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Abstract
This study had three main aims: (1) to analyse the effects of agricultural drought
in Finland and their spatial distribution; (2) to assess the economic potential of
irrigation as a drought mitigation measure; and (3) to assess the usefulness and
functionality of a cloud-based geospatial tool (Earth Engine).

To achieve these aims, a large amount of geospatial data was aggregated and averaged
to a regional and annual level with Earth Engine. Correlations between these regional
annual average values and matching cereal grain production statistics were examined.
To analyse yield fluctuations at a smaller spatial scale than that of the production
statistics, a regression model was built based on all variables which showed statisti-
cally significant correlations with grain yields. Based on modelled 2018 yield losses in
Southwest Finland, an estimate of the economic benefit of irrigation was produced.

The results show a clear divide between the south and southwest and more eastern
and northern parts of the country in terms of vulnerability to agricultural drought.
The results also show a considerable degree of local variation in dry-year yield losses
and the potential economic benefit of irrigation within Southwest Finland. Based on
the results, even though irrigation of cereal grains seems to make economic sense
only in small, fairly well-defined parts of the study area, it could have some promise
as a protective measure against dry-year yield losses. Earth Engine was found to
be a powerful, if imperfect, tool for geospatial analysis. It is especially suited to
large-scale repetition of simple tasks on large amounts of geospatial data.
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Tiivistelmä
Tällä tutkimuksella oli kolme pääasiallista tavoitetta: (1) analysoida maataloudel-
lisen kuivuuden vaikutuksia Suomessa ja näiden vaikutusten levinneisyyttä; (2)
arvioida kastelun potentiaalia kuivuuden vastaisena toimenpiteenä; ja (3) arvioi-
da pilvipohjaisen paikkatietoalustan (Earth Engine) hyödyllisyyttä ja käytettävyyttä.

Näiden tavoitteiden saavuttamiseksi suuresta määrästä paikkatietodataa muodos-
tettiin alueellisia, vuosittaisia keskiarvoja. Näiden keskiarvojen ja satotilastojen
välisiä korrelaatioita tutkittiin. Satoisuuden vaihtelun arvioimiseksi satotilastoja
pienemmällä mittakaavalla rakennettin regressiomalli, joka perustui niihin paikkatie-
tomuuttujiin, joilla oli tilastollisesti merkittävät korrelaatiot satotilastojen kanssa.
Mallinnettujen vuoden 2018 satotappioiden pohjalta muodostettiin arvio kastelun
taloudellisesta potentiaalista.

Tuloksista näkyy selkeä jako maatalouden haavoittuvuudessa kuivuudelle maan etelä-
ja lounaisosan ja itäisempien ja pohjoisempien alueiden välillä. Tuloksissa näkyy myös
varteenotettavaa vaihtelua Varsinais-Suomen sisällä kuivan vuoden satotappioissa
ja kastelun taloudellisessa potentiaalissa. Tulosten perusteella vaikuttaa siltä, että
vaikka viljojen kastelu kannattaa taloudellisesti vain pienissä osissa Varsinais-Suomea,
sillä voisi olla taloudellista potentiaalia kuivien vuosien aiheuttamilta satotappioilta
suojelevana toimenpiteenä. Earth Enginen havaittiin olevan tehokas, joskin epätäy-
dellinen, työkalu paikkatietoanalyysiin. Se soveltuu erityisen hyvin yksinkertaisten
toimintojen laajaan toistamiseen suurilla määrillä paikkatietodataa.
Avainsanat kuivuus, maatalous, viljat, kastelu, Earth Engine
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1 Introduction

The primary (1) aims of this study are to analyse the effects of climatic variability
and consequent agricultural drought on cereal grain yields in Finland, and to identify
particularly vulnerable areas and crops. A secondary (2) aim is to assess the
economic potential of irrigation as a drought mitigation measure. The usefulness
and functionality of a cloud-based geospatial analysis platform (Earth Engine) as a
tool for drought monitoring and agricultural planning is also discussed (3).

The motivation for this study lies in the fact that the effects of agricultural drought
have not so far been studied extensively in Finland. As it is a spatially varying and
climate-dependent problem, simply using information gleaned from studies done
elsewhere is not a workable strategy. Studies on irrigation in Finland are mostly quite
old and limited to field tests. Much of the literature on the use of remote sensing for
drought monitoring is also focused on areas at lower latitudes, with climates that are
notably warmer and more arid than Finland. Cloud-based geospatial platforms are
a fairly new development — a large literature on their use for drought monitoring
does not yet exist and one has not yet been used in the study of drought in Finland.

By combining a look at agricultural drought and irrigation with a new cloud-based
geospatial approach, this study aims to be a part of the effort to better understand
the vulnerabilities of the Finnish agricultural sector. A solid understanding of the
system in its present condition is a prerequisite for preparedness and planning.

To help in achieving the aims stated above, the following research questions were
formulated:

Question 1 How are the effects of agricultural drought distributed spatially in
Finland?

Question 1.1 Which locations and crops are particularly problematic from a
drought preparedness perspective?

Question 2 What is the potential economic value for Finnish agriculture of irriga-
tion as a drought mitigation measure?

Question 3 What is the potential value of cloud-based geospatial tools, such as
Earth Engine, for studies of this kind?

Drought has not historically been viewed as a pressing problem in Finland, but the
summer of 2018 — when total production of the major food grains fell by 20 %
from the year before — demonstrated the potential for agricultural losses even in a
temperate country known for its fresh water resources [1, 2]. This is not to say that the
effects of drought have not previously been considered — one 2004 review identified
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some 20 studies about drought in Finland throughout the years [3]. In general,
studies of drought in Finland have focused more on hydrology than agriculture.

In the summer of 1941, during the most serious Finnish drought of the 20th century,
total cereal grain production was only about two-thirds of normal [3]. In 2002, a
particularly dry year, the financial losses were about three million euros just for spring
wheat in Southwest Finland — though better yields in other regions compensated
for these losses, with national-level grain production being about average [3].

Drought has increasingly come into focus in Finland in the last few years. Following
the drought of 2018, the Strategic Research Council-funded Winland project has
published a drought-themed policy brief [4], drought-related scientific articles have
been published [1, 5] and the first drought-themed preparedness exercise has been
organized by Winland, the Southwest Finland ELY Centre and the Southwestern
Finland Regional State Administrative Agency [6]. The policy recommendations in
the Winland brief included determining indicators for drought severity and assessing
the cost efficiency of preparedness measures [4], both of which this study touches
upon.

Given the potential for climate change to make growing conditions more variable
and extreme weather events more common, it is possible that drought could become
a larger and more common problem in Finland than it is at present. Droughts
have been estimated to become more frequent in northern Europe due to climate
change, with a moderate increase in annual drought frequency under a moderate
emission scenario (RCP4.5) and a strong increase under a severe emission scenario
(RCP8.5) [7]. This makes the study of drought and drought-related planning and
preparedness particularly current topics.

This study is laid out in six parts. Following this introduction, the second chapter
serves as an overview of drought, remote sensing and Finnish agriculture. In the third
chapter the used datasets and methods are discussed. The results of the analysis are
laid out in chapter four. Chapter five consists of a discussion of the results, followed
by conclusions in chapter six.
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2 Background and research context

This chapter lays out the background for this study, including a look at relevant
literature, drought as a phenomenon, remote sensing and Finnish agriculture.

