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1. Introduction

In our article, we present the structure of a process-oriented data warehouse created
according to the OLAP (online analytical processing) principle that enables simple
process controlling in crop production with 1 hectare process cost and time. To identify
the sequence of operations and parallelism of the processes, we used interval ranking
theory, which was implemented in the Power Query M formula language.

The data available at the right time and in the right way and the economic calculations
that can be produced from them, as well as the presentation of the produced information
to managers, are crucial in the decision-making process for the organizations. Wide range
of digital solutions has an important role to support the business activities and the
decision making in the case of farm management as well.

It is important to determine the structure of the data required to base the economic
calculations, build a data model and create a multidimensional database, this lays the
foundation for the calculation of economic and financial indicators, which can help in
making economic decisions.

1.2 The role of digitalization in the decision background of the agriculture

In our article, we present the structure of a process-oriented data warehouse created according to
the OLAP (online analytical processing) principle that enables simple process controlling in crop

production with 1 hectare

process cost and time. To identify the sequence of operations and
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parallelism of the processes, we used interval ranking theory, which was implemented in the Power
Query M formula language. The Technology has a key role in the different operational and decision-
making processes of the organizations (Panetto et al., 2020). Technologies like cloud services, Internet
of Things (IoT) and Big Data analytics are highlighted by Annosi et al. (2019) that can be assumed
important both in the agriculture and the food industry. Cloud services can support the virtualization of
business processes to establish an ICT-based intelligent agricultural information system (Lateckova et
al., 2018). The contribution of IoT to the change of agrifood business processes and to the data centric
management is considered relevant throught the decision support tools (Verdouw et al., 2016). The
accessibility of information and knowledge is required in the agricultural sector as it may increase the
productivity through a better decision making process of the farm managers (Ali-Kumar, 2011). Big
Data means a tool in the Agriculture 4.0 concept that can help the development of specific marketing
strategy (Lezoche et al., 2020). An additional benefit of the application of different digital solutions is
a potential improvement of the cooperation between supply chain stakeholders (Singh et al., 2019).
The strategic decisions on digital transformation, however, do not mean development in the
performance automatically, the business model of the organization requires a complete rethink and
change (Bouwman et al., 2019). In order to optimize the internal business processes of the enterprises
a more intensive use of digital technologies is needed (Ahmedova, 2015). A strong and dynamic
corporate entrepreneurship is needed to exploit the benefits of digital technologies by integrating them
into organizational strategies and creating the right corporate culture for digital adoption and use
(Yunis et al., 2017). Recent research papers analyse different aspects of digital agriculture in relation
with farming systems and value and food chains (Klerkx et al., 2019).

The agricultural sector has undergone significant innovation in the last two decades, aimed at
improving efficiency and competitive advantages. Farming enterprises have transformed from simple
production units to multifunctional businesses. Effective farm management is crucial for financial
survival and sustainability in today's competitive environment (Vasileva et al, 2020).

Challenges such as limited time for in-field monitoring, financial management difficulties, and the
need for decision support (Serensen et al, 2011) have emerged due to the increasing complexity of
farming operations (Paraforos, 2017). Farmers require additional information and suitable
technologies, including Big Data, to monitor and manage data collection in the field. Real-time
information and informed decision-making are key components to success (Shankarnarayan-
Ramakrishna, 2020).

Policy reforms promoting multifunctional rural economies have created uncertainties and pressure
on farms to become more entreprencurial and adopt new technologies (Morris et al, 2017).
Technological advancements have revolutionized farming practices, enabling eco-friendly and
sustainable methods. Smart farming, integrating modern technologies like big data, machine learning,
and robotics, empowers farmers to make data-driven decisions (Sharma et al, 2022). Web-based tools
can enhance the capabilities of agricultural enterprises to address challenges and ensure future success
(Subhashree, 2023).

Financial analysis tools have evolved to predict these problems and minimize risks. Adequate
accounting and analytical support principles are also crucial for effective decision-making (Bondina,
2021). Production costs and additional costs for environmentally friendly products have been studied
before widely in the professional literature with great success (Pefia et al, 2022).

Technology supports business models, improving production scale, cost management, and
diversification. Information and communications technology provide real-time access to useful
information, enhancing productivity and adaptability Web-based tools simplify complex economic
analysis and support data-driven decision-making (Sopegno et al, 2016).

