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ABSTRACT

The aim of this research is to examine key indicators that
are necessary for the implementation and development
of smart farming concepts in the agricultural industry,
especially from the applied mobile technology point of
view. Accordingly, the authors used a neural network based
software solution to determine the correlation, relationship
structure and partial contribution of indicators for the mobile
technology development in agricultural industries in selected
countries. The validity of the input-output model in a neural
network based software solution was evaluated using
the Minkowski error and Quasi-Newton method through
several iterations/epochs. The neural network structure has
shown the importance of particular indicators for adopting
a mobile technology perspective in the agricultural industry,
where the application of Information and Communications
Technologies (ICT) in agriculture is most emphasized.
Only those countries that invest the most in the ICT in
the agricultural sector can achieve greater efficiency and
productivity by applying smart farming.

© 2020 EA. All rights reserved.

Introduction

Agriculture is one of the most important sectors in the world in the context of rapidly
increasing population. “Technological progress in this field that needs control and
optimization can really contribute to save environmental resources, respect business and
international laws, satisfy the consumer needs, and pursue economic profits” (Balducci
et al., 2018). One of the biggest challenges in agriculture is to improve food quality
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and increase productivity without unnecessary and redundant manual work. Mobile
technology certainly enables efficient use of inputs and reduces the demand for labour,
leading to increased production productivity (Mykulskyi, 2019). The major challenge
for hi-tech agriculture is to ensure that new technologies help farmers become more
economically competitive (Jurjevi¢ et al., 2019).

In order to achieve this, it is necessary to have information-intensive and precise
farming techniques based on knowledge (Milovanovi¢, 2014). This involves constant
and effective monitoring as well as making agriculture smart using automation and
Internet of Things (IoT) technologies that are “personalized” in mobile technologies
(Gondchawar, Kawitkar, 2016). “Monitoring contains modules like remainder, plant
growth monitoring in various stages, irrigation planner, crop profit calculator, calamity
check and problem identifier” (Mohanraj et al., 2016). According to the agricultural
areas the prediction data varies and it is provided to the farmers so that they can plan
for their farming (Savitha, UmaMaheshwari, 2018).

Certainly, the usage of Information and Communication Technologies (ICT) brings
relevant information to farmers in real time (Mahant et al., 2012). In order to improve
efficiency, productivity, global market and reduce human intervention, time and cost
there is a need to divert towards new technology in agriculture based on artificial
neural networks algorithms and mobile technology, for example crop prediction using
smartphones (Jha et al., 2019). The data is stored on the web server which can then be
visible to the farmer on the web browser and on the mobile phone too (Pawar et al.,
2018). Therefore, it is necessary to implement the digitalization of agriculture and the
automation of agricultural techniques, and to collect and analyse farm data (Ashifuddin,
Rehena, 2018) using the concept of internet based smart farming (Charania, Li, 2019).

This agricultural data is processed and analysed into mobile applications that are
suitable for automated real-time detection of farm conditions (Ferentinos, 2018). More
and more data are being generated in agriculture and the rest of the food chain, which
helps steer production processes with greater precision (Poppe et al., 2013). General
crop, pest, disease, soil and irrigation and weed management and also yield prediction
are key areas where mobile technology and artificial intelligence through neural
networks should be deployed (Bannerjee et al. 2018). This neural network system in
agriculture as an integral part of applied machine learning in disease detection, for
example “is based on a self-organizing map neural network and data fusion of hyper-
spectral reflection and multi-spectral fluorescence imaging” (Liakos et al., 2018).

Consequently, it is clear that smartphones and external sensors show fascinating
new opportunities for farmers in the digital age (Daum et al., 2018). One of the main
priorities of the European Union are innovation and smart development (Wasilewski,
& Wasilewska, 2019). Internet-based remote control farming activities followed by
mobile technology and mentioned sensors could create a wireless farm network and this
will be a significant contribution to the smart farming concept (Dursun, Ozden, 2011).
Mobile technology with smartphones and other smart agri-devices extend conventional

926 http://ea.bg.ac.rs



Economics of Agriculture, Year 67, No. 3, 2020, (pp. 925-938), Belgrade

tools (rain gauge, tractor, notebook) by adding autonomous context-awareness to all
kinds of sensors, built-in intelligence, capable of executing autonomous actions or
doing this remotely (Wolfert et al., 2017).