2.1 Drought as a phenomenon

Drought is a recurring feature of almost all climates. Agricultural drought has
plagued mankind for as long at there has been agriculture. Palmer [8] called drought
"a scourge of mankind since biblical times" and stated that it "still is a major menace
to world food supplies". Nevertheless, the exact definition of drought is far from clear.
Several competing and complementary definitions have been offered. One point of
agreement across the field seems to be that producing a definition of drought is a
difficult and subjective task.

Drought, at its simplest, is an abnormal period of below-average precipitation [9]. In
an early publication on drought, Tannehill [10] called it a ’creeping’ phenomenon,
meaning its beginning and end are hard to pinpoint. One dry day does not yet
constitute a drought, but exactly how many do? What begins as a dry week or
two can end before causing any significant problems, or can go on to develop into a
multi-year disaster, negatively affecting livelihoods and economies.

When a drought can be considered to begin and to end is not clear-cut and varies
greatly by location and the effects under consideration [11]. It is important to note
that drought, which by definition is an anomaly, is different from aridity, which is a
permanent condition and a normal part of the natural state of some ecosystems [9].
Determining what constitutes a drought involves looking at the duration, magnitude
and timing of the anomaly, or its effects. Given the great variability in climate, soil
characteristics and a myriad of other factors, there is no one-size-fits-all approach
to determining what constitutes a drought [12]. Any definition will necessarily be
sector-specific — plants can be water-stressed at precipitation levels entirely sufficient
for animal husbandry, for example [13].

The definition varies from place to place, with Wilhite and Glantz [12] pointing out
that one definition used in Bali calls for six days without rain to be considered a
meteorological drought, whereas another, used in Britain, requires a period of fifteen
days with less than 0.25 mm of daily rainfall. Wilhite [14] states that the lack of
a universally accepted definition hinders the determination of when a drought can
be considered to be in progress. Wilhite [15] points out that unlike other natural
hazards, drought "seldom results in structural damage" and that, compared to other
natural hazards, its impacts are "less obvious".

Drought is defined in different ways in different disciplines and for different applica-
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tions. Based on a review of over 150 definitions, Wilhite and Glantz [12] grouped
drought definitions into four categories: "meteorological, agricultural, hydrologic,
and socio-economic". Meteorological drought is the simplest: a lack of precipitation,
a negative rainfall anomaly compared to some local or regional average, "expressed
solely on the basis of the degree of dryness [...] and the duration of the dry period"
(Wilhite [9]).

Hydrological drought links this lack of precipitation to the state of surface water
bodies and streamflows. This is the type most often studied in Finland.

Agricultural drought, which is what this study focuses on, is typically defined by
levels of soil moisture insufficient for normal, healthy plant growth [11, 15]. Low soil
moisture levels are typically the result of a precipitation deficit, exceptionally high
evapotranspiration, or a combination thereof. Sufficiently high levels of moisture in
the root zone are a key requirement for normal plant growth, with water being a
vital part of the photosynthesis process. As with all types of drought, agricultural
drought has to be defined in relation to average conditions — it is not an absolute
phenomenon, but rather a fluctuation from the norm to which plants in a certain
climatic zone are accustomed.

Agricultural drought links low rainfall to low soil moisture and consequent agricultural
effects, such as low yields. One simple indicator for agricultural drought cited by
Gibbs [13] is less than 90 % of the average crop yield. This definition is close to the
one used in this study, although such a clear limit is not set in the following analysis.
For the purposes of this study, agricultural drought is defined by its effects on crop
yields — soil moisture is not directly considered, but various climatic variables and
indicators are linked to negative fluctuations in annual regional grain yields.

Different soil types have different water holding capacities. Water in pores larger
than about 0.03 mm (gravitational water) generally filters out of the root zone due
to gravity and is thus mostly unavailable to plants. The amount of water in soil that
is otherwise saturated, but drained of gravitational water, is termed that soil’s field
capacity. Water in pores smaller than about 0.0002 mm is usually also unavailable to
plants. Soil that is drained of water in all but the smallest pores is at its wilting point

— no water is available for use and plants wither. Available capillary water lies between
a soil’s field capacity and its wilting point. The proportion of medium-size pores
(0.0002–0.03 mm) is key to a soil type’s productivity and resilience to drought. [16]

Socio-economic drought, according Wilhite [14], "associates the supply and demand
of some economic good with elements of meteorological, hydrological, and agricultural
drought". This could mean, for example, linking agricultural drought to food security.

The effects of a severe drought in Finland have recently been analysed in two studies.
Ahopelto et al. [1] found the south and southwest of the country to be the areas most
vulnerable to drought. Veijalainen et al. [5] stated that while "severe drought will
still remain a rare occurrence in Finland [...] in the areas already most vulnerable to
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droughts, climate change may worsen the situation".

Spinoni et al. [7] projected an increase in annual drought frequency in northern
Europe both under a moderate emissions scenario (RCP4.5) and a severe emissions
scenario (RCP8.5). Dai [17] states that "climate models project increased aridity in
the 21st century" over, among other areas, southern Europe, which is an important
source of food imports to Finland. Asseng et al. [18] ran an ensemble of 30 different
crop models and estimated that global wheat production would "fall by 6 % for each
◦C of further temperature increase and become more variable over space and time".

2.2 Remote sensing of drought and indices

The development of an episode of drought is the result of changes in climatic variables,
mainly precipitation and temperature. Spaceborne remote sensing is thus a natural
fit for its monitoring. Spaceborne measurements of vegetation health date back
to the first Landsat satellite in the early 1970s [19]. Several popular vegetation
indices, such as the NDVI, EVI and FAPAR, are based on satellite reflectance data.
Satellite-based vegetation index datasets have global coverage and are often available
in an uninterrupted time series spanning several decades [20, 21].

The remote sensing and climatic data used in this study was handled, averaged and
combined with Earth Engine, a cloud-based geospatial analysis platform [22]. One
aim of this study was to see how useful a platform like Earth Engine could be in the
monitoring of drought and its effects on a national, regional or local level. Much of
the data used, such as the vegetation index dataset, was already pre-ingested into
the Earth Engine platform and ready for use in analysis, with no pre-processing
required.

Earth Engine is a fairly new platform for geospatial analysis. According to Gorelick
et al. [22], it "consists of a multi-petabyte analysis-ready data catalog co-located with
a high-performance, intrinsically parallel computation service". This means that a
user of the service has access to both a large library of pre-processed remote sensing
and climatic data and massive computational power.

Earth Engine has previously been used for drought assessment by Sazib et al. [23].
They suggested that it could enable the exploration of "spatial and temporal variation
of soil moisture information and drought conditions for any location in the world
with minimal data processing or data management". Earth Engine has also been
used for crop yield estimation by Lobell et al. [24]. The method used in that study
(partially based on a vegetation index) captured about a third of the maize and
soybean yield variation in the Midwestern United States.

In a review of drought indices, Pedro-Monzonís et al. [25] concluded that "there is
not a unique indicator suitable for all areas of study" and that "there is a clear need
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for using different indexes according to the proposed objectives". This is one reason
several indices were tested in this study. Peña-Gallardo et al. [26] concluded that for
multiscalar indices, such as the SPI and SPEI, "shorter drought time-scales (1 to 3
months) are better at identifying drought impacts on crop yields". A time scale of
three months was chosen for the SPEI dataset used in this study.

Various indices, most of which are based at least in part on spaceborne remote sensing,
have been proposed for, and used in, the identification of drought conditions and the
quantification of drought duration and intensity. The following subsections present
the indices used in this study. The main index used in this study is the Enhanced
Vegetation Index (EVI), a variant of, and complement to, the Normalized Difference
Vegetation Index (NDVI). EVI was used because it was the index with the highest
correlations with annual regional-level grain yields (further explanation of this is
included in the results).

