
Basics of data-driven Climate
Smart Agriculture – part 2

Data and analyses at the Farm



Agridata

It is common to hear the refrain – “Age of (big) data” – where new and promising Artificial 
Intelligence (A.I.) analysis applications and results in agricultural sectors are constantly 
being published.

Thought exercise: Is appreciation of data in farming new?



Agridata

https://www.metmuseum.org/art/collection/search/327384

The Sumerians, considered to have invented the 
first accounting and writing systems, kept record 
of harvest and grain inventories. The clay 
cuneiform tablet (right) from ca. 3100–2900 BCE 
most likely documents the delivery and 
distribution of barley and emmer wheat. 

https://www.metmuseum.org/art/collection/search/327384


Agridata

https://www.serg.ai/2021/03/the-long-history-of-data-in-agriculture/ 

Clearly, appreciation for agridata is not new. 

The essential challenge, however, is to use 
advancements in sensor, communication and 
analysis technology to explore advanced 
applications and knowledge discovery.

With greater understanding of the ecosystem 
interdependencies, data can be used to not only 
increase productivity, but importantly to do it 
sustainably. 

https://www.serg.ai/2021/03/the-long-history-of-data-in-agriculture/


Nature of Data

An over-simplified informal way of answering the question ”What is data?” could be

“A symbolic description of what can be known”

Letters, numbers, etc

Text notes, signal, numeric 
records, images etc Temperature, Weight

Measured, observed



Nature of Data

An over-simplified informal way of answering the question ”What is data?” could be

“A symbolic description of what can be known”

Thus, data is essentially a value commodity whose value is extracted from it for differing 
purposes



Nature of Data

Knowledge

Information

Data

Wisdom

Thought exercise: Consider each term below and ask yourself, 
what is it made up of and how does one create it? 



Data value chain

InformationData Knowledge Wisdom

Raw facts Processed data + context “how” Decision making

appliedorganizedprocessed

Commonly referred to as the DIKW hierarchy where each node creates value, consolidating and 
assessing content from the previous node(s) and can be used to answer increasingly complex 
questions



DIKW hierarchy – farm specific examples

InformationData Knowledge Wisdom

Raw facts Processed data + context “how” Decision making

appliedorganizedprocessed

Temperature
Soil moisture
Yield
…

Yield distribution
Vegetation indices
Growing degree days
…

Yield gap 
Seed trials
Soil health
…

Cropping system 
Irrigation scheduling
…



Data-driven on-farm decision making

InformationData Knowledge Wisdom

Farm Infrastructure

Farm strategy and goals

Decision making

The data value chain positions itself by helping decision making within the 
context of farm-specific strategy and goals. 



Data-driven on-farm decision making

Various kinds of data generated in farming practices have great potential to be used in 
agricultural decision-making. 

• Solutions to turn complex data to knowledge are needed to support right actions. [1]

• For Climate smart agriculture, digital tools and data are necessary when it comes to 
measuring, monitoring and verifying climate impacts of farming processes 

• Smart farming technologies including information and communication technologies 
are needed for modern farming processes and to enhance management [2]

• Combining smart digital tools and farm machinery can improve precision and 
efficiency of farming. [3]



Data-driven on-farm decision making

• At the farm level, CSA goals could be set and updated based on data analytics that are 
executed to inform decision making processes

• There are typically 3 types of analyses that function on the data value chain - 
• Descriptive
• Predictive
• Precriptive



Data-driven on-farm decision making

Descriptive analytics

where the results help describe the state of the system under observation. Some examples 
are –

• Vegetation indices that describe biomass vigour, or water stress
• Yield measurements
• Soil measurements and structural analyses



Data-driven on-farm decision making

Predictive analytics

where the results help forecast the state of the system under observation. Some examples 
are –

• Yield or biomass forecasts of a standing crop
• Climate forecasts
• Soil organic matter forecasts based on farm management decisions