Mobile technology with application support for smart devices enables the wireless
connection and communication of multiple agricultural machines and devices
simultaneously, which ultimately leads to the development of a machine-to-machine
concept. This concept involves the independent communication of agricultural machines
regarding the data exchange of the agricultural parameters values such as elevation,
mean daily temperature, max. daily temperature, min. daily temperature, wind speed,
relative humidity, sunshine hours, daylight hours, latitude, condition coefficient. In this
way, mobile technology performs the function of monitoring, collecting and analysing
data of the state of the plant and animal life on the farm, current production, weather
and soil conditions. Thus, mobile technology through its applications also influences
the implementation of the big data concept and cloud computing in agriculture.

Also, mobile technology based on IoT concept “assisted agriculture research patterns to
incorporate network platforms, the architecture of the respective network, applications,
security issues, and challenges among others” (Mahbub, 2020). All of this means that
“the evolution of agriculture steps into Agriculture 4.0, thanks to the employment of
current technologies such as loT, Big Data, Artificial Intelligence, Cloud Computing
and Remote Sensing” (Zhai et al., 2020), which especially thanks to mobile technology
implementation. This technology makes farm more intelligent and makes it possible to
create a smart farm concept (Suakanto et al., 2016). Figure 1 shows the share of smart
concepts in the world.

Figure 1. Percentage share and global contribution of smart agriculture in world regions
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Materials and methods

The methodology used in this paper is based on a software solution for neural networks,
which aims to discover the connection between inputs and output as a target variable
in the example of a smart farming concept and its mobile technology perspective.
In agricultural industry “neural network applications have gained popularity due to
their functional characteristics, lesser data requirement and capability of long term
forecasting which provide many advantages over traditional analytical approaches*
(Nema et al., 2017).

For this purpose, the Neural Designer - Machine Learning Software solution was used to
form the optimal neural network architecture for selected mobile technology indicators
of smart farming because it takes some intelligence to interpret the agricultural data
collected and analyse the data accordingly in order to predict the outputs, not the next
traditional rule-based algorithm (Shekhar et al., 2017). The neural network method was
applied to determine the highest correlation between the input variables and the output
variable and to notice which indicator most influences the output variable structure, for
those selected countries.

Namely, the research is based on selected countries, who have made some progress in
smart farming technology application, especially in its mobile technology perspective.
Accordingly, based on the available database for selected countries (Table 1), the authors
selected seven indicators necessary for the implementation of the mobile technology
concept, which were taken as inputs/output variables:

o Agriculture value added percentage of GDP (input) - the value of this indicator
shows the agricultural value added percentage contribution to GDP.

e Mobile phone subscriptions/100 habitants (input) - the value of this indicator
shows the mobile phone availability at the farmers, especially the number of mobile
phones on 100 habitants.

o Farmers using Internet/100 habitants (input) - the value of this indicator is based
on the number of farmers who have used Internet on 100 habitants.

e Mobile broadband subscriptions/100 habitants (input) - the value of this indicator
shows the density, actually the mobile technology broadband access on 100
habitants.

o  Governance Agriculture Online Service Index (input) - this indicator shows the
value of digital services providing by state authority which in charge of agriculture.
Digital services refer to providing consulting advices such as statistical analysis
and applicative support for some agricultural sectors. The value of this index is
better if it is close to 1.

o [mportance of ICT in Agriculture (input) - the value of this index relates to
determining the importance of the application of ICT in agriculture and ranges
from 0 to 5.
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e WEF Network Readiness Index (output) - this indicator represents the index of the
World Economic Forum (WEF) which defines the country’s readiness to accept the
digitalization and smart farming concept in agriculture. The value of this index is
better if it is close to 5.