Normalized difference vegetation index (NDVI)

The normalized difference vegetation index is one of the oldest and most commonly
used indicators in remote sensing. It is based on green vegetation’s different rates of
absorption for the visible and near-infrared regions of solar radiation. Chlorophyll,
the green pigment in leafy plants, absorbs a large portion of incoming solar radiation
in the visible part of the spectrum (∼400–700 nm), with a peak in absorption
towards the higher end of the region, corresponding to visible red light. Near-infrared
wavelengths (∼700–1100 nm) are much more strongly reflected by green vegetation.

NDVI is calculated as the normalized difference of the near-infrared and visible red
spectral bands (Equation 1):

NDV I = ρNIR − ρRed

ρNIR + ρRed

(1)

where ρNIR and ρRed are the bi-directional surface reflectances in the near-infrared
and visible red parts of the spectrum, respectively [27]. Possible values range between
-1 and 1, though in practice values are almost always above zero. High NDVI values,
achieved with high NIR reflectance and high red absorption, indicate the presence of
dense, healthy vegetation. Unhealthy, wilted vegetation does much more poorly at
absorbing incoming visible light, resulting in a lower NDVI value.

Enhanced vegetation index (EVI)

The enhanced vegetation index is a complement to the NDVI, calculated in a
similar fashion from surface reflectances, with the addition of correction terms (see
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Equation 2). The blue band is used to correct for the influence of variations in
atmospheric aerosol content and a canopy background adjustment term is added [27].
It exhibits better sensitivity to structural changes in the canopy, whereas the NDVI
is more sensitive to chlorophyll content.

The EVI is calculated as follows:

EV I = G
ρNIR − ρRed

(ρNIR + C1ρRed − C2ρBlue + L
(2)

where ρBlue is the bi-directional surface reflectance in the blue part of the spectrum,
G is a gain factor, C1 and C2 are coefficients used to correct for aerosol resistance
and L is a canopy background adjustment term. The values used in the MODIS EVI
algorithm are G = 2.5, C1 = 6, C2 = 7.5 and L = 1 [27].

Fraction of absorbed photosynthetically active radiation (FAPAR)

Anomalies in the Fraction of (Absorbed) Photosynthetically Active Radiation (FA-
PAR) absorbed by vegetation have been found to be a useful indicator in monitoring
drought impacts on croplands [28]. FAPAR was chosen as an ’essential climate
variable’ by the Global Climate Observing System [29].

The MODIS FAPAR algorithm combines surface reflectance values (currently only
red and near-infrared) with a global biome map composed of eight distinct biomes
with certain pre-set values to reduce the number of unknown parameters in the
calculation process. [30]

Palmer drought severity index (PDSI)

The Palmer Drought Severity Index (PDSI) is based on a demand-and-supply moisture
model, with temperature and precipitation as model inputs [8]. It measures both
negative (dry) and positive (wet) deviations from long-term means and can thus be
used to quantify not only droughts, but also exceptionally wet periods.

The use of fixed, empirically-derived parameters in the generation of the PDSI
hinders its comparability across different locations [31]. Several improved variants
have been proposed, most notably the self-calibrating PDSI, which replaces these
empirically-derived parameters with values computed separately for each location,
making the index more comparable across sites [32].
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Standardized precipitation index (SPI) and standardized precipitation
evaporation index (SPEI)

The Standardized Precipitation Index (SPI) is one of the more popular indices for
drought monitoring and is the index recommended by the World Meteorological
Organization [33]. The values represent deviations of accumulated precipitation from
the long-term mean, with negative values corresponding to drought and positive
values to wet periods. Any timescale can be chosen, with 3, 6, or 12 months being
typical. The values are normalized, making them comparable across sites with
differing climates [34].

Based on the SPI, the Standardized Precipitation Evapotranspiration Index (SPEI)
was formulated to correct for one of the main weaknesses of the SPI: not accounting
for the effect of temperature [35]. It uses the difference between accumulated
precipitation and potential evapotranspiration (calculated with the Thornthwaite
equation [36]) in place of the SPI’s precipitation value.

Both the SPI and SPEI are multiscalar, with different timescales used to quantify
the effects of drought on different water resources. The World Meteorological Orga-
nization suggests a timescale of one to six months for the assessment of agricultural
drought [37].

2.3 Agriculture and irrigation in Finland

Rey et al. [38] modelled and mapped the potential economic value of additional
irrigation in England and Wales, in a climate not wholly dissimilar to that of Finland.
They found a large net benefit from irrigation in a dry year, even in a humid climate.
Knox et al. [39] carried out a GIS-based analysis, the results of which "confirm that
the value of water for irrigation varies temporally, spatially and between crop types".
Morris et al. [40] cautioned that "the research evidence relating to yield assurance
[...] is limited for many irrigated crops".

A review of irrigation in Finland by Pajula and Triipponen [16] found irrigation
in general to be limited in Finland, with especially low coverage for cereal grains.
Southwest Finland was found to have more extensive irrigation coverage than the
country on average. Irrigated area was also found to have increased since the
1970s [16]. Silander and Järvinen [3] produced a study on the effects of the 2002
drought in Finland, concluding that the drought-induced losses just for spring wheat in
Southwest Finland were around 3 million AC. A review of irrigation studies by Pietola
and Elonen [41] showed large variation in estimated yield responses to irrigation.

Finnish cereal grain production, which this study focuses on, is heavily concentrated
in the southern and western coastal parts of the country, with agriculture in the east
and north of the country being much more focused on potato and fodder production
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and animal husbandry [2]. The majority of cereal grain production is of four crops:
barley, oat, wheat and rye (listed here in the order of total grain mass produced).
In 2018, based on National Resource Institute Finland statistics, these four species
accounted for over 95 % of total cereal grain production by area, with the remainder
mostly being categorized as ’mixed crops’ [2].

In 2016, the last year for which data is available, only 1.8 % of Finnish cereal
grain fields were equipped with irrigation equipment (down from 3.7 % in 2013) [2].
Regional breakdowns of irrigation coverage per type of production are not available,
but according to 2016 numbers, irrigation coverage (combined for all production)
is in the range of 1–4 % for most regions [2]. Irrigation is generally less prevalent
in cereal grain production [16] — the irrigation coverage for other plant production
was more than twice as high in 2016 at 4.1 % [2].

The effects of irrigation on grain yields were studied in southern Finland in the 1970s.
Yield increases from a single 30 mm round of irrigation were in the range of 900–1300
kg/ha for various spring grains in loam and clay loam soils, but considerably lower for
more moist peaty and sandy soils [16]. In irrigation tests in 1959, an especially dry
summer, in Häme, the yield increase for barley from one 30 mm round of irrigation in
late June was 3830 kg/ha [42, 41]. In tests in 1941–1944, an average yield response
to irrigation of 7–16 kg/ha mm was found [43]. One UK study estimated the cereal
grain yield response to irrigation at 20 kg/ha mm [40].

All the Finnish irrigation studies mentioned above are fairly old — newer studies
do not exist. They were also all based on field tests, which partly explains the
large variability. The method used in this study is different, with estimates of the
yield benefit of irrigation being based on estimated yield losses derived from annual
production statistics and geospatial data.

