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1

Background

In an request dated 19 May 2020, the Danish Agricultural Agency (LBST) has asked the Danish
Centre for Food and Agriculture (DCA) to assist in solving known problems in the monitoring
of quarantine pests in the growing of consumer and seed potatoes (4.02 ’Remote sensing,
anvendelse af satellitdata’). LBST wants to change focus from drone and robot technology to
satellite based remote sensing, to facilitate risk management at a national scale. In the ideal
use case scenario, when LBST initiates the preparations for the annual monitoring of consumer
and seed potatoes, they would like to run an algorithm to estimate the risk of potato cyst
nematode infection on all potato fields in Denmark. These risk estimates are to be used to find
candidates for manual investigation of nematode infection.
Specifically, LBST asked for assistance on the type of satellite data to use to detect fields which
were subject to nematode infection, and the algorithms, methods, and software needed to
analyze these data. They currently use data from the ESA Copernicus programme, and it was
therefore required that data from the Sentinel satellites were included. The initial aim was to
detect the nematode infection directly from satellite data. If this was not feasible, focus should
shift to an algorithm for risk mapping. The specifics on the type of algorithm to be developed
were not further described. LBST has collected field-level data from previous years, and were
to collect high-quality ground truth data in the fall of 2020, which were to be shared with DCA
to validate the algorithm(s) in the project. Unfortunately, the current practice of soil sampling
does not give an exact location of where the nematode infection was found in a field.
After the project started, it was identified that LBST did not have the resources to collect
high quality ground truth data, which was an obstacle to the original project description.
To accommodate this, LBST and DCA agreed that the project should shift focus from being
specifically on nematode infections, towards the design of more general approaches for
direct detection and risk mapping based on satellite data. However, there should remain
sections which includes advice for future projects on following subjects:
1. Procedure for direct detection of potato cyst nematodes, by the example of crop
type classification (Section 2).
2. Risk prediction methods, including model approaches that identifies fields with areas
of poor growth, which may be an indicator of potato cyst nematode infection (Section
3).
3. Overview of resource needs for future initiatives with the aim of extending risk prediction and/or direct detection (Section 3 and 4).
In addition to the described subjects, DCA proposed to also focus on transparency in the
algorithms and the system as whole, as this is likely to be of concern for such systems in coming
years, due to EU regulations. LBST agreed that this was relevant and to be included in the
project.
Project results are disseminated in the form of this DCA report and 3 papers, with code in the
project being made publicly available1 . The first paper is a published conference paper on
the use of multi-temporal Sentinel-1 SAR data for crop type classification [16] (Appendix A),
the second is a draft posing crop disease management as a predictive maintenance task
1 Code

for the first paper is available at https://github.com/JacobJeppesen/dsd_paper_2020 (accessed 31 January 2022). Remaining code will be published alongside paper publications. Code for
Figure 4 in this report cannot be published due to use of confidential data.
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[18] (Appendix B), and the third is an extended summary of a journal paper in preparation on
interpretable machine learning for satellite based remote sensing [17] (Appendix C).

1.1

Potato cyst nematodes

Several nematode species exists, but in Denmark it is primarily the yellow potato cyst nematode
(Globodera rostochiensis) and the white potato cyst nematode (Globodera pallida) which
are problematic for potato production [10]. The nematodes penetrate the roots of the potato
plants, where eventually female nematodes are inseminated and starts to produce eggs.
These eggs are subsequently turned into a cyst on the side of the root, giving rise to the potato
cyst nematode name. During this process, the roots are damaged, and the potato plant
cannot uptake necessary nutrients [7]. Nematode infection generally leads to patches of
poor-growing potatoes in a field, as seen in Figure 1, and occasionally with yellowing and
wilting of the plants.