Table 1. Smart farming indicator values for the selected countries

Governan-

Agriculture | Mobile phone Fan'ners Mobile 'ce Importance WEF

Countres | valucadded | subseriptions | 1oy | superipions | Ot | T | eadinens
habitants /100 habitants Service Index

Index

Armenia 21.93 112.40 46.30 31.00 0.61 4.22 4.24
Azerbaijan 5.69 107.60 58.70 43.90 0.43 5.23 4.28
Belarus 8.86 118.80 54.20 45.90 0.32 0.00 0.00
e | 751 91.20 67.90 2220 0.37 374 | 398
Georgia 9.20 115.00 43.10 16.40 0.59 3.95 4.22
Hungary 4.37 116.40 72.60 26.30 0.55 3.55 4.33
Kyrgyzstan 17.25 121.40 23.40 22.70 0.27 2.70 3.53
Migcri?nia 10.23 106.20 61.20 38.30 0.24 4.88 4.41
Moldova 15.23 106.00 48.80 47.20 0.52 3.67 4.03
Romania 5.36 105.60 49.80 37.60 0.44 343 4.15
Russia 3.95 152.80 61.40 60.10 0.70 3.82 4.52
Serbia 9.68 119.40 51.50 54.80 0.39 3.22 3.95
Slovakia 3.74 113.90 77.90 53.60 0.48 3.29 4.23
Slovenia 2.15 110.20 72.70 41.80 0.42 342 4.64
Tajikistan 27.40 91.80 16.00 0.10 0.06 3.92 3.20
Turkey 8.03 93.00 46.20 32.30 0.55 4.21 441
Ukraine 11.78 138.10 41.70 5.40 0.26 2.69 4.00
Uzbekistan 18.98 74.30 38.20 1.10 0.44 0.00 0.00

Source: Authors’ calculation based on FAO, 2018

Below the text is a circle chart (Figure 2) that aims to indicate fluctuations in the values
of the analysed indicators for smart farming mobile technology concept by country.
The x axis of this graph shows the values and the names of the indicator by column,
while the y axis shows the name of the country to which the particular indicator refers.
The circle chart for each indicator also shows the minimum and maximum values of
each indicator by country.
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Figure 2. Circle chart of the selected indicator values
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Results and Discussions

In the Neural Designer software solution, an analysis of the inter-correlation of input
variables was first conducted to determine which variables have the highest degree
of correlation. Thus, from Table 2 it can be concluded that the highest degree of
correlation exists between Farmers using Internet/100 habitants and Mobile broadband
subscriptions/100 habitants. The value of this correlation coefficient is 0.67 which at
the same time indicates the joint contribution of the mentioned input variables in the
formation of the output variable. Their positive relationship also indicates an identical
course of action when it comes to the formation of the output variable of the WEF
Network Readiness Index. On the other hand, the highest negative correlation, which is
-0.88, has variables the Agriculture value added percentage of GDP and Farmers using
Internet/100 habitants, which means that these variables have a diametrically opposite
effect on the output variable and are not dependent on each other.

Table 2. Correlations between agricultural mobile technology indicators

Agricultu-re Mobile l?h(?ne Farr‘ners Mobile broadband Gov?rnance Importance
subscripti- using o Agriculture .
value added subscripti-ons/100 . of ICT in
(% of GDP) | On$/100 - dnternet/100 | =y e nts Online 1 s oricultu-re
habitants habitants Service Index
Agricultu-re
value added 1 -0.45 -0.88 -0.74 -0.65 -0.28
(% of GDP)
Mobile phone
subscriptions/100 habitants ! 0.12 -0.21 0.29 0.16
Farmers using Internet/100 habitants 1 0.67 0.54 0.24
Mobile broadband subscriptions/100 habitants 1 0.51 0.41
Governance Agriculture Online Service Index 1 0.11
Importance of ICT in Agriculture 1
Source: Authors’ calculation
930 http://ea.bg.ac.rs
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Authors have considered that might be interesting to look for dependencies between
single input and single target (output) indicator. This task calculates the values of the
correlation coefficient between all inputs and target indicator (Figure 3). Correlation
close to 1 means that a single target is correlated with a single input. On the other hand,
correlation close to 0 means that there is not a relationship between an input and a target
variable. Note that, in general, the target depends on many inputs simultaneously. Figure
3 shows that indicator Importance of ICT in Agriculture has the highest coefficient
of correlation with WEF Network Readiness Index (0.890). It can be concluded that
farmers which understand the importance of using ICT in agriculture are more likely to
adopt a mobile technology perspective as a part of smart farming concept. In addition,
this conclusion is also reflected in the neural network architecture (Figure 6).

