temperature logically increases at specific time intervals,
but the ambient humidity also decreases.
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e On the other hand, as the day passes, the environmental temperature has a greater influence
on other variables such as temperature and humidity.

e In another model, soil humidity was taken as a reference variable. It was found that, as the
temperature and environmental humidity increase, the number of instances decreased, and
soil humidity increased up to 81,16 %. In conclusion, the two previous variables are directly
proportional to soil moisture, that is, a higher temperature and relative humidity produce
drying out of the ground. In Fig 8, we can see a decision tree taking the soil moisture variable
as a reference.

@ -G EnvironmentHumidity: 7,969.00 84.28 @

1.05 %O— 21 |% 77 H Toe5 12.44 555 EE; a
Prediction path

CET D
>8,029.00

L D
>8§,053.00

bt ¢ 9 CE D
>8,103.00

* @ *eee @ C D
*8,110.00

Gr & ChE» o bd Lommar,
>8,115.00

e &» woreee ¢ CIEEED
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QI & O B ¢ ¢ €O CTETEETTD

Figure 7. Environmental humidity taken as reference in a decision tree.
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Figure 8. Soil moisture taken as reference in a decision tree.
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A training model was executed for the reference dataset, which was measured for 24 hours, as can
be seen in Fig. 9. The measurements were made every 10 minutes and an average of 6 measurements
was obtained every hour. Once the appropriate parameter was determined by homogenizing the
data, the percentages for temperature and relative humidity were compared. According to the ML
training, it was found that the greater number of instances in the temperature variable indicates that,
if the ambient temperature increases, then the relative humidity tends to decrease. This means that
both variables are inversely proportional. Therefore, the system would indicate that it is necessary
to water the crop, since the relative humidity must be over a 75 % threshold.

Threshold

Temperature

—

Threshold

Relative humidity

Daily Hour

Figure 9. Measurement of temperature and relative humidity for training and decision making in a coffee crop

4. Conclusions

The design and configuration of the wireless sensor network met the initial expectations; there
were no problems in collecting and transmitting data through the proposed hardware architecture. It
could be established that, among the fundamental factors in coffee crops, there is the quality of the
soil where the crop is planted, which depends on the growth rate and development of the tree, the
start of production, the quantity and quality of the itself, resistance to attack by pests and diseases,
and the duration of its productive life.

It was established that the same problem can be treated with different models of supervised lear-
ning. There are combinations of decision trees, such as the assembly of repeated samples and
random decision forests that can improve the results. Another type of model called logistic regres-
sion can also be used for the classification problem. The minimum and maximum parameters to be
reached for each of the variables such as temperature, environmental humidity, and soil humidity
were established on the Internet of Things platform (Ubidots) in order to compare them with the
measurements sent by the node sensors.
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Temperature, relative humidity, and soil moisture were found to be variables of great importance
in coffee cultivation. On the other hand, through the construction of supervised learning models,
periods of time where the temperature decreases or increases could be evinced, which allows op-
timizing processes such as irrigation. Various supervised machine learning models were built with
the purpose of evaluating the behavior of the aforementioned variables. There were two models:
one predictive and the other evaluative. Thereupon, comparisons could be made based on previously
defined patterns.
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