Figure 1:
Spot in field with infection of potato cyst nematode (courtesy of
www.potatopro.com).
In the UK, the yellow potato cyst nematode Globodera rostochiensis and the white potato cyst
nematode Globodera pallida are responsible for a loss of 9 % of the potato production, equal
to approximately $70 million yearly [21]. Globally, the loss due to nematodes is estimated to
$80 billion yearly, although that is expected to be a low estimate due to the low detection rate
of nematode attacks [21]. Chemical nematicides exist, but they have been connected with
environmental and human health concerns. Other methods are available, such as planting
resistant crop types. However, nematodes can survive for 20-30 years in the soil [24], and
are therefore inherently difficult to get rid off. A report with recommendations for fighting
nematodes in potato crop without the use of nematicides has been provided to the Danish
government [10]. One of the issues identified was the low probability of detecting nematodes
through soil samples. It was calculated that if 1500 mL soil was collected based on 100 samples
in 5 to 10 cm depths distributed across 1 ha, 2 million cysts per ha would have to be present for
a 99 % probability of having a single cyst in the soil sample. Additionally, with 280 000 cysts per
ha, there is only a 50 % probability of having a single cyst in the soil sample. Meanwhile, in the
theoretical situation with a multiplication rate of 40, a single cyst in one hectare would multiply
to 64 000 after 4 years, and approximately 2.5 million after 5 years, thereby forming signifcant
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disease infection. This low probability of detection combined with a high multiplication rate
and long term survivability abilities make potato cyst nematodes inherently problematic.
More about nematode infections can be found in the PhD dissertation by Contina [7, ch. 1],
with additional details in a Danish context made available by Hansen [10].

1.2

Sentinel-1 and -2 satellites

The European Space Agency (ESA) has launched a series of Earth observation (EO) satellites
as part of the Copernicus programme, with the aim of providing open high quality EO data to
research, industry, and the public. The Copernicus programme included a variety of different
satellite types, named Sentinel-1 to -6. In this project, the Sentinel-1 and -2 satellites are
relevant.

(a)

(b)

Figure 2: A figure showing examples of (a) Sentinel-1 SAR data and (b) Sentinel-2 optical RGB
imagery from July 21 2020.

The Sentinel-1A and -1B satellites provide Synthetic Aperture Radar (SAR) data, with inherent
cloud immunity. As Denmark is often subject to high amounts of cloud coverage, the ability of
the Sentinel-1 satellites to consistently monitor throughout the season, irregardless of weather, is
of high value. Data is provided in 5 m × 20 m resolution, with a revisit time of 6 days at equator2 .
The primary obstacle when using Sentinel-1 data is the amount of noise in the imagery, as seen
in Figure 2a, and the difficulties determining exactly what is measured, as the backscattered
waves are the sum of multiple backscattering components, which are difficult to separate.
Sentinel-2A and 2B satellites provide multi-spectral optical imagery, with a resolution of up to
10 m × 10 m and a revisit time of 5 days at the equator3 . The multi-spectral optical data can
provide low noise imagery in a range of spectral bands, including infra-red, blue, green, blue,
red, etc. However, cloud coverage which occludes the ground is an obstacle for the use of
optical satellite data, as seen in Figure 2b, especially over Denmark.

2 https://sentinel.esa.int/web/sentinel/missions/sentinel-1/overview/mission-summary

(accessed 15
January 2022)
3 https://sentinel.esa.int/web/sentinel/missions/sentinel-2/overview (accessed 15 January 2022)
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2