Also, the lowest value of the indicator which represents Agricultural value added percentage
of GDP (-0.59) means that there is no relationship between smart farming and its mobile
technology perspective in increase GDP. This means that some countries don’t implement
smart farming concept in the appropriate agricultural areas and because of that wrong
digitalization policy in agriculture sometimes there is no agricultural additional value.

Figure 3. Correlation coefficient values between all inputs and output

WEF Network Readiness Index top correlations chart

Importance of ICT in Agriculture 0.89

Agriculture value added % of GDP -—0.59
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0.453
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Mabile broadband subscriptions/100 habitants ID.DQiE—
-1.00 -0.50 0.00 0.50 1.00
Correlation

Source: Authors’ calculation

It is very useful to see how the outputs vary as a function of a single input, when all
the others are fixed. This can be seen as the cut of the neural network model along
some input direction and through some reference point (Figure 4). The next plot shows
the output WEF Network Readiness Index as a function of the input Farmers using
Internet/100 habitants. The x and y axes are defined by the range of the variables
Farmers using Internet/100 habitants and WEF Network Readiness Index, respectively.
The grey point represents the reference point.
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Figure 4. Reference point for selected input and output
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For data collection an incremental order of selected indicators was used in the Neural
Designer - Machine Learning Software. This software solution is based on a wide range
of advanced neural network algorithms which can detect, identify relationships and
predict trends between inputs and outputs in the form of applied mobile technology
perspective. This incremental order method starts with a small number of neurons and
increases the complexity until some stopping criteria is met. Also, input selection in this
predictive model for smart farming is based on growing inputs method. This method
calculates the correlation of every input with every output in the data set and creates
neural network that only contains the most correlated input with the properly output.

The procedure used to carry out the learning process is called training or learning
strategy. “The training strategy is applied to the neural network in order to obtain
the best possible loss” (Neural Designer, 2020). The type of training is determined
by how the parameters in the neural network are adjusted. The quasi-Newton method
is used here for training. It is based on Newton’s method, but does not require the
calculation of second derivatives. Instead, the quasi-Newton method computes an
approximation of the inverse Hessian at each iteration of the algorithm, by only using
gradient information (Song, 2018). Figure 5 shows the training and selection errors in
each iteration. The blue line represents the training error and the orange line represents
the selection error. The initial value of the training error is 4.80926, and the final value
after 14 epochs is 0.00380483. The initial value of the selection error is 1.08657, and
the final value after 14 epochs is 0.0180442.
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Figure 5. Smart farming neural network model validation and correction through iterations/epochs
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The model validity is based on the so-called Minkowski error (R), which referent value
is 2. In this model, Minkowski error is 1.2 < 1.3 <2 which confirmed model justification
especially after fourteen epochs. Minkowski error can be expressed by this formula:

E =2 T et W) — il (0

where E is error function, R is number 2, y, is output layer, x is input layer, ¥ is
weights array, ¢ is time (Christiansen et al., 2014).

