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Editorial

Special Issue: Application of advanced methods for specific
environmental purposes

“ At the beginning of the third millennium, the extensive variability of weather has
become the most significant risk factor for a number of social-economic areas.
This can be particularly seen in the state of the environment and in agriculture,
which makes the research of these impacts a priority task. Reasonably, fast
advancing scientific areas as space science and information technol ogy play major
roles in these researches.” A special compilation series of the Quarterly Journal
of the Hungarian Meteorological Service was launched with these wordsin 2010.

Thisvolumeisthefifth in this series. The past years clearly supported what
was written in the editorial introduction of the first specia issue. Moreover, in
addition to the state of the environment and agriculture, it certainly seemed
justified to include other thematic areas, such as transport and the state of rivers,
among the research areas examined in the series. For similar reasons, the
range of publishing university and institutional research groups has also
widened/expanded over the years.

In order to better understand and evaluate the recent complex environmental
changes, advanced investigation methods and technologies are being devel oped
and applied worldwide. They are focusing on almost all key aspects of challenges,
including our atmosperic environment and its related natural systems like water,
soil, and vegetation. Five papers aiming at some of these goals are presented in
this specific issue prepared in close cooperation between natural scientists and
engineers.

The first paper of this volume is also a good example of the necessity and
justification of expanding the research topic and the circle of authors. The joint
work of the author team (Birinyi et al.), as aresult of the cooperation of several
universities and institutions, presents a comprehensive study method of the
environmental risk of climate change, which is not only very remarkable in its
approach to the topic, but aso in itsresults. The paper deals with the contribution
of data-driven methods to risk reduction and climate change adaptation in
Hungary and beyond. The severe drought damage that occurred in 2022 urged a
thoughtful and long-term concept to tackle and mitigate the effects of similar
events. To develop this concept, in addition to taking stock of scientific results so
far, itiscrucial to establish the basis for mutually supportive cooperation between
the sectors concerned, including agriculture, water management, and nature
conservation. The continuous deterioration of the landscape's water retention and



evapotranspiration capacity is associated with weakening the climate regulating
function and the degradation of agricultural production conditions. Accordingly,
the task is not to find new resources and interventions ensuring the continuation
of current landscape use; the real goa is to find the landscape use (farming
methods and water use) that will ensure sustainable human livelihoods and
environmental conditions.

The second paper (Fridvalszky et al.) evaluates specific dehazing techniques
on artificial and satellite land surface images. Many image-based recognition
tasks are highly susceptible to different types of natural phenomena like foggy
weather, snow, or rain. The participating media will likely obscure important
details necessary for these algorithms to work correctly. Still, these aspects could
be recovered in certain situationswith prior information about the underlying light
interactions. This could be done with certain heuristics or with the nowadays
popular deep-learning-based methods. The results of two approaches to remove
or scale down the effects of foggy weather are reviewed and compared in this
paper.
The third paper (Szantd and Vajta) dealswith one of the specid traffic safety
effects of the weather. The theme is not new in this series. The first article was
published by the editor together with P4 Vécsei in 2014, which presented a
detailed statistical analysis of domestic road accidents involving personal injury
and the relevant meteorological conditions for the period 1990-2010 in Hungary.
In that article, a crowdsourcing-based methodology was presented, supported by
a database, which is assembled using data that is far more heterogeneous with
regard to acquisition frequency and quality, than those available previously. With
their method, driver assistance systems can be created that could indirectly reduce
the occurrence of accidents by warning the driver in agiven situation. The present
paper deals with certain types of medical meteorological phenomenon-transitions
that can have a significant deteriorating effect on road safety conditions. Hence,
asystem that is capable of warning road users of the potential occurence of such
conversions can prove to be utterly useful. Vehicles on different levels of
automation (i.e., ones equipped with Driver Assistance Systems— DAS) can use
thisinformation to adjust their parameters and become more cautious or warn the
driversto be more careful while driving. The developed machine learning model
was trained on a dataset covering 10 years of meteorological datain Hungary, and
it shows promising results for further development and patent preparation.