Direct classification of potato cyst nematodes

In general, classification from satellite based remote sensing data can be based on spatial,
spectral, and/or temporal patterns. To give a brief introduction to these pattern types, the
spatial patterns can be used to classify based on structural differences, such as using systematic
tyre tracks to distinguish between wild nature and agricultural fields. However, it is unlikely that
the patches with low biomass due to nematode infections differ significantly from patches
caused by other underlying issues. In order to use spatial patterns for nematode detection,
imagery of the individual plants are required, which is not feasible with satellite based remote
sensing. The best optical satellites can provide a resolution of 31 cm per pixel4 , which is far
from enough to investigate spatial patterns on the individual plants. Spectral patterns can be
described as color-patterns, where, e.g., the color of the plant is investigated. A reduction in
green reflectance has been shown when potato plants are subject to nematode infection,
however, these results were difficult to transfer to remote-sensing based scenarios in real fields
[12]. Furthermore, the Sentinel-2 satellite, which can be used for investigating spectral patterns,
is limited by cloud cover. The third type of pattern, the temporal one, describes how the plant
evolves over time. A plant with a nematode infection will exhibit a different growth pattern
compared to a healthy plant, and this can be used for identification. Both the Sentinel-1
and -2 satellites can be used to investigate temporal patterns, though the cloud immunity of
the Sentinel-1 satellite is a significant advantage to ensure consistent measurements over the
growth season.
In the following sections, classification based on temporal patterns with Sentinel-1 data will first
be described, before classification of nematode infection based on spectral and temporal
patterns is discussed.

2.1

Crop type classification based on multi-temporal Sentinel-1 data

To investigate classification based on temporal patterns with the Sentinel-1 satellite, crop
type classification was selected due the availability of high quality ground truth data, as field
polygons, including crop type, are made publicly available by The Ministry of Food, Agriculture,
4 https://web.archive.org/web/20160424030451/https://dg-cms-uploads-production.s3.

amazonaws.com/uploads/document/file/196/DG_WorldView4_DS_11-15_Web.pdf
21 December 2021)

(a)

(b)
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Figure 3: The temporal signatures of 32 agricultural fields for (a) forestry, (b) rapeseed, and (c)
potato.
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and Fisheries in Denmark. The results of the investigation have been disseminated in the
conference paper Crop type classification based on machine learning with multitemporal
Sentinel-1 data [16] (Appendix A). The paper concludes that the temporal signatures of twelve
different crop types can be distinguished from each other. In Figure 3, the temporal patterns
of three different crop types over a growing season are visualized, with clear visible differences
between the individual crop types. To quantify the level of which crop types can be classified
based on the temporal signatures from the Sentinel-1 satellite, six common machine learning
classifiers were trained to distinguish twelve different crop types in a dataset consisting of 44333
fields, achieving a classification accuracy of 94.02%.

2.2

Nematode detection

The crop type classification in the previous section showed promising potential for classification
based on Sentinel-1 data. However, classification of nematode infection concerns patches
inside the fields, and the analysis should therefore be based on segmented parts of the fields,
rather than the entire fields. As previously mentioned, it was not possible to collect high quality
ground truth data in the project. A dataset from LBST comprised a number of identified fields
which were known to be infected by nematodes based on analysis of soil samples taken
on these fields. It was decided to perform a brief investigation to compare the temporal
signatures of the fields with con-firmed infections and a number of fields where no soil samples
were taken.. The dataset from LBST comprised 25 fields which were confirmed infected across
the 2017, 2018, 2019, and 2020 growth seasons. We collected Sentinel-1 data for the 2017, 2018,
and 2019 seasons, covering Jutland and Funen, as these parts of Denmark were fully covered
by the same relative orbit (ie. a single satellite pass covers these regions). After selecting
fields from the covered area of Jutland and Funen for the covered seasons, 17 of the 25 fields
remained. 2 of these did not have valid field IDs, and were therefore not referenced to their
corresponding field polygons. The remaining 15 fields were distributed across the 3 seasons
and 4 potato crop types (seed, starch, table and others), with 1-3 fields in each sub-category.
In Figure 4, the resulting temporal signatures are visualized for starch potatoes in 2019 (starch
potatoes were chosen due to having the longest growth season), showing a high degree of
overlap and no distinct patterns when compared to what is expected to be non-infected
fields. Plots were made for each growth season and potato crop type, but they were very
similar to the signatures depicted in Figure 4. However, a single field in the 2019 season for
table potatoes showed a significantly different temporal signature. Although Sentinel-1 data
could be collected for the remaining parts of Denmark and for the 2020 growth season as well,
and the potential outliers could be further investigated, a total of 25 infected fields distributed
across multiple seasons and potato crop types is insufficient to provide valuable conclusions.
To further investigate the differences in temporal signature of healthy and infected fields, a
larger dataset based on the segmented parts of the fields should be collected.