]
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Figure 1. Production technology flow chart of grain maize
Source: Own edition
2. Methodology

In this study, we present the system that has been created by processing electronic data of the
Technology process sheet and which can be used that concern managers, such as
e  Share of total on-farm crop production expenditures by operation name
Share of total working hours by operation name
Share of production input material expenditures by material types
Cost composition of operations for 1 hectare
Cost composition of materials for 1 hectare
Machinery composition for crop production on total land

The system’s indicators are a simple resource cost for 1 hectare with resource quantity and time
calculations for process and its operations are presented on executive dashboards using various
visualisation that are clear and understandable to everyone. We used data warehouse technology for
data processing.

Defining and implementing the system and its design pose considerable challenges, allowing only
for an approximate understanding of its scope. Different individuals have proposed numerous
definitions, one of which states, "In a system thus we mean a whole that consists of elements, things,
objects, element relations, relationships, relations, and connections that have certain properties.”
(Szenteleki, 2007, p.10)

Similarly, a consistent definition of a data warehouse stays elusive. Bill Inmon and Ralph Kimball
are widely recognized figures in data warehouse design. In Kimball's book, The Data Warehouse
Toolkit, he defines a data warehouse as "The conglomeration of an organization's data warehouse
staging and presentation areas, where operational data is specifically structured for query and
analysis performance and ease-of-use.” (For the Hungarian translation see: Szatmari, 2009, p.7)

Operational support systems within an organization can be categorized into two primary groups:
transaction-oriented OLTP (Online Transaction Processing) and analysis-oriented OLAP (Online
Analytical Processing) systems. The distinction between these two types lies in the fact that
transaction-oriented systems facilitate daily tasks and event tracking, while OLAP systems focus on
long-term information gathering and decision support. OLAP systems store and present the company's
historical data. The ETL (Extract-Transform-Load) process serves as an intermediary step between
these systems, involving the extraction of data from transaction systems at regular intervals, potential
data cleansing, transformation to enable reporting, and finally, loading into the data warehouse
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structure. Transactional systems are characterized by a high number of users responsible for recording
daily events, while OLAP systems are accessed by decision-makers and managers seeking
information. The design of OLTP entails an individual-relationship model with detailed data
resolution, while OLAP deals with processing object-oriented data previously saved. (Csepei, 2009)

Two methodologies are well-known for classical data warehouse design: data-driven (Inmon) and
requirement-following (Kimball) approaches. Both methodologies have their limitations. The data-
driven approach may hinder answering numerous questions from larger, more complex data sources
due to tangled data. Conversely, the requirement-following method carries the risk of creating a cube
that can only address a single question.

Consequently, both methodologies show advantages and disadvantages, leading to the emergence
of hybrid design methodologies in the past decade and a half. These methodologies aim to use the
strengths of both approaches while mitigating their respective drawbacks. When designing our system,
we employed such a hybrid methodology (Takacs et al., 2020).

1. Requirement Analysis: During this phase, we gather questions, metrics, and dimensional
requirements related to the problem by conducting interviews with decision makers. We use a
specialized structured stenography based on the problem-specific terminology to formalize these
specifications. The outcome of this step is a set of formalized questions.

2. Deriving Minimal Granularity: Using the set of formalized questions, we determine the
minimum level of detail required for each indicator. This step results in a set of indicators with
dimensions that are detailed to the necessary extent. Deriving Ideal Schemata:

3. Ideal schemata: We establish mappings between dimensional attributes and their
corresponding keys, creating the initial conceptual schemata. This step yields ideal dimensions
(consisting of keys, attributes, and hierarchies) as well as ideal facts (with dimension keys for join),
irrespective of the data sources.

4. Source Analysis: We break down the ideal facts into potential elementary transactional
attributes and identify their presence in the source systems. The outcome of this step is the derived
potential schemata.

5. Integration: We compare the ideal schemata obtained from the requirement analysis with the
potential star schemata. A match is found when both schemata contain the same fact and exhibit the
same dimensional characteristics at the same granularity level. During this step, we define the
necessary transformations, calculate fact tables, and establish common dimensions with their
associated attributes.