The large variability in these estimates illustrates the inherent uncertainty and
variability in crop yield responses to irrigation, especially for cereal grains. Other
types of production make much more use of irrigation — according to 2000 numbers,
for example, 64.6 % of farms with horticulture as their main type of production had
irrigation equipment [16]. Irrigation is generally considered more clearly useful in
horticultural production — strawberry yields in irrigation tests, for example, have
been multiple times larger than typical yields from non-irrigated production [16].

Southwest Finland

Of the Finnish regions, Southwest Finland (Varsinais-Suomi in Finnish) has the
highest amount of cultivated area dedicated to cereal grains (1 819 000 hectares
out of a national total of 10 401 000 in 2018) [2]. The proportion of land used for
all agriculture combined is also among the highest in Finland (over 40 % in some
drainage basins [16]).
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A higher proportion of cereal grain production in Southwest Finland is wheat than
in the country on average. The proportion of barley is a little lower than in the
country at large. In 2018, 38 % of harvested cereal grain area in Southwest Finland
was wheat, compared to 22 % nationwide (38 % vs. 44 % for barley) [2].

Irrigation is more prevalent in Southwest Finland than in the country at large, with
3.9 % of all utilised agricultural area in the region being equipped with irrigation
equipment in 2016, compared to 2.4 % countrywide [2]. Some 70–80 % of the fields
in the region are of soil types generally considered drought-prone [16]. Several of
the drainage basins in the region are also small and have a low proportion of lakes,
making them more prone to low flows during episodes of drought [16].

Southwest Finland is agriculturally important, representing a large portion of Finnish
agricultural production, and relatively drought-prone, and as such is a natural focus
for a study about the effects of agricultural drought and the benefits of irrigation. It
has also served as the case study for a previous review on irrigation in Finland [16].
These factors, combined with the results of the data analysis, lead to it being chosen
as the region of study for this study’s grain yield regression model and irrigation
benefit estimation.
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3 Materials and methods

This study looked at the yield effects of agricultural drought, and the potential for
the mitigation of those effects through irrigation. This was achieved with the help of
geospatial datasets, regional production statistics, the Earth Engine analysis platform
and regression models combined with a simple irrigation benefit estimation method.

In this chapter the used methods and datasets are explained.

3.1 Literature review

At the outset of this study, a literature review (the results of which can be seen in
chapter two) on drought and its definitions, irrigation, remote sensing and Finnish
agriculture was carried out. The literature was used to form a background under-
standing of drought as a phenomenon and the relevant research context, which helped
in the formulation of this study, its research questions and approach. The results
were also placed in the context of existing literature. The literature review was
conducted mainly through keyword searches on Google Scholar and ScienceDirect.

3.2 Datasets

The analysis for this study was conducted mainly with Google Earth Engine, a
cloud-based platform for geospatial analysis [22]. Earth Engine was chosen for this
study due to the sheer scale of available computing power and pre-archived climatic
data. In the analysis, mainly datasets pre-ingested into the Earth Engine Data
Catalog were used.

NDVI and EVI data was imported from the MODIS (Moderate Resolution Imaging
Spectroradiometer) Terra and Aqua vegetation index datasets [44]. MODIS is an
imaging instrument aboard two NASA satellites: Terra (launched in 1999 [45]) and
Aqua (launched in 2002 [45]). Terra and Aqua have 16-day cadences, staggered to
produce an image once every eight days.

Monthly values for temperature (average daily minimum and maximum), accumulated
precipitation and average wind speed as well as derived Vapour Pressure Deficit (VPD)
and PDSI values were imported from the University of Idaho TerraClimate dataset [46].
Also obtained from TerraClimate were soil moisture, actual evapotranspiration and
Climatic Water Deficit (CWD) values, derived with a one-dimensional soil water
balance model. VPD is the difference between the water vapour pressure of air and
saturation pressure at that temperature, expressed in kilopascals. Higher deficits mean
drier air. CWD is the difference between actual and potential evapotranspiration,
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expressed in millimeters of water [46, 47]. It is essentially a measure of how much
more water could be evaporated if enough of it was present.

FAPAR and Leaf Area Index (LAI) values were obtained from the MODIS Terra+Aqua
Leaf Area Index/FPAR dataset [48]. LAI is the proportion of leaf area per unit of
ground area (m2/m2). SPEI data with an averaging period of three months (chosen
based on a study of drought index effectiveness in predicting crop impacts [26]) was
obtained from the Spanish National Research Council [49].

Annual, regional-level data on crop yields was obtained from Natural Resources
Institute Finland. The four main cereal grains grown in Finland were chosen: barley,
oat, wheat and rye. These four species account for over 95 % of Finnish cereal grain
production by area [2]. Hectare yield was chosen as the used crop production statistic
to eliminate the effects of interannual variation in cultivated area. The generalized
annual regional hectare yield values used in this study were produced by calculating
averages of the annual regional hectare yield values for these four crops, weighted by
the corresponding cultivated areas.

The regional division used in this study (Figure 3) was dictated by how the production
statistics are produced by the Natural Resources Institute Finland. As the data
analysis was based on examining correlations between the remote sensing and climatic
variables and the production statistics, the various datasets had to be reduced to
match the production statistics. The datasets used, with their resolutions, can be
seen in Table 1.

Table 1: Datasets with spatial and temporal resolutions.

Spatial res. Temporal res.
MODIS Terra & Aqua Vegetation Indices 500 × 500 m 8 d
MODIS Terra & Aqua LAI/FPAR 500 × 500 m 4 d
UofI TerraClimate ∼ 4 × 4 km 1 m
Luke crop yields Regional 1 y

3.3 Methods

Preliminary data analysis mostly consisted of examining the Pearson correlation
coefficients of annual crop production statistics (hectare yields) and climatic variables
and indices. Correlations were judged significant if the correlation strength was larger
than a critical value for p < 0.05. The critical value is a measure of the minimum
correlation strength necessary to reach statistical significance with a given sample
size. For this study’s sample size of 19 and p < 0.05, the critical value is 0.456. A
p-value limit of 0.05 is commonly used — a p-value smaller than this indicates a
likelihood of less than 5 % that a similar or more extreme correlation coefficient
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would have been obtained if the variables under study were in fact uncorrelated.
With a sample size as small as the one for the production statistics used in this
study, quite a strong correlation is necessary for the effect to be judged significant —
clearly non-zero correlation coefficients are to be expected even for pairs of variables
that are in fact completely independent of each other.

To be able to compare the various indices and variables to the production statistics,
they had to be reduced to a matching spatial and temporal scale. All datasets
were filtered to only include images of the study region (Finland) in May-August
2000–2018 (2). Values were rescaled as necessary and data for non-agricultural areas
was removed (3). Finally, average annual regional values were created (4).

The various climatic variables were aggregated to the same time scale as the crop
production statistics, which were available as an annual series for each ELY Centre
(regional Centre for Economic Development, Transport and the Environment), by
creating annual mean value composite images with Earth Engine. All available images
for each variable for May-August of each year of the study period were averaged.
This was achieved with simple functions produced in Earth Engine for this study.

The annual mean value composite images were further reduced to regional annual
mean values to match the production statistics. The averaging was done at a
consistent scale of 1000×1000 m for all datasets. This step produced a single average
value per variable per region per year. The data processing flow can be seen in
Figure 1.