The fourth paper (Kugler and Horvéath) presents a comparison of river
streamflow measurement from optical and passive microwave radiometry (PMR).
The hydrological cycle can be studied both from ground and satellite
measurements on aglobal scale. Y et acomprehensive overview is challenging to
establish given the spatial and temporal limitations related to various Earth
observation satellite sensors or to maintenance of in-situ gauges. This study aims
at comparing the methodol ogy of PMR to optical river gauge measurements based
on the assumption, that at selected locations along the river channel, increase in



streamflow is related to increase in the floodplain water surface inundation.
Comparison showed a significant obstacle of cloud cover over tropical regions,
where PMR has the potential to measure river streamflow. Y et over regions with
less clouds, both optical and PMR can be good alternatives to in-situ streamflow
ground measurements.

In our country, the cultivation of corn seedsisapriority agricultural area, so
the production of the high-quality hybrids required for thisis a strategic research
topic. In our series, papers on various results are continuously published. Thefirst
article of the series (in 2010) dealt with proving that the rate of development of
hybrids can be predicted based on knowledge of satellite images and relevant
meteorological data. In thisvolume, thefifth paper (Gombos et al.) focuses on the
agricultural activity of Debrecen area in Hungary, providing a statistical
evaluation of the impact of climate change on maize production during the past
50 years.

The papers published in this volume reflect well the methodological
development that has taken place in the field of analysisin recent years, which
can be experienced in the application of classical analytical and probabilistic
procedures, and especially deep learning and artificial intelligence-based
solutions as well. The editor would like to thank the the support of the EU tender
project BME_2021-1.2.1-EIT-KIC-2021-00006 and the corresponding domestic
project BME_2021-1.2.1-EIT-KIC.

Kaman Kovacs
Guest Editor
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Abstract— Among a series of tangible phenomena related to climate change and
ecosystem degradation, the severe drought damage that occurred in 2022 urgesin particular
athoughtful and long-term concept to tackle and mitigate the effects of similar events. To
develop this concept, in addition to taking stock of scientific results so far, it is crucial to
establish the basis for mutually supportive cooperation between the sectors concerned,
including agriculture, water management, and nature conservation.

As confirmed by scientific knowledge, the continuous deterioration of the landscape's
water retention and evapotranspiration capacity is associated with weakening the climate
regulating function and the degradation of agricultural production conditions. Accordingly,
the task is not to find new resources and interventions ensuring the continuation of current
landscape use; the real goal is to find the landscape use (farming methods and water use)
that will ensure sustainable human livelihoods and environmental conditions.

All the tools and knowledge are available for the first steps and subsequent ongoing
monitoring and refinement of a precautionary and prevention-based approach to support all
levels of ecosystem services. With continuous professional dialogue and implementation
of established and new methods, several goals can be achieved simultaneously, such asthe
integration of economic trendsinto the approach, the revitalization of Hungarian landscape
culture, and hence the preservation of the rural workforce.

Key-words: drought, inland excess water, water conservation/retention, prevention-based
approach, data-based decision making, remote sensing, Hungary
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1. Introduction

Due to the accelerated hydrological cycle and the overuse of the landscape,
drought, water scarcity, flash flood, and flood events occur in the same areaand
more frequently than they used to (“water surplus-water scarcity paradox” —
Kozma et al., 2022). According to data from the Hungarian Central Statistical
Office (KSH), over the past 10 years, drought has affected more than 70% of
the country's territory many times, meanwhile, during wet years of the same
period, up to 10-15% of regularly cultivated arable land (> 4 million hectares)
was periodicaly flooded (KSH, 2022ab). The areas affected by both
phenomena overlap to a significant extent.

According to the latest data registered in the Agricultura Risk
Management System (MKR), extreme water scarcity and heat wave eventsin
the summer of 2022 are among the largest ever observed, and had a very
significant impact on agricultural production and natural ecosystems, with more
than 1.4 million hectares of arable land affected by drought damage (MKR,
2022).