Data-driven on-farm decision making

Prescriptive analytics

where the results guide decisions by suggesting course of action to drive the system under 
observation towards set goals. Some examples are –

• Fertilizer application rates based on crop vigour mapping
• Irrigation management based on climactic forecasts and vegetation growth models
• Cropping strategy based on soil health strategy and market optimality



Goals: 
Financial, Environmental, Social

Fields Monitoring Interpretation Decision making Action

Descriptive Predictive Prescriptive

- Field measurements
- Farmer observations

Increased knowledge

-Monitoring values
-Comparing values 

-Machine-made 
interpretation
-Man-made 
interpretation

-Right-timed
-Targeted
-Profitable

-Data-driven
-Objective
-Accurate

Define actions Evaluate & update goals

InformationData Knowledge Wisdom

External data & knowledge sources



Data collection & presentation

• An important aspect of decision making is the visualization of data and 
analysis results that when properly done can reinforce knowledge or 
intuition.

• When data and new information is delivered to farmers from multiple 
systems, different user interfaces (dashboards, mobile applications etc.) 
are needed to present it in a meaningful and understandable form.

• It is also possible to include alerts or notifications in these [2]. Mobile 
applications especially are usable tools to provide real time notifications 
for users.



Data collection & presentation

• Mobile applications have many advantages. 
• Almost everyone has a cell phone, and they are easy to carry with. 
• include the basic requirements for data collection (like camera, GPS-

positioning and data connections)

• Field images combined with other data, like weather, geospatial 
information and satellite observations, can accelerate the development 
of new services. [4] 

• Farmers already use mobile phone cameras for monitoring, 
documentation and analysis tasks. The images are useful in problematic 
situations when the farmers need some reference material or guidance. 
[2]



Agridata: CSA context

For any farm, having set a strategy and goals within the CSA context, data sources can be 
identified by mapping the data categories and sub-categories. 

A map of such data streams can help with capturing the overall layout of what data are 
currently available either on-farm or accessible via web platforms. 



Sources of agridata

On-farm data
• Notes
• Sensors
• IoT devices
• Weather

National data
• Weather (e.g. FMI)
• Soil maps

International data
• Remote sensing
• Market condition 

monitoring
• Sample surveys

Examples of data categorized according to source locations:



Data streams: CSA context

On-farm 
CSA 

decisions

Expert advice

Input prices ↕ 

ClimateInformation

Regulations

Industry 
Standards

Commodity 
price forecasts

ForecastingWeather 
station

Environment
Forecasting

Pest obs.

Disease obs.

Operational Crop selector

Soil condition

Erosion risk

Moisture data

Organic content

Crop condition

Instrument 
diagnostics

Financing costsInterest rate 
forcast

Product prices ↕

Consumer 
behaviour

Market
 behaviour

Labour

Legislation

Trade relations

Farm management 
information Systems (FMIS)

Work hours

Soil Structure

Farming actions (e.g. 
harvesting, fertilizing)

Tools & 
machinery

Inputs: type, amount, 
location

Buyer 
requirements

sub-
contractors

Institutional 
data stream

Production  
data stream

Market data 
stream

Financial data 
stream

Vision

Strategy

Goals

Policy

Contracts

Insurance

Self/family

Employees

Biodiversity

An illustration of a categorized map of data streams relevant for a farm 
operation



Self-study exercises

In the following 3 slides cases of data portals are referenced where the reader can explore 
how agridata is collected and displayed



Case: Field Observatory

https://www.fieldobservatory.org/index.php/home/



Case: Crop variety selector

https://maatalousinfo.luke.fi/fi/lajikevalinta



Case: Market condition

https://www.amis-outlook.org/amis-monitoring/monthly-report/en/



Agridata analysis

Different steps in the data value chain require varying levels of data analysis methods to 
extract the desired parameters or explore unknown relationships.