6. Multidimensional Modelling: We construct the cube(s) by incorporating dimensions,
dimension hierarchies, and measures, resulting in a comprehensive multidimensional model.

3. Results

3.1 Requirements analysis

In the requirements analysis phase, we collect and formalize managerial questions. The question
and its description are defined in a textual and a formal way. A “manager/leader” is a person whom the
system provides with information. As a result, they expect the report to appear in the form of
visualized data on an IT interface. Reports and dashboards must be structured according to the
requirements of access rights (it is not all the same, what level of managers can access certain reports).

In the requirements analysis, we “analyze” management questions based on the following aspects
of Table 1: What is the indicator? In which aggregation? What is the unit of measure? What kind of
visualization would we like to see? At what resolution? What kind of slicers can be applied?

Table 1. Management question analysis

Indicator flulul} the indicator | to be produced with u unit(s) in
unit(s (afLaf]} the upper right index and af aggregate
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aggregate function(s) function(s) in the bottom right index,

the v visualization with the type vt (table, line
diagram, bar graph, etc. ...) and optional s slicers
(values can be D¢y dimensional attribute, Dy
subset of concrete values, or a D¢y dimensional
attribute in the d detail of another I indicator on
the same dashboard)

d details with D, dimensional attribue(s), with
optional ¥ {a} aggregation. d values e.g.: row,
column, category, y indicator

visualization

(&)

( Dy(q) ){d}
(D3]
Source: Takacs et al. (2020)

vt \" |/ D @
{ulul} 2al
Formally: I{.g af]}([[i}]) ([Dg{:}]) ‘

The formal definition above covers the configuration and the display of indicators, and these are
related to one diagram. Several different visualizations could arise in the manager, related to the

slicer(s)

detail(s)

requirement specification, so many formal descriptions will be made in this section.

Table 2. Management questions and dashboards.

Logical Description

Formally

Machiner day gantt parent task 5D ED
compositi%n for crop D (dcg'ram malze) (dPgume) ) (A0gamg ) (dPispy) (APzpy)
production on total piey waterfall \" )mt

Iand sum dcgram maize *mmﬂ}

Share of total on-farm
crop production

expenditures by (i (dc ) (A0 amgy ) 27
operation name grain maize
Share of total working | pday (dc ) (0 0)
hours by operation grain maize
name
rt (db'l;:ﬂ:fe}‘ fall ) (dﬂgmmg})m
Cost composition of " ;;2:?;}?
operations for 1 ke (dc ) Reeype;) ™
hectare grain maize
U Eegend
Csum (dcgral.n malze) [:dR{tJ'jg}

water fall
Cost composition of C‘:ﬁm dCoain maize (dR;mm})m
materials for 1 hectare AR, terial :
Share of production AR perational
input material pie v
expenditures by N I [ ot
material types (o dR (dRame; )

material
anperatEonal

Source: Own edition

3.2 Source analysis
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In this project, our source is clearly based on the Technology process sheet and its electronic
version. It shows the lead-time, resources, and its costs shown in the Figure 1. Our source system can
be considered a hybrid system on the axis between a transaction-oriented and an analytics-oriented
systems. It is closer to a transaction-oriented approach, while keeping a record of the steps of the plant
cultivation technology, but the recording does not strictly follow the principle of recording
transactions but is like filling in different cells in a form from the result as shown in the Figure 2.

production technology of grain maize 2022 Year
hybrid/variety DKC 4712
prglvious crc()jp b winter wheat
soil type and quali
(goldyer:‘n crow: vall?tle) chernozem GCV 30
comments:
. _ used_input _ coskicF _ cost of )
Operation 7: harvesting qugntrty per  unit input unit unit | perunit  unit
unit of land of land
time period: 2022 10.5-10.15
machinery:  John Deere T 660+Geringhoff Rota Disc 1 pcs 43510 Ft/ha
power-machine combine harvester 1 pcs 27 820 Ft/ha 27 820 Ft/ha
implement corn header 1 pcs 4 500 Ft/ha 4500 Ft/ha
machinery operator driver 1 head 1400 Ft/ha 1400 Ft/ha
material to machinery fuel 22 liter 445 Ft/l 9790 Ft/ha
material to operation: - Ft/ha
material to operation: - Ft/ha

service to operation 7: |

total cost of operation:

Ft/ha
43510 Ft/ha
Figure 2. Technology process sheet — an example of harvesting operation
Source: Own edition

Source entities and relationships are based on the Technology process sheet are:

eComp: Company entity
e  ComplD: unique identifier attribute in format: C[001-999]
e  Company name: string,

eCrop: Crop entity

CropID: unique identifier attribute in format: T[000-999]

Crop name: Hungarian equivalent of the {rice, wheat, maize, corn, etc}
Type: Hungarian equivalent of the classification e.g. {silo, szemes, etc...}
Hybrid/variety: specific subtype of the crop

Precrop: like Crop

Soil type: number of documents

Gold crown value: numeric

Comment: freestyle text

weProc: Process weak entity

e ProcID: unique identifier attribute in format: F[000-999]

Process name: Hungarian equivalent of the main Process e.g. {rice, wheat, maze, corn, etc}
Year: based ont he harvests date in format: {yyyy}

ComplD: foreign key attribute in format: C[001-999]

CroplD: foreign key attribute in format: T[000-999]

¢Op: Cultivation operation entity
e OpID: unique identifier attribute in format: M[001-999]
e  Operation name: string,

doi: 10.17700/jai.2023.14.1.697 38
Janos Felfoldi, Szilvia Botos, Levente P. Balint, Dénes Sulyok , Sdndor Csenki , Viktor LaszId: A process-oriented data
warehouse to support decision making process in crop production



Journal of Agricultural Informatics (ISSN 2061-862X) 2023 Vol. 14, No. 1:33-43

eRes: Resource entity

e  ResID: unique identifier attribute in format: EF {A,G,M,K}[001-999], where A, G, M, K are
abbreviations from Resource type

Type: Hungarian equivalent of the classification from {material, machine, work, service}
Subtype: Hungarian equivalent of the subclassification of the type

Comment: specific name of the resource, too much variation

Unit: measurement unit

weProcOp: ProcessOperation weak entity

ProclD: foreign key attribute in format: F[000-999]

OplD: foreign key attribute in format: M[001-999]

OSN: operation sequence number attribute started from 1

ProcOplID: unique identifier attribute in format: {ProcID} {OpID}-{OSN}
StartDate: start date of the operation in {yyyy}.{mm}.{dd} format
EndDate: end date of the operation in {yyyy}.{mm}.{dd} format

rCost: Cost realtionship

e  ProcOplD: foreign key attribute in format: {ProcID} {OpID}-{OSN}

ReslID: foreign key attribute in format: EF {A,G,M,K}[001-999]

Quantity: numeric

Cost: numeric

Area (hectares): area size where the cost occurred, numeric3.2. Value of identification
technologies in food sector

3.3 Integration phase

Due to the hybrid nature of our source system, we didn't have much to do during the integration
phase, we calculated the durations of the operations and the cost of the resources aggregated for the
whole process.

The operation mesh table was developed for two purposes: to sequence process operations and to
identify parallel operations based on the operations time periods. The algorithm is implemented in
Power Query M formula language, and it is based on a simplified interval ranking method (Luo, B.,
Ye, Y., Yao, N. et al. 2021). Since its introduction by Dwyer (1951), the concept of interval numbers
has garnered significant attention from scholars, leading to extensive research on methods for ranking
them. Several notable achievements have been made in this area (Dubois and Prade 1987; Nakahara et
al. 1992; Ganesan and Veeramani 2006). Ishibuchi and Tanaka (1990) showed a definition for the
weak preference order relationship between two interval numbers in linear programming. Furthermore,
Firozja et al. (2012) proposed an interval distance metric to quantify the similarity of generalized
fuzzy numbers while keeping metric properties.

Definition 1: (Nakahara et al. 1992; Moore and Lodwick 2003) Assume
i = [a*, a"] = {ala* < a < a",a*, a” € R} is an interval number, where a* and aV are the upper
and lower limits of @, respectively.

Definition 2: (Ishibuchi and Tanaka 1990; Ganesan and Veeramani 2005) Assume @ = [a*, a”]
and b = [b*, bY]; define P(& = 5) as the advantage degree of @ compared with b: P[& = 5) € [0,1]
and P(@ > b) +P(b = @) = 1. IfP(@ > b) > 0.5, then @ > b; if P(@ > b) = 0.5, then @ = b; and if
P(@ > b) < 0.5, then b = a.