3

Risk prediction and possible future initiatives

As direct classification of potato cyst nematodes was currently not possible, three initiatives of
increasing complexity and cost were investigated as potential next steps for LBST, which will
be described in the following sections.
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Figure 4: The temporal signatures of starchy potato fields not controlled for nematode infection,
with the standard deviation of the non-controlled fields shown in light-blue, and the temporal
signatures of 2 known infected fields.

3.1

Initiative 1: Risk prediction based on patch detection with open data

This initiative describes a simple risk prediction system based on patch detection with Sentinel-2
data and field polygons. It is inexpensive and requires no ground truth data on nematode
infected fields.
The normalized difference vegetation index (NDVI) can be used to estimate biomass based on
multi-spectral optical data [22], and can be used to find parts of the fields which exhibit poor
performance. In Figure 5, an example of a poor-performing patch due to improper drainage in
a winter wheat field is shown. The data used is a Sentinel-2 image from ESA, topographical data
from Kortforsyningen (now Dataforsyningen), rain distribution data showing how precipitation
is distributed in the landscape from the Danish Meteorological Institute (DMI) DMI, and aerial
imagery from Kortforsyningen (now Dataforsyningen). Common for these data is their open
availability in Denmark.
A similar system can be implemented for patch detection in potato fields, and can be
automated to perform patch detection on all potato fields nationally, both throughout the
current growing season, and for historic seasons. Patch detection can be performed simply by
calculating the mean value and standard deviation for all Sentinel-2 NDVI pixels within the field
polygon of a given field, and then highlight pixels with values 2-3 standard deviations below
the mean value [2]. Similarly, this method can be used to categorize fields according to intrafield homogeneity [15], whereby, e.g., all homogeneous potato fields can be categorized as
low-risk of nematode infection, as they contain no poor-performing patches. These fields can
then be omitted from manual control. This system is computationally cheap, and only requires
the field polygons and the satellite data, which are both openly available. To enhance the
system, possible explanations for in-field heterogeneity can be searched for, such as improper
drainage, by combining the patch detection algorithm with other datasets, such as a rain
distribution map. It should be noted that NDVI has saturation issues, which can be alleviated
by using the green normalized difference vegetation index (GNDVI) instead [9]. Both NDVI
and GNDVI can be calculated in a 10 m × 10 m resolution with the Sentinel-2 satellite.
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(a)

(b)

(c)

(d)

Figure 5: An example of a poor-performing patch due to standing water in a Winter Wheat
field, showing (a) Sentinel-2 NDVI map, (b) a rain distribution map overlaid on the NDVI map,
(c) the rain distribution map overlaid on an aerial image, and (d) the aerial image without
overlay (figures from [14]).

It is expected that infected plants will exhibit significant decreases in GNDVI values, which
is partly based on the green reflectance, and that most patches infected with potato cyst
nematodes will be identified by the patch detection if they are sufficiently large. However,
it should be noted that these patches might be caused by other factors, such as standing
water, and more sophisticated methods are required to determine whether the patch is due
to nematode infection or other factors. Furthermore, cloud coverage limits the number of
measurements which can be obtained throughout the season. By using Sentinel-1 SAR data,
issues with cloud coverage are avoided, though issues with noise are introduced. This is
particularly problematic when performing pixel-level analyses. Multi-temporal methods can
be used to investigate in-field heterogeneity [11, 3], though it is difficult to determine whether
the heterogeneity is due to lack of biomass (which GNDVI provides accurate estimates of), or
due to other factors, such as a patch in the field with increased soil moisture or a different soil
type. Once more ground truth data has been collected, the use of Sentinel-1 data for patch
detection can be further investigated.
As nematode infections lasts across seasons, there is value in performing patch detection
across multiple seasons, and compare the year-to-year evolution of the patches. One obstacle
when comparing patches is sub-optimal co-registration of the satellite data, leading to the
images "shifting" around spatially from date to date. One approach to alleviate this issue is to
perform an manual co-registration of the imagery, with a software package such as AROSICS
[23]5 . The aerial imagery from Dataforsyningen can be used as base, and AROSICS can be
used to perform sub-pixel co-registration of the satellite data to the aerial imagery. ESA has
5 https://github.com/GFZ/arosics