(1) Datasets (mostly pre-ingested into Earth Engine)

(2) Temporal and spatial filtering (May–August 2000–2018, Finland)

(3) Value rescaling and clipping away data for non-agricultural areas (based on a
1 × 1 km grid of 2017 cultivated areas obtained from Luke’s Biomass Atlas [50])

(4) Annual mean value composite image cre-
ation and reduction to regional annual values

Figure 1: Data processing and reduction workflow.
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Earth Engine

Earth Engine is a cloud-based geospatial analysis platform. The main strengths of the
Earth Engine platform are the availability of vast amounts of pre-processed satellite
imagery and other geospatial data and the ability to leverage Google’s considerable
computing power for scientific inquiry. The system simplifies the concurrent use of
geospatial data from different providers by mostly handling projections and scaling
behind the scenes, with no user input necessary [22]. The use of Earth Engine for
drought assessment has previously been looked into, although a large literature on
the topic does not yet exist [23]. Its application to mapping crop yields has also been
researched, with one method producing estimates that captured around one-third of
maize and soybean yield variation in the Midwestern United States [24].

Linear regression for estimating crop yields

To estimate hectare yields at a sub-regional scale, a multiple linear regression model
was built. Starting with all the variables which exhibited significant (p < 0.05)
correlations with yield values in the 19-year (2000–2018) study period (NDVI, EVI,
minimum and maximum temperature, CWD and VPD), a best subsets regression
approach to model building was used. The other variables, PDSI, SPEI, accumulated
precipitation, wind speed, soil moisture, actual evapotranspiration, and LAI, were
eliminated due to low correlations with the production statistics.

Adjusted R2 was used as the model performance statistic. Using R2
Adj as the model

selection criterion helps avoid overfitting the model — a problem with the ’traditional’
R2 [51, 52]. The model selection workflow can be seen in Figure 2. Adjusted R2 is
calculated as follows (Equation 3):

R2
Adj = 1 − (1 − R2) n − 1

n − p − 1 (3)

where R2 is the coefficient of determination, n is the sample size and p is the number
of parameters in the regression. When adding predictor variables to a regression,
R2

Adj only increases if R2 increases more than would be expected by chance. The law
of parsimony dictates the use of a simpler model when a more complex one does not
offer additional explanatory power.

In modelling crop yield losses on a sub-regional scale, 2018 was used as a ’design’
dry year, essentially downscaling 2018 production statistics to a smaller area.
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(1) Climatic variables and indicators that exhibit significant
(p < 0.05) correlations with combined hectare yields

(2) Calculation of correlations between variables and if high cor-
relations (r > 0.8) are found, removal of the variable with the

weaker yield correlation from consideration (removal of redundancy)

(3) Linearity check for the relationships between variables and production statistics

(4) Best subsets regression — the model with the highest adjusted R2 is chosen

(5) Model significance check (Analysis of Vari-
ance), predictor p-values & residual plot

Figure 2: Workflow for regression model selection.

Estimating the financial benefits of irrigation

Building on the regression model, the next step was to estimate the potential financial
benefits of irrigation as a drought mitigation measure. Using the modelled 2018
yield deviations from the long-term (2000–2018) modelled mean and cell-by-cell
correlations between modelled yield and CWD (climatic water deficit, the difference
between actual and potential evapotranspiration), a simple estimate of potential
yield increase was calculated for each grid cell (Equation 4):

Y+,i = r2
i |Y2018,i − Ȳ i| (4)

where Y+,i is the potential yield increase, r2
i is the squared correlation coefficient

(the coefficient of determination), Y2018,i is the modelled 2018 yield and Ȳ i is the
2000–2018 mean modelled yield for grid cell i. Only grid cells in which Y2018 < Ȳ
and ri < 0 were taken into consideration. Grid cells with higher-than-average yields
in 2018 got a benefit value of zero — these, though, were very few.

The estimate in Equation 4 is based on interpreting the coefficient of determination
as the proportion of variance in the dependent variable (hectare yield) explained
by the variance in the explanatory variable (climatic water deficit). The idea is
essentially to see how much of a yield increase could be obtained in a dry year if the
climatic water deficit could be ’fixed’ with irrigation.
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The estimates thus produced do not take into account the irrigation already happening
in Finnish cereal grain production. While the proportion of irrigated cereal grain
fields is low, it must be considered that the yield losses in 2018 would have been
even larger with zero irrigation.
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4 Results

This chapter starts with the results of the data analysis, including the various
correlation coefficients. It goes on to describe agriculturally important climatic
variability in Finland, before moving on to the results of the crop yield regression
model and irrigation benefit estimation.

After reducing the climatic variables to annual series at a regional scale, correlation
coefficients (Pearson’s r) were calculated for the various variables and the crop
production statistics. Table 2 shows correlation coefficients for the three strongest
variables (based on the number of regions with significant (p < 0.05) correlations
and average correlation strength) as well as 2018 regional combined hectare yield
deviations from 19-year averages. The regional division used in this study can be seen
in Figure 3. The statistically significant regional correlations with grain production
for minimum temperature and vapour pressure deficit can also be seen in Figures 5a
and 7a in the following subchapter on climatic variability.

The regions with the largest reductions in hectare yields in 2018 also exhibit strong
correlations between the three variables (average minimum daily temperature (TMin),
vapour pressure deficit (VPD) and the enhanced vegation index (EVI)) and cereal
grain production. All regions with double-digit percentage point drops in hectare
yields from the 19-year averages — Southwest Finland, Uusimaa, Southeast Finland,
Satakunta, Pirkanmaa, Häme and Åland — also exhibit statistically significant
(p < 0.05) correlations for two or three of the variables. A divide between the south
and southwest of the country and more eastern and northern parts can be seen in
Table 2. Southern parts of the country, where temperature and vapour pressure
deficit correlate with yields in a strong negative way, experienced large yield losses.
In the eastern and northern parts of the country grain yield seem, for the most
part, uncorrelated with minimum temperature and vapour pressure deficit — these
areas also fared better during the 2018 drought. All this strongly suggests that these
variables are indeed good indicators of drought-induced reductions in yields.

The main focus for the succeeding parts of the analysis was Southwest Finland, due
to its agricultural importance and relative vulnerability to drought.
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Table 2: 2000–2018 mean combined hectare yields, 2018 deviations from the mean, and
correlation coefficients (Pearson’s r) for the study regions. (Significance: ∗ p < 0.05,
∗ ∗ p < 0.02, ∗ ∗ ∗ p < 0.01)

Region Mean ’18 yield r r r
yield as % (TMin) (V PD) (EV I)

’00–’18 of mean
(a) Southwest Finland 3780.4 75.7 -0.592*** -0.586*** 0.593***

(b) Uusimaa 3507.2 79.5 -0.663*** -0.589*** 0.278
(c) Southeast Finland 3257.5 81.0 -0.626*** -0.515** 0.103
(d) Satakunta 3734.3 86.0 -0.567*** -0.556** 0.595***

(e) Pirkanmaa 3257.0 87.2 -0.492* -0.554** 0.422
(f) Häme 3613.9 84.2 -0.642*** -0.610*** 0.522**

(g) South Savo 2988.8 94.7 -0.253 0.008 0.287
(h) Ostrobothnia 3751.0 94.5 -0.140 -0.076 0.340
(i) South Ostrobothnia 3599.0 94.3 -0.224 -0.265 0.571**

(j) Central Finland 2806.0 95.4 -0.077 -0.061 0.042
(k) North Savo 2949.5 106.2 0.350 0.387 0.142
(l) North Karelia 2849.4 102.9 -0.041 0.230 0.154
(m) North Ostrobothnia 3035.0 102.8 0.400 0.499* 0.272
(n) Kainuu 2488.5 100.3 0.137 0.381 -0.065
(o) Lapland 2189.1 112.4 0.154 0.173 0.276
(p) Åland 3630.7 51.0 -0.871*** -0.672*** 0.569**

Figure 3: The regional division (ELY Centres) used in this study, based on the
division used for the production statistics.
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4.1 Climatic variability

To illustrate agriculturally relevant climatic variability within Finland, maps of the
standard deviations of monthly averages of daily minimum temperature (Figure 4)
and vapour pressure deficit (Figure 6) were produced. The standard deviations
illustrate interannual variation in seasonal growing conditions — Figure 4, for
example, shows more temperature variability in May and July and generally more
stable temperatures in June and August. Figure 6 shows generally larger variability
in moisture conditions in the south and southwest of the country throughout the
growing season, with especially variable conditions in July. The purpose of these is to
illustrate the heterogeneity of agriculturally relevant climatic conditions within the
country. The generally more variable conditions in the southern parts of the country
help, in part, to explain the interregional differences in agricultural vulnerability to
drought.