“Analysis” is a very broad term covering a wide range of methods developed across 
centuries; the latest being the developments in Artificial Intelligence (AI) and Machine 
Learning (ML). 



Analysis process

Define 
Purpose

Obtain 
data

Explore & 
clean data

Identify 
analysis 

task

Choose 
analysis 
methods

Technical 
implementation  
& optimization
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A typical analysis is executed through a sequence of steps as illustrated below 



Analysis process
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The process is initiated by defining the objective of the analysis – i.e., identifying an 
‘unknown’ in a farming operation that is important for decision making

Define 
Purpose

Obtain 
data

Explore & 
clean data

Identify 
analysis 

task

Choose 
analysis 
methods

Technical 
implementation  
& optimization



Analysis process

Some examples of such a purpose: 



Analysis process
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Having defined a purpose, all appropriate data need to be identified and aspects of data 
collection and storage need to be addressed.  

• Data collection plan?
• How is it to be stored?
• Data ownership and privacy?

Define 
Purpose

Obtain 
data

Explore & 
clean data

Identify 
analysis 

task

Choose 
analysis 
methods

Technical 
implementation  
& optimization



Case example: A producer may wish to map out all the data sources relevant 
and/or available to their operation. Each data type may have its own protocol 
for access and storage
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Remote sensing 
data

Platforms

Expert advice

Sensors data

Forecasting

Instrument diagnostics

Veg. 
Producer

Commodity Prices

Spatial analysis
Weather

Information

Regulations

Industry Standards

Market data

Forecasting

Soil moisture

...

Weather station



Analysis process
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Corrupt or missing data, often present, needs to be cleaned. Data coherence may need to 
be confirmed. 

Define 
Purpose

Obtain 
data

Explore & 
clean data

Identify 
analysis 

task

Choose 
analysis 
methods

Technical 
implementation  
& optimization

• Data consistency issues?
• Missing data?
• Collection strategy deficiencies?
• Nature of data – e.g., distribution?
• Units and calibration?
• Derived parameters?



Visualization helps with understanding the nature of collected data and exploring cursory 
relationships that can help identifying appropriate methods downstream. 



Analysis process
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With a sound understanding of the acquired data and required type of analysis 
(descriptive, predictive or prescriptive), the appropriate task(s) is identified, and method(s) 
chosen.

E.g. if the task is that of classification, then one or multiple classification methods can be 
chosen to test on the data

Define 
Purpose

Obtain 
data

Explore & 
clean data

Identify 
analysis 

task

Choose 
analysis 
methods

Technical 
implementation  
& optimization



Including ML & AI 

• AI and ML could bring added value to support farmers decision-making. [1]

• Dedicated information systems which can handle ML workloads but also capable to 
generate dashboards and visualizations are needed to provide information, trends and 
patterns in usable form. [5]

• Data accuracy and interoperability between different systems and software solutions 
should be taken into account and improved constantly. Multiple systems and 
applications that don’t operate together increase the workload and can prevent the use 
of these systems.



Analysis process
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Define 
Purpose

Obtain 
data

Explore & 
clean data

Identify 
analysis 

task

Choose 
analysis 
methods

Technical 
implementation  
& optimization

Machine learning

Decision support systems

Computer vision

Mobile applications

Web services Image processingFourier transform

Spectral data analysisWavelet analysisCloud platforms

Modelling & simulationGeospatial analysis

Statistical analysis

Some method examples from literature used in data analysis: 



Analysis process

22/09/2024 |  37

Define 
Purpose

Obtain 
data

Explore & 
clean data

Identify 
analysis 

task

Choose 
analysis 
methods

Technical 
implementation  
& optimization

Numerous sophisticated methods are grouped under “Artificial Intelligence”. Among these, 
Machine learning methods have in the past couple of decades made tremendous strides in 
capability in handling big data and learning complex relationships buried in the data.