(accessed 24 January 2022)
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recently improved their co-registration6 , which is likely to alleviate the issue in the future. They
do not re-process historic data, however, and manual co-registration might be necessary for
investigating previous seasons.

3.2

Initiative 2: Collection of high quality ground truth data to enable direct
classification

To enable more advanced risk prediction methods, and to enable direct classification, it is
vital that high quality ground truth data is collected. Such a dataset must be comprised of
many geo-referenced measurements inside each field, to make sure that the location of
the nematode infection inside the field is known. This is important both for training machine
learning classifiers, and validating classifiers and risk prediction systems. The exact sampling
granularity in the field is difficult to determine. Ideally, the field would be densely sampled,
but there is a clear cost trade-off. In [4], they sample in a square grid with one sample per
hectare. In [25], they sample in a 76.2 m square grid. In [6], they sample in a 20 m square grid,
and assess how nematodes spread over time inside the individual fields. When collecting
the ground truth data, it is proposed to make a trade-off between price of sampling and the
distribution patterns presented in [6].
It has been shown that infected potato plants exhibit a significant decrease in green reflectance [12], and that the ratio between red (681 nm) and green (551 nm) reflectance is
correlated with nematode infection severity [12, p. 83-84]. However, these measurements
were made with a field spectrometer, and it was found that the results could not directly
be transferred to airborne and satellite based remote sensing, as the soil has too big of an
impact on the reflectances, especially for the red band. The green reflectance in SPOT
satellite imagery was shown to be correlated with nematode infection intensity in the early
parts of the season, though this relationship was no longer significant after senescence. These
findings could be important, though need further validation once ground truth data has been
collected.
If the patch detection system described in the previous section is implemented, the temporal signatures of patches infected with nematodes can be compared to non-infected
(or non-controlled) patches, as a method to investigate potential differences, and possible
classification.

3.3

Initiative 3: Hybrid modelling systems

The initiative described in this section covers advanced risk prediction systems, which are both
costly in data collection and often large parts require additional research before a system
can be operationalized.
To extend the patch detection described in Section 3.1, risk calculations and heuristics can
be added to the system. For example, wet soil during and after planting increases risk of
poor-performing patches due to nematode infection, with such patches emerging from
late April and May, and getting more visible during June and July. Weather data and multitemporal GNDVI data (if not obstructed by cloud coverage) can be used to complement
the patch detection, and provide additional information on such possible patterns to the
end-user. From a field-to-field point of view, nematode spread have been found to follow a
km
power law distribution [6], and a European study has shown that nematodes spread by 5.3 year
6 https://sentinel.esa.int/web/sentinel/-/forthcoming-deployment-of-the-copernicus-sentinel-2-