Figures 5a and 7a show the correlations with grain production (Table 2) for minimum
temperature and vapour pressure deficit, respectively. Figures 5b and 7b show the
number of extreme monthly values (more than two standard deviations above the
long-term mean for that month) for these variables in the study period. Of interest
here is the cluster of extreme monthly temperature values in the southwest of the
country, where high temperatures correlate strongly with low yields.

The fairly large interregional differences in growing conditions, coupled with the large
interregional differences in vegetation response to temperature and vapour pressure
deficit fluctuations, underline the need to consider drought on a regional and local
level.
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Figure 4: Standard deviations of monthly (May-August) averages of daily minimum
temperature (◦C) in the study period (2000–2018).

Figure 5: (a) Pearson’s r for regions in which TMin correlates significantly (p < 0.05)
with grain yields. (b) Number of extreme monthly (May-August, 2000–2018) average
values of daily minimum temperature (TMini

> µTMini
+ 2σTMini

).
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Figure 6: Standard deviations of monthly (May-August) averages of vapour pressure
deficit (kPa) in the study period (2000–2018).

Figure 7: (a) Pearson’s r for regions in which VPD correlates significantly (p < 0.05)
with grain yields. (b) Number of extreme monthly (May-August, 2000–2018) average
values of vapour pressure deficit (V PDi > µV P Di

+ 2σV P Di
).
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4.2 Southwest Finland: a closer look

For yield estimation at a sub-regional scale, a multiple regression model was built.
Southwest Finland was chosen as the study region due to its relative vulnerability to
drought and agricultural importance.

The model building process started with the six variables which showed significant
(p < 0.05) correlations with combined grain yields for Southwest Finland: NDVI,
EVI, minimum and maximum temperature, CWD and VPD. CWD was eliminated,
because it correlated very strongly with VPD (r = 0.861), but exhibited weaker
correlations with yields. This means, essentially, that for this application the CWD
data does not contain much information that the VPD data does not and so its
addition is unlikely to improve the model. NDVI and maximum temperature were
also eliminated in favour of EVI and minimum temperature (r = 0.944 and r = 0.945,
respectively).

All combinations of the three remaining variables, EVI, minimum temperature,
and VPD, were tried. The best model fit was achieved with a two-variable model:
average daily minimum temperature and EVI. This model had a fit of R2

Adj = 0.561
(r = 0.781) and a fairly large, but acceptable standard error (270.8, with the average
of the predicted values being 3780.4). Although VPD correlated strongly with grain
yields in Southwest Finland, it did not end up being included in the model. Upon
further examination, the reason for this was clear: VPD also has a strong correlation
(r = 0.827) with minimum temperature.

As the production data was sparse, model validation was done with data for Satakunta,
an adjoining and climatically similar region. With the validation dataset (EVI and
minimum temperature data and production statistics for Satakunta), the model
achieved a fit of R2

Adj = 0.478. A regression built with the Satakunta data (with
the same predictor variables, but with different coefficients) had a far superior fit of
R2

Adj = 0.716. This suggests that a model with the same predictor variables could
work for several neighbouring regions in the south and southwest of the country, but
that considerable interregional differences in average vegetation response to these
variables exists.

Modelled yields (Figures 8 and 9) show modelled municipal-level losses (summarised
in Table 4) between 14.3 and 25.3 % in 2018. The loss calculated from the production
statistics for the whole of Southwest Finland is 24.3 %, suggesting that the model
underestimates yield losses in the ’design’ dry year (2018). The reason for this is
not clear, but this is relevant when interpreting the results of the irrigation benefit
estimation — as that calculation is based on the modelled 2018 yield losses, this
underprediction also affects the estimates of the yield benefit of irrigation. If the
yield losses are underpredicted, so is the potential benefit of irrigation.
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Table 4 and Figure 10 show considerable variation in modelled 2018 yield losses
between the municipalities of Southwest Finland. In general, municipalities in the
east and north of the region seemed to fare better, with the coastal municipalities
of the southwest of the region seeming to be hit harder by the drought. This again
underlines the locally varying nature of drought. Even within an area the size of
Southwest Finland, differences can be notable.

Crop-specific regressions (with the same two predictor variables) for Southwest
Finland achieved fits of R2

Adj = 0.576 and R2
Adj = 0.640 for oat and wheat, respectively.

No combination of the three predictor variables shown in Table 3 yielded a working
regression model for either barley or rye (predictor p-values were too high). The
fairly good model fits for oat and wheat underline the fact that these two species
seem to respond more negatively to high temperature and lack of moisture than
barley or rye — this is also visible in the correlation coefficients shown in Table 3.
The lack of a working model for either barley or rye suggests a higher resilience to
drought conditions in these species (also suggested by the correlation coefficient in
Table 3).

This all agrees with the production statistics — 2018 hectare yields in Southwest
Finland were 82.2 % and 86.6 % of the long-term (2000-2018) mean for barley and
rye, respectively, whereas oat yields were only 75.4 % and wheat yields only 68.1 %
of the long-term mean [2]. Wheat, at least in Southwest Finland, seems particularly
vulnerable to drought. Increasing the average of the minimum temperature dataset
by 1 ◦C produces a 6.5 % decrease in wheat yields. This is close to the 6 % reduction
in global wheat production per every 1 ◦C increase in average temperature estimated
in an earlier study [18].

Table 3: Crop-specific correlation coefficients for Southwest Finland. (Significance:
∗ p < 0.05, ∗ ∗ p < 0.02, ∗ ∗ ∗ p < 0.01)

r (TMin) r (V PD) r (EV I)
Barley -0.525* -0.485* 0.350
Oat -0.582*** -0.617*** 0.615***

Rye -0.363 -0.498* 0.646***

Wheat -0.568** -0.577*** 0.676***

23



Figure 8: Average modelled combined cereal grain hectare yields for 2000–2018
(kg/ha).

Figure 9: 2018 modelled yield deviation from the 2000–2018 mean (kg/ha).
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Table 4: Municipal-level 2018 modelled yields as a percentage of the 2000–2018 mean.