Case: Convolution Neural Networks in agri analysis

• The following slides present a brief (non-exhaustive) summary of applications of a 
particular machine learning method – Convolution neural Networks – in agricultural 
applications

• The reader is encouraged to read the referenced publications to understand how the 
applications were implemented



Machine Learning

Deep Learning

CNN
(Convolutional 

Neural Networks)

Soil type
Mineral content (N,P,K,..)
Organic content
Moisture

Irrigation
Fertilizers
Compost
Herbicides
…

Temperature
Solar radiation
Precipitation
Humidity
…

Remote sensing
image data

+

Sensor Data

Agriculture information processing

Agriculture production system optimal 
control

Smart agriculture machinery 
equipment

Agricultural economic system 
management

Artificial Intelligence
Methods

Agronomy 



Machine Learning

Deep Learning

CNN
(Convolutional 

Neural Networks)

Soil type
Mineral content (N,P,K,..)
Organic content
Moisture

Irrigation
Fertilizers
Compost
Herbicides
…

Temperature
Solar radiation
Precipitation
Humidity
…

Remote sensing
image data

+

Sensor Data Artificial Intelligence
Methods

Subject 
Areas 

Plant

Animal

Land

Mechanization



Machine Learning

Deep Learning

CNN
(Convolutional 

Neural Networks)

Soil type
Mineral content (N,P,K,..)
Organic content
Moisture

Irrigation
Fertilizers
Compost
Herbicides
…

Temperature
Solar radiation
Precipitation
Humidity
…

Remote sensing
image data

+

Plant

Animal

Land

Mechanization

• Crop classification

• Phenology recogn.

• Disease detection

• Weed/pest detection

• Fruit counting

• Yield prediction

Sensor Data Artificial Intelligence
Methods

Subject 
Areas 



Kussul et al. 2017; DOI: 10.1109/JSTARS.2016.2560141

Rebetez et al. 2016; ISBN: 978-287587027-8

• Crop classification

• Phenology recogn.

• Disease detection

• Weed/pest detection

• Fruit counting

• Yield prediction



Yalcin, Hulya. “Plant phenology recognition using deep 
learning: Deep-Pheno.” 2017 6th International Conference 
on Agro-Geoinformatics (2017): 1-5.

Cotton Pepper Corn

• Crop classification

• Phenology recogn.

• Disease detection

• Weed/pest detection

• Fruit counting

• Yield prediction



Mohanty et al. 2016; DOI: 10.3389/fpls.2016.01419

accuracy of 99.35%

• Crop classification

• Phenology recogn.

• Disease detection

• Weed/pest detection

• Fruit counting

• Yield prediction



McCool et al. 2017; DOI: 10.1109/LRA.2017.2667039

Dyrmann et al. 2017; DOI: 10.1017/S2040470017000206

• Crop classification

• Phenology recogn.

• Disease detection

• Weed/pest detection

• Fruit counting

• Yield prediction



Bargoti & Underwood 2016; arXiv:1610.03677v2  

Chen et al. 2017; DOI: 10.1109/LRA.2017.2651944

• Crop classification

• Phenology recogn.

• Disease detection

• Weed/pest detection

• Fruit counting

• Yield prediction
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Yield prediction

• Crop classification

• Phenology recogn.

• Disease detection

• Weed/pest detection

• Fruit counting

• Yield prediction



Value of data is in the knowledge it fosters

It is essential to recognize that when faced with a plethora of data sources and 
sensor types, the value of data collected needs to be considered. 

Selecting the analysis method needs consideration of cost, availability, reliability of 
results, availability of essential input data etc



Challenges

• Understanding and use of data is still limited. Lack of tools prevent the full utilization of 
data on farms. [1]

• Usually, in practice, collected data is limited to simple monitoring and reporting tasks 
and not to solve actual and practical problems. [7]

• There is challenges to utilize variety and large quantity of agricultural and environmental 
data for analysis and decision-making. This also relates to the lack of tools and 
interfaces. [2],[6]
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