products-geometric-refinement (accessed 24 January 2022)
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[1]. Consequently, short distance to a known infected field increases the risk of nematode
infection significantly. Furthermore, increasing soil temperatures due to climate change can
increase potato cyst nematode survival rate [19]. Although such calculations and/or heuristics
are difficult to convert to a scientifically validated risk metric, presenting end-users with the
highest amount of relevant information is often found valuable in practice, and can aid
agronomists and farmers as decision support.
As the amount of ground truth and sensor data increases, hybrid modelling systems can be
used. Contina et al. [5] investigated the potato yield loss at different levels of nematode
densities in the soil through greenhouse experiments. Based on these experiments, coefficients
were generated for the SUBSTOR-DSSAT7 crop growth simulation software, which could then
be used to predict the yield loss in a field. This way, the crop yield loss can be modelled at
a large scale, if estimates of the nematode infection are available. A review of simulation
models for decision support systems for potato production is presented by Divya et al. [8].
Although crop simulations can be very precise, they are often highly dependent on correct
input parameters to provide accurate results. This poses an issue, as the input parameters
are often too general (e.g. using a single soil parameters for an entire field) [8]. Simulation
software has traditionally been based on earlier modelling, but are at an increasing rate
subject to continuous calibration from sensors data. Remote sensing data can be used in
combination with simulation models to improve accuracy [8], and has been shown to improve
yield prediction of Maize significantly [13]. Remote sensing data is continuously improving, and
higher spatial resolutions provide improved outputs, such as 30m [26]. For more information,
see review of decision support systems for potato production [8], and general review papers
on remote sensing for plants/crop monitoring [27, 20]. When implementing such systems, it is
advised to adopt existing frameworks to support the high complexity of the setup. In the paper
titled Towards crop disease management as a predictive maintenance task [18] (Appendix
B), we elaborate on the adoption of technologies from the engineering domain to aid in the
implementation of hybrid modelling systems.

4

Transparency in AI systems

The previous sections covered methods for algorithmic decision making, either through classification or risk prediction. However, employing algorithmic classification or risk prediction is
expected to be regulated by EU in the future, and the EU Commission has already proposed
new rules for AI regulation8 . This poses new requirements for the systems, including the machine
learning classifiers. Margrethe Vestager, Executive Vice President of the European Commission,
said the following regarding the AI regulation proposal8 :
“On Artificial Intelligence, trust is a must, not a nice to have. With these landmark rules, the EU
is spearheading the development of new global norms to make sure AI can be trusted."
Although it is not clear what the regulation is exactly going to include, the European Commission has appointed a High-level expert group on artificial intelligence, who have proposed 7
requirements for trustworthy AI9 :
1. Human agency and oversight - Including fundamental rights, human agency and
human oversight.
7 https://dssat.net/substor-potato/

(accessed 11 January 2022)