Municipality Yield as % of mean Municipality Yield as % of mean
(a) Parainen 80.80 (o) Lieto 79.36
(b) Kemiönsaari 80.08 (p) Aura 81.91
(c) Naantali 77.66 (q) Marttila 82.29
(d) Raisio 77.86 (r) Koski Tl 80.60
(e) Turku 80.17 (s) Somero 84.88
(f) Kaarina 80.36 (t) Uusikaupunki 82.84
(g) Paimio 80.52 (u) Vehmaa 78.70
(h) Sauvo 77.89 (v) Pyhäranta 85.70
(i) Salo 83.17 (w) Laitila 83.92
(j) Kustavi 78.91 (x) Mynämäki 81.16
(k) Taivassalo 77.19 (y) Pöytyä 84.34
(l) Masku 74.68 (z) Oripää 80.93
(m) Nousiainen 78.48 (å) Loimaa 81.64
(n) Rusko 78.29

Figure 10: Municipal-level 2018 modelled yields as a percentage of the 2000–2018
mean.
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4.3 The potential financial benefit of irrigation

The estimated potential yield benefit from irrigation for Southwest Finland can be
seen in Figure 11. Considerable variation is visible in the figure. For most of the
region, the potential yield benefit is small, but pockets of high potential gains are
visible in the figure — up to 1200 kg/ha, or about 42 % of the regional 2018 average.
Areas with higher potential gains are likely to be the products of variations in soil
type and other local growing conditions.

This estimate is based on irrigation in the amount of the four-month cumulative
climatic water deficit. The potential yield benefit is considerable, but the cost of
this irrigation scheme would be prohibitive — the cost of irrigating this much would
cancel out any economic gains made from increased yields. Figure 12 shows the
cost of irrigating enough to eliminate the May-August four-month cumulative CWD
(assuming the variable costs of irrigation to be 1.66 AC/ha mm, based on a UK
estimate [53, 38]).

Deficit irrigation

Assuming a grain price of 0.15 AC/kg (an estimate based on prices in August 2019 [54]),
irrigation of this magnitude (’full’ irrigation in the amount of the four-month cu-
mulative CWD) does not make economic sense. A better strategy is suggested by
the fact that CWD values for June correlate as strongly with annual cereal grain
yields in Southwest Finland as do the four-month averages (r = −0.530 for June,
r = −0.534 for the May-August average).

Following a deficit irrigation strategy, irrigating only to ’fix’ the climatic water deficit
for June, the potential yield benefit is similar, but costs are considerably lower. The
idea of deficit irrigation is to irrigate only during especially drought-prone parts of the
growing cycle, to achieve a higher water productivity and to minimise costs [55]. With
irrigation, timing is key — cereal grains are usually irrigated in early summer [16].

Figure 13 shows a similar yield benefit from a conservative deficit irrigation strategy
than from more extensive irrigation. Figure 14 shows a considerably reduced cost
estimate. The areas for which this irrigation strategy produces an economic net
benefit (where the economic benefit obtained from the yield increase are larger than
the cost of irrigation) can be seen in Figure 15. These areas only cover a small
portion of agricultural land in Southwest Finland, but exist in fairly well-defined
pockets. This is important as irrigation is necessarily a local enterprise. Figure 15
suggests that focusing irrigation on these areas with higher-than-average potential
for effective drought mitigation could yield economic benefits while keeping costs
down.
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Figure 11: Model-based potential yield benefit from irrigation (kg/ha) in a dry year
(2018).

Figure 12: Estimated irrigation costs for a dry year (2018).
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Figure 13: Model-based potential yield benefit from a deficit irrigation strategy
(kg/ha) in a dry year (2018).

Figure 14: Estimated deficit irrigation costs for June in a dry year (2018).
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Figure 15: Model-based economic benefit of a deficit irrigation strategy (AC/ha) in a
dry year (2018).
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Sensitivity analysis

The results of a brief sensitivity analysis can be seen in Figure 16. With a 50 %
reduction in the cost of irrigation or a 50 % increase in grain price, a much larger
area shows a modest benefit from irrigation. With a 50 % reduction in grain price or
a 50 % increase in the cost of irrigation, close to zero benefit would be realized.

The cost of irrigation is bound to vary from place to place and so for some localities
Figure 16a could be closer to the truth than Figure 15.

Figure 16: Model-based economic benefit of a deficit irrigation strategy (AC/ha) in a
dry year (2018), with (a) a 50 % lower cost of irrigation and normal grain price and
(b) a 50 % higher grain price and normal cost of irrigation.
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5 Discussion

5.1 Climatic variability, yields and preparedness

The results of the data analysis show considerably more variability in climatic
moisture conditions in the agriculturally more intensive southern and southwestern
areas of the country (see Figures 4–7). Combined with the fact that grain yields in the
southern and southwestern regions correlate with minimum temperature and vapour
pressure deficit in a strong negative way, this goes some way towards explaining the
large 2018 yield losses in Southwest Finland, Uusimaa, Southeast Finland, Satakunta,
Pirkanmaa and Häme (see Table 2 and Figure 3). Some of the areas identified as
drought-prone in this study, particularly Southwest Finland and Uusimaa, were also
among the hardest hit in a recent water availability analysis, based on a simulation
of a severe drought episode, by Ahopelto et al. [1].

The fact that grain yields in the east and north of the country seem largely uncor-
related with temperature and vapour pressure deficit helps explain how northern
regions achieved average or even slightly higher-than-average yields in 2018, while
total national production was at its lowest in years [2]. This suggests that although
drought can, at times, be a sizeable problem in the southern parts of the country,
agricultural actors in more northern regions probably need not worry much about
drought.

The modelled cereal grain hectare yields showed considerable sub-regional-scale
variation. Though Southwest Finland is not a very large area, local variation in
climate, soil and growing conditions produces large differences in yields. There was
also a large difference in fit between the Satakunta-specific model (R2

Adj = 0.716)
and validation of the Southwest Finland model on Satakunta data (R2

Adj = 0.478).
This suggests considerable differences in average vegetation response to climatic
conditions even between neighbouring regions.

This interregional and local variation should be taken into account in agricultural
planning and drought preparedness efforts (such as the drought management plans
recently recommended by the Winland project [4] and Veijalainen et al. [5]). Even
within more drought-prone regions, some areas are hit much harder by drought than
others. The upside of this is that well-targeted mitigation efforts could potentially
produce large savings with limited costs.

Targeted preparedness efforts can start to move the agricultural system from a
reactive crisis management approach to drought (identified as the most common
reaction to drought globally by Wilhite et al. [56], who also call such reactive responses
ineffective) to a potentially more effective proactive approach.

Southwest Finland’s relative vulnerability to drought is compounded by a relatively
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high proportion of wheat, which is relatively drought-prone, and low proportion
of barley, which is relatively drought-resistant. According to a recent study by
Veijalainen et al. [5], climate change could also make droughts worse in already
drought-prone areas. Wheat production has been estimated by Asseng et al. [18] to
fall by 6 % globally for every 1 ◦C rise in average temperature and to become more
variable. Although the effects of this could very well level out across Finland, the
regression model built in this study suggests a wheat yield decrease of 6.5 % per
every 1 ◦C rise in average minimum temperature for Southwest Finland. Although
switching to less drought-prone crops in vulnerable areas can be a feasible strategy,
care must be taken to avoid the kind of maladaptation and rebounding vulnerability
identified in a recent study by Neset et al. [57].

5.2 The benefits of irrigation

The uneven spread of results for the irrigation benefit estimation suggests a need for
focused local-level planning. The results for Southwest Finland show the sub-regional
unevenness of both modelled yield losses in a dry year (2018) and the potential yield
benefit to be had from irrigation (see Table 4, Figure 10 and Figures 13 and 15).

The benefits of irrigation are mostly limited to particularly dry years — irrigation
can produce a negative effect on yields in a wet year [41]. The inverse of a drought, a
surplus of water, can have a negative effect on plant growth by, among other effects,
stifling oxygen intake trough the roots [41].