Finally, the graphical representation of the resulted deep architecture of the mobile
technology smart farming indicators is shown in Figure 6. It contains a scaling layer,
a neural network and an unscaling layer. The yellow circles represent scaling neurons,
the blue circles perceptron neurons and the red circles unscaling neuron. The number
of inputs is 6, and the number of output is 1. The complexity of the neural network
architecture is 3, represented by the numbers of hidden neurons.
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Figure 6. Neural network architecture for agricultural mobile technology indicators
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The predictive model takes the form of a function of the output with respect to the five
inputs. The mathematical expression represented by the neural network is written below:

scaled ImportanceofICTinAgriculture = 2*(ImportanceofICTinAgriculture-0)/(5.23-0)-1;
scaled input 2 = 2*(input_2-0)/(5.23-0)-1;

scaled input 3 = 2*(input_3-0.06)/(0.7-0.06)-1;

scaled input 4 = 2*(input_4-0)/(5.23-0)-1;

scaled input 5 =2*(input_5-0)/(5.23-0)-1;

y 1 1=tanh (-1.53438+ (scaled ImportanceofICTinAgriculture*-0.580294)+
(scaled input 2*1.78343)+ (scaled_input 3*0.653686)+ (scaled input 4*
0.234748)+ (scaled_input 5*0.413798));

y_1 2 =tanh (1.79453+ (scaled ImportanceoflICTinAgriculture*0.665284)+
(scaled input 2%*-0.0348502)+ (scaled input 3*-0.251141)+

(scaled input 4*0.0844995)+ (scaled_input 5%2.1203));

y_1 3 =tanh (2.0106+ (scaled ImportanceoflCTinAgriculture*2.24073)+
(scaled input 2*-0.116955)+ (scaled input 3*-0.416228)+

(scaled input 4*0.046192)+ (scaled input 5*-1.38855));

scaled WEFNetworkReadinessIndex = (-0.595374+ (y_1_1*0.0231964)+
(y_1 2*¥1.5265)+ (y_1 3*-0.186018));

WEFNetworkReadinessIndex =

(0.5*(scaled_ WEFNetworkReadinessIndex+1.0)*(4.64-0)+0).

This expression takes the inputs: Agriculture value added percentage of GDP, Mobile
phone subscriptions/100 habitants, Farmers using Internet/100 habitants, Mobile
broadband subscriptions/100 habitants, Governance Agriculture Online Service Index,
Importance of ICT in Agriculture and WEF Network Readiness Index as output. The
future analysis may go toward solving regression issues through the scaling layer, the
perceptron layers and the unscaling layer in feed forward fashion.
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Conclusions

The digitalization of agriculture is one of the most significant innovations in the
agricultural sector. This process has led to a significant increase in value added in
the production process and ultimately to an increase in the percentage share of the
agricultural sector in GDP. The usage of mobile technology as an integral part of
the digitalization process and the smart farming concept is certainly a basic factor in
using ICT in agriculture. In order for mobile technology and its application support to
experience full expansion, it is imperative that each country, or farm, shows a willingness
to embrace digital innovations. By analysing the relationships of the variables, the
importance of implementing ICT in agriculture has proven to be a key indicator of
the country’s willingness to embrace digitalization in agriculture. Namely, the country
that has the highest index of applied ICT in agriculture can significantly increase the
level of added value. This indicator had the greatest influence on output neural network
structure, as can be seen in the analysis in the paper. The highest positive correlation
was observed between Farmers indicators using Internet/100 habitants and Mobile
broadband subscriptions/100 habitants, while the highest negative ratios are indicated
by the Agriculture value added - % of GDP and Farmers using the Internet/100
habitants indicators.

“Cost optimization techniques may be developed based on big data analytics that could
be implied upon large scale agricultural sector” (Ray, 2017, p. 417) through mobile
technology and its smartphones and other smart agri-devices as an integral part. This
leads to the agricultural predictive analytics because the large amount of farm data
could be processed. Specifically, mobile technology thus enables farmers to anticipate
further farm production through applications and smartphones. Satellite imagery of
farmland registering on smartphones with mobile technology reduces monitoring costs
and gives a real-time view of the farm. This allows farmers to respond quickly to certain
anomalies such as pest attacks on plant crops. In addition to practical application on the
farm itself, mobile technology also reduces the administrative and operational costs.
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