8 https://ec.europa.eu/commission/presscorner/detail/en/IP_21_1682

(accessed 21 December 2021)
(accessed 21 Decem-

9 https://ec.europa.eu/futurium/en/ai-alliance-consultation/guidelines/1.html

ber 2021)
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2. Technical robustness and safety - Including resilience to attack and security, fall back
plan and general safety, accuracy, reliability and reproducibility.
3. Privacy and data governance - Including respect for privacy, quality and integrity of
data, and access to data.
4. Transparency - Including traceability, explainability and communication.
5. Diversity, non-discrimination and fairness - Including the avoidance of unfair bias,
accessibility and universal design, and stakeholder participation.
6. Societal and environmental wellbeing - Including sustainability and environmental
friendliness, social impact, society and democracy.
7. Accountability - Including auditability, minimisation and reporting of negative impact,
trade-offs and redress.
Most of these points require additional work compared to current practices, including implementation of multiple new procedures. However, one point in particular has significant
technical challenges, namely transparency. Many machine classifiers do not have inherent
transparency. Although there is no detailed description of what exactly is required to comply
with regulation on transparency, the following description from the transparency requirement
provides some insight9 :
Traceability. The data sets and the processes that yield the AI system’s decision, including those
of data gathering and data labelling as well as the algorithms used, should be documented
to the best possible standard to allow for traceability and an increase in transparency. This also
applies to the decisions made by the AI system. This enables identification of the reasons why
an AI-decision was erroneous which, in turn, could help prevent future mistakes. Traceability
facilitates auditability as well as explainability.
Explainability. Explainability concerns the ability to explain both the technical processes of
an AI system and the related human decisions (e.g. application areas of a system). Technical
explainability requires that the decisions made by an AI system can be understood and
traced by human beings. Moreover, trade-offs might have to be made between enhancing
a system’s explainability (which may reduce its accuracy) or increasing its accuracy (at the
cost of explainability). Whenever an AI system has a significant impact on people’s lives,
it should be possible to demand a suitable explanation of the AI system’s decision-making
process. Such explanation should be timely and adapted to the expertise of the stakeholder
concerned (e.g. layperson, regulator or researcher). In addition, explanations of the degree
to which an AI system influences and shapes the organisational decision-making process,
design choices of the system, and the rationale for deploying it, should be available (hence
ensuring business model transparency).
To provide more understandable requirements, an assessment list (similar to the one for GDPR)
has been made. Following examples from this list provide examples of what can become
requirements in the EU AI regulation10 :
• Did you put in place measures to ensure that the data (including training data) used
to develop the AI system is up-to-date, of high quality, complete and representative
of the environment the system will be deployed in?
• Did you establish mechanisms that facilitate the AI system’s auditability (e.g. traceability of the development process, the sourcing of training data and the logging of
the AI system’s processes, outcomes, positive and negative impact)?
10 https://ec.europa.eu/newsroom/dae/document.cfm?doc_id=68342
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• Did you implement the right to withdraw consent, the right to object and the right to
be forgotten into the development of the AI system?
Specifically for transparency, the list includes points such as10 :
• Did you put in place measures that address the traceability of the AI system during its
entire lifecycle?
• Do you continuously survey the users if they understand the decision(s) of the AI
system?
• Did you explain the decision(s) of the AI system to the users?
• Can you trace back which AI model or rules led to the decision(s) or recommendation(s) of the AI system?
Although the extent to which transparency is required is highly dependent on the use-case of
the specific system, it is expected that a system from a governmental entity which monitors
farmers are required to have a high degree of transparency. To provide solutions for machine
learning classification systems based on satellite data, the journal paper Interpretable machine
learning for satellite based remote sensing [17] is currently being written, with a summary of
the main findings presented in Appendix C. The crop classification paper presented earlier in
this report [16] (Appendix A) was extended, and a Sentinel-1 dataset was collected based
on hundreds of thousands of fields across the 2017, 2018, 2019, and 2020 growing seasons in
Denmark. The collected dataset will be published along with the code when the paper is
published. The paper concludes that several methods exists to improve transparency in machine learning classification systems, and it is concluded that the classification process should
always be as transparent as possible. Interpretable machine learning introduces new pitfalls for
users, however, the advantages of having a data pipeline with specific focus on transparency
far outweigh the disadvantages, even when the transparency is not implemented due to
regulations. In Figure 6, a data pipeline is shown where an explainer module is added to
provide insights to which features where most important for the specific classification (see
Appendix C for more details).

Figure 6: Example of an inference pipeline for crop type classification. It should be noted
that many more visualizations and explanations could be added to provide the user with
additional information.