Judging from Figure 15, areas which could see positive economic results from the yield
benefit of irrigation cover only a small portion of Southwest Finland. Seeing as how
these grid cells are mostly grouped and not evenly spread out, though, it makes sense
to think that certain localities could experience economic benefits from an investment
in irrigation equipment. A municipal or local-level collective investment in irrigation
equipment in these areas could make more economic sense than equipment purchases
by a single farmer. Collective ownership of irrigation equipment by neighbouring
farms is also mentioned as a possibility by Pajula and Triipponen in their review of
irrigation in Finland [16].

The regression model seems to underpredict dry-year yield losses, which trickles
down to the irrigation benefit estimate. There is also a possibility of an added grain
quality benefit from irrigation. Rey et al. [38] estimated the partial contribution
of enhanced quality to the total benefits of irrigation to be 23 % for cereal grains,
suggesting the possibility of an added 30 % gain on top of the yield-increase-derived
financial benefit estimated in this study. The area for which irrigation could make
economic sense in a dry year is thus likely to be somewhat larger than predicted
here. In a dry year, grain prices can often be quite a bit higher than the 0.15 AC/kg
used in this analysis [54], which means that during a particularly severe drought, the
spatial extent of irrigation benefits could well be a lot larger (see Figure 16b).
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5.3 Discussion on used materials and methods

The pre-archived datasets used in this study, MODIS Terra & Aqua vegetation
indices, MODIS LAI/FPAR and TerraClimate, can be considered quite suitable for
a study of this sort due to their large spatial and temporal extents. The reliability of
the MODIS datasets is enhanced by built-in correction for cloud cover, atmospheric
distortions and viewing angle [58].

The grids used by the MODIS datasets and TerraClimate do not match. This is
where Earth Engine shows one its major strengths: instead of having to resample
one of the datasets to match the other, potentially losing some of the information in
the process, computations can easily be done with non-matching grids. The result of
map algebra operations using both MODIS and TerraClimate data is an uneven grid

— Earth Engine handles this smoothly and without problems.

For handling large amounts of geospatial data, Earth Engine is very efficient. It is not,
however, a complete tool for that job: it lacks a good way of handling tabular data
and so obliges the user to pair it with other software. The addition of an embedded
table-editing option would improve Earth Engine’s usability and broaden the range
of applications for which it is an effective tool. The user-directed ingestion of non-
pre-archived data is also somewhat laborious. The developers themselves attest that
Earth Engine is only optimized for a certain class of applications: running large
numbers of simple, parallelizable operations on geospatial data [22]. The platform is
ill-suited for other types of problems, such as clustering or watershed analysis.

5.4 Limitations and uncertainties

A degree of uncertainty is always included in the use of remotely sensed data. Despite
the MODIS data having been corrected for cloud cover, atmospheric distortions
and viewing angle [58], an element of random variation is bound to exist in the
dataset. The effect of this is probably small and is unlikely to strongly affect the
results. The University of Idaho TerraClimate dataset has inherited any uncertainty
and trends present in its parent datasets, WorldClim, CRU Ts4.0 and JRA55 [46].
The one-dimensional water balance model used in the derivation of several of the
TerraClimate variables used in this study is also very simple and, as such, necessarily
fails to capture some portion of local variation [46]. This has an effect on the irrigation
benefit estimates, which are based on the TerraClimate model-derived climatic water
deficit values — meaning the results should be interpreted more as pointing towards
certain areas rather than focusing on individual grid cells. The collection process for
the production statistics is also bound to include some degree of uncertainty.

Although great care was taken to carry out all aggregations in Earth Engine at
a matching spatial scale (1000 × 1000 m), a small portion of the variation in the
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aggregated values might be due to how Earth Engine handles scaling and carries out
calculations internally.

The regression model fit for Southwest Finland was fair for the combined yields, oat
and wheat. With R2

Adj values of 0.561 (combined), 0.576 (oat) and 0.640 (wheat),
though, a little less than half of the variation in the combined yields and oat yields and
a third of the variation in wheat yields went unexplained. This uncertainty also trickles
down to the irrigation benefit estimation, as it is based on the modelled yields and
their grid-cell-by-grid-cell correlations with climatic water deficit values. In addition
to this, the irrigation benefit estimation method is somewhat rudimentary. This
study did not take into account the upfront costs of acquiring irrigation equipment,
looking only at the costs and potential yield benefit of irrigation.
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6 Conclusions

This study had three main aims: (1) to analyse the effects of agricultural drought
on cereal grain yields in Finland, identifying particularly vulnerable areas and crops
(research questions 1 and 1.1); (2) to assess whether irrigation could make economic
sense as a drought mitigation measure (research question 2); and (3) to assess the
usefulness of Earth Engine as a tool for a study of this sort (research question 3).

(1) The results clearly show that the southern and southwestern regions are much
more vulnerable to agricultural drought than the north and east of the country. The
results also show considerable variability in vulnerability to drought within the main
study region, Southwest Finland. In Southwest Finland, wheat and oat seem to be
relatively drought-prone, whereas barley and rye seem relatively drought-resistant.

(2) According to the results, extensive irrigation of cereal grains does not make
economic sense in Finland, even in more drought-prone areas. More targeted
irrigation, however, can produce savings in a dry year. A conservative deficit
irrigation strategy can produce a net economic benefit in parts the main study region,
Southwest Finland, and likely also in other southern and southwestern regions.

(3) This study shows that Earth Engine is a powerful, if incomplete, tool for geospatial
analysis. It made handling the large amounts of data used in this study painless, but it
lacks a lot of the functionality of a more ’traditional’ GIS, such as the ability to easily
manipulate tabular data. Despite its shortcomings, Earth Engine is revolutionary in
several ways and has a lot of potential as a tool for the large-scale study of natural
systems.

The geospatial and statistical analysis approach used in this study, even though it
has its limitations, proved fairly effective in achieving the aims set at the beginning of
the process. The irrigation benefit estimation method is interesting as a complement
to existing studies based on field tests. The use of a new kind of geospatial platform
(Earth Engine), instead of a more ’traditional’ GIS, enabled the analysis in this study
to be, in some ways, more comprehensive than it might otherwise have been.

Finland has not generally been thought of as drought-prone. In this respect, though,
the country is very much not homogenous. While cereal grain production in some
regions can do well in a hot, dry year (such as in all the northern regions of the
country in 2018), others face the prospect of large losses of yields and profit. While
the northern regions of the country can probably do without dwelling too long on
drought, better preparedness could help mitigate potentially dramatic future losses
in the agricultural powerhouses of the south and southwest.
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The results of this study show considerable regional and local variation in the effects
of agricultural drought. This suggests a need for planning and drought preparedness
at a fairly small spatial scale — municipalities and regions. Targeted planning and
preparation can help the food production system move from reacting to drought to
being ready for it.

The results suggest the existence of several small, but fairly coherent, areas within
Southwest Finland for which the benefits of irrigation could be considerable, especially
as a protective measure against dry-year yield losses. As mentioned in the discussion
chapter, wheat production has previously been estimated to fall by 6 % globally for
every 1 ◦C rise in average temperature [18]. The results of this study show a similar
6.5 % decrease in wheat yields in Southwest Finland for every additional 1 ◦C.

In the face of considerable potential for agricultural losses in a dry year, and the
additional pressures piled on by a changing climate, the lack of proper management
plans for drought [1] is worth rectifying, if not at the national level, at least for the
more vulnerable southern and southwestern regions.
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