Definition 3: (Xu and Da 2002; Fan and Liu 2010) Assume @ = [a*,a”] and b = [b%, bY]; if
al = bY, then P[& = 5) =1 and P[S = &) = 0. Thus, d@ and b are separate interval numbers.

Definition 4: Let {f;, ., ..., D} be a group of arbitrary time period interval numbers, and suppose
that §; and p; are elements of them and i, j € [1,n]; define n (, p;) = min(p?, p?) — max(pf, p*)
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as intersection of p; compared with p;: N (;T!;'JTJ,} eR. If n {ﬁ!ﬁj} > 0, then p; Il p;; and if
N (ﬁ;ﬁj) < 0, then p; < py, if pf = p/; and p; < p;, if p} = /.

Procedure for creating the operation mesh table for the sequence of operations in processes:

Based on the principle of time interval parallelism, the procedure can be summarized as follows:

L.

2.

0.

10.
11.

12.

13.

14.

m

Derive the projection "weProcOp™ from the ProcessOperation weak entity, including the
attributes ProcID, OplID, StartDate, and EndDate.

Create the Cartesian product "IRM" from the cross join of weProcOp' with itself, matching the
ProclD attribute of the entities.

Select the records in the IRM table where the Source OpID is not equal to the Destination
OpID.

Extend the IRM table by adding the "Parallel" attribute based on Definition 4.

Select the records in the IRM table that are not parallel.

Create a projection of the IRM table including the attributes ProcID, Source OpID, and
EndDate, Destination OplID, and StartDate.

Extend the IRM table by calculating the "Distance" attribute as Destination Operation
StartDate minus Source Operation EndDate.

Create a projection of the IRM table including the attributes ProcID, Source OplD, Destination
OplD, and Distance.

Select the records in the IRM table where the Distance is non-negative.

Derive the projection "minDist" table from the IRM table.

Calculate the minimum aggregation of the Distance attribute, grouped by ProcID, Source
OplID, and assign it as the minDist attribute.

Join the IRM table with the minDist table, creating the Operation mesh table, where the
ProcID and Source OplD attributes are equal.

Select the records in the Operation mesh table where the Distance attribute is equal to the
minDist attribute.

Create a projection of the Operation mesh table including the attributes ProcID, Source OplD
and Destination OplD.

3.4 Multidimensional model

The optimal physical model of our process-oriented OLAP system is shown in Figure 3. Since our
source system was uploaded with a data provider form solution and the source system does not closely
follow the transaction-oriented paradigm, few modifications were necessary in the integration phase.
The factProcessOperation table contains a summary of operation costs and technical yMax for better
visualization from the resource fact table, and the time required for the process was calculated, as well
as the operation name based on the sequence of activities. For this, an operation mesh table was
created in the system showing the sequence of operations per process.

]
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Figure 3. Multidimensional Entity Relationship model of our system
Source: Own edition

4. Conclusions

By now, Clive Humby’s mathematical phrase, “Data is the new oil,” has become a proverb. Then,
Palmer complete: “It’s valuable, but if unrefined it cannot really be used. It has to be changed into
gas, plastic, chemicals, etc., to create a valuable entity that drives profitable activity, so must data be
broken down, analyzed for it to have value.” (Palmer, 2021)

The database established for the storage of data related to crop production processes. The
formalized calculations of the indicators that must be generated to answer management questions were
determined, and the results were developed and visualized using Microsoft Power BI.

While our quasi-OLAP system required minimal transformations, the identification of the sequence
and parallelism of process operations required interesting mathematical and relational algebra
approaches in the Power Query M formula language. This method can be further improved to classify
operational times as work, wait, or slack time. The method can help the implementation with the
analysis that can determine the length of the critical path of the time plan, which shows the completion
time of the process as a duration.

The information system created based on management questions contains key time and cost
indicators and graphs that can help analyze the efficiency of production and business processes. The
formal description of the visualizations and dashboards used to answer these questions was defined in
the first step, the requirement analysis phase.
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Investigating the possibility of expanding the prepared database with information obtained from
other data collection and, if possible, integrating data from different data sources from multiple, large,
distributed and heterogeneous databases and other sources of information represents a further direction
of research.
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