5

Summary

Potato cyst nematodes are not straightforward to detect with satellite data. In this report, a risk
prediction system based on patch detection from Sentinel-2 satellite data is proposed as the
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optimal initial initiative for the Danish Agricultural Agency to move forward. This can be used
to find poor-performing patches inside the potato fields, which might be due to nematode
infection, and to exclude potato fields not showing a high degree of in-field spatial variation.
However, it should be noted that such a system will not provide information as to why the
poor-performing patch in the field exists, and nematode infection is one of many possible
explanations to the spatial variation. If the objective is to improve the manual sampling for
nematode infections, the patch detection system can also be used to identify homogeneous
fields, and categorize these as low-risk of nematode infections. I.e., a field which exhibits
no signs of poor growth is less likely to be affected by nematode infection. More advanced
systems require better ground truth data, where georeferenced samples inside each field are
collected, rather than field-level sampling. When such a dataset is available, classification
based on spectral and/or temporal patterns in Sentinel-1 and/or -2 data can be further
investigated for classifying nematode infections, and the use of hybrid modelling systems can
be explored.
In addition, it is recommended that all systems involving algorithmic decision making are designed with focus on transparency, and to prepare for AI regulations imposed by EU. Although
it is not clear which regulations will be implemented, the assessment list11 from the High-Level
Expert Group on Artificial Intelligence, set up by the European Commission, provides valuable
insights.
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Appendix A
Crop Type Classification based on Machine Learning with Multitemporal Sentinel-1 Data
Jacob Høxbroe Jeppesen; Rune Hylsberg Jacobsen; Rasmus Nyholm Jørgensen
Aarhus University, Department of Engineering, Denmark
Abstract:
The amount of open satellite data has increased tremendously in recent years, simultaneously
with a continuing decrease in the price of high performance cloud computing. This can
be combined with machine learning methods to perform crop type classification in the
agricultural sector. In this paper, we propose a data processing chain for processing
multitemporal Sentinel-1 SAR data, and show how the temporal patterns of agricultural
fields can be visualized to provide a valuable overview prior to classification. We then
investigate the performance of 6 machine learning methods for crop type classification
of 12 crop types based on 44333 fields, and achieve an overall accuracy of (94.02 ± 0.25)%
with an RBF SVM classifier. The dataset used is a subset of all the fields of the chosen crop
types in Denmark in 2019, which comprises a total of 289810, or 49.34% of all fields in the
country for the 2019 season. The entire data processing chain is based on open data
and free open source software, thereby minimizing the cost of practical applications and
future work for both industry and academia. All code used for the paper is available on GitHub.
Full paper available at https://ieeexplore.ieee.org/document/9217786
Published in: 2020 23rd Euromicro Conference on Digital System Design (DSD).
Editors: Andrej Trost, Andrej Zemva, Amund Skavhaug
Date of Conference: 26-28 Aug. 2020
Date Added to IEEE Xplore: 08 October 2020
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INSPEC Accession Number: 20035398 DOI: 10.1109/DSD51259.2020.00092
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Appendix B
Towards crop disease management as a predictive maintenance task
Jacob Høxbroe Jeppesen; Michael Nørremark; Rune Hylsberg Jacobsen
Aarhus University, Department of Electrical and Computer Engineering, Denmark
Abstract:
Loss of agricultural crops due to disease has a direct consequence for food production, and
come with severe climate effects. Several approaches towards management of crop diseases
have been investigated, and data-driven precision agriculture has grained traction in recent
decades. In this paper, we propose the transfer of predictive maintenance technology to
the agricultural domain for crop disease management, with focus on a data-driven system
to analyze the condition of crop and environment and aim to predict the optimal timing
of specific crop care actions. We provide an overview of advantages of adopting existing
frameworks, including machine learning for disease prediction and digital twins for risk mapping, and argue that this approach can be used for a multitude of other agricultural practices.
A draft of the paper has been provided as a hard-copy at the delivery of this report to The
Agricultural Agency, Ministry of Food, Agriculture and Fisheries of Denmark.
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Appendix C
Interpretable machine learning in satellite based remote sensing
Jacob Høxbroe Jeppesen1 ; Shray Mathur2 ; Rune Hylsberg Jacobsen1 ; Michael Nørremark1
Aarhus University, Department of Electrical and Computer Engineering, Denmark
2
Birla Institute of Technology and Science, Department of CS and IS, India

1

Summary
The open data policies of the ESA Copernicus and NASA Landsat programmes combined with advances in open source software packages for machine learning algorithms
have led to a surge in advanced data analytics applications. However, many of these
applications are based on complex machine learning algorithms, with limited focus on
transparency in the overall data pipeline. This includes both transparency in which raw
data is used, how the raw data are pre-processed to form the features fed to the machine
learning classifier, and how the machine learning classifier uses the input features to form
a classification. In the paper, we collected Sentinel-1 SAR data from tens of thousands
of agricultural fields from 2017, 2018, 2019, and 2020, and investigated their temporal
signatures for each of the individual crop growing seasons. Based on this dataset, we
evaluated an array of machine learning algorithms and methods for interpretability, and provide an overview of advantages and disadvantages of the individual algorithms and methods.
An extended summary of the main conclusions from the paper has been provided as a hardcopy at the delivery of this report to The Agricultural Agency, Ministry of Food, Agriculture and
Fisheries of Denmark.
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