Meanwhile, climate models also show a significant increase in the
frequency and probability of extreme events in the Carpathian Basin (Kis et
al., 2017; Torma et al., 2020). This situation calls for a well-founded long-
term concept, in which it is crucial to establish and strengthen the mutually
supportive functioning of sectors concerned, including agriculture, water
management, and nature conservation. Further prerequisites are that the
concept should build on (i) existing scientific results of climate change and
drought research, (ii) data and indicators (statistics) for monitoring drought
impacts, and (iii) modern technologies, in particular remote sensing, which
can be applied not only for monitoring drought impacts but also for their
prediction to some extent. However, the practical implementation of this
long-term concept will only be successful if the specific characteristics of
areas in question, i.e., local conditions and their effects (landscape history,
soil conditions, agrotechnology, etc.) are all considered. In a number of
areas, the consequences of land use unsuitable for local landscape conditions
cause problems, such as the frequent recurrence of flooding in former flood
plains after the regulation of rivers.

Development of monitoring networks in combination with mindful
landscape management could contribute to mitigating impacts of extreme
eventsin several ways. Reducing both risks and effects of those implies changes
inland use practiceto retain water mostly initsoriginal functioning area. Water
should be considered the most significant part of the land. The current practice
of draining out water during spring floods in the basin isonly viablein years of
steady water supply, whereas in years with extremely dry spring and summer,
the aim should be to maintain high spring yields. Water-focused land use
system could provide the “buffer zone™:
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e for water retention to reduce the upcoming drought effect, or

e {0 stock water for supporting evapotranspiration, irrigation, and local
reduction of temperature, and

e to provide habitat and support at al levelsin ecosystem cascades.

Adaptation to extreme weather events in the Carpathian Basin ultimately
requires the implementation of circularity among a number of factors such as
precipitation, soil conditions, vegetation, new types of crop production, water,
nutrients, and (evapo-)transpiration. With the support and extended use of
remote sensing data, we are, for instance, able to assess topsoil conditions and
infer the available, cost-effective methods to improve soil conditions and
health. The purpose of the article is to raise attention to data-driven methods
that could take into account certain aspects listed above and contribute to
drought-risk reduction and climate change adaptation.

2. Important historical background

2.1. Water management interventions in the Carpathian Basin

In the Carpathian Basin, the Sarmatians already carried out large-scale
interventions that had an impact on the hydrographic conditions (e.g., Csorsz
ditch), and the Romans also invested in, among other things, ensuring the
navigability of rivers. Later, the water management system of the Arpéad age,
the spread of water mills, crop farming, deforestation under Turkish rule,
flooding for military defense purposes, etc., all contributed to the continuous
transformation of the hydrographic conditions and the expansion of the bog and
marsh world (Horvath, 2018).

However, the development of agriculture, the spread of large-scale
farming, and the rapidly increasing demand for agricultural crops (mainly
grain) have led to more and more water management initiatives in order to
increase production areas. In the meantime, commercial shipping also gained
more and more space with the appearance of steamships, as well as the
reduction of damage caused by floods and the rise of riverbeds caused by
sediment deposition. In addition to preventing ice jams, the effective removal
of ice dams became an important goal - the latter primarily on the Danube.

In the 19th century, the basic purpose of the regulatory works that began
with great force was to help excess waters drain faster, to make water-logged
and water-covered areas suitable for arable cultivation by draining them, and to
ensure the navigability of our large rivers.

According to Babinszki (2017): "Before the river regulations, 13.7 percent
(38,771 sguare kilometers) of historical Hungary was a floodplain, of which
36,700 sguare kilometerswere exempted from flooding. The original floodplain
of our country was 22,000 square kilometers, of which the tidal area under the
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control of our riversis only 1,500 square kilometers. By the beginning of the
20th century, bends were cut in 18 places on the river Danube, shortening the
river by 123 kilometers. The enormous change in natural geography is even
more evident in the data of the Tisza watershed: the 112 crossings of the river
Tisza reduced the length of the river by 453 kilometers, and the 248 bends of
the rivers Korosok caused a shortening of 546 kilometers”.

Thanks to the dam system, which was built as part of the river regulation
and got later expanded and gradually heightened, the proportion of areas that
could be brought under agricultural production increased, and the settlements
in the exempted areas al so expanded intensively.

Agricultural production in the landscape, transformed to agreat extent due
to changed conditions, has thus become more and more intensive, but at the
same time has been struggling to this day with numerous negative phenomena
partly caused by intensification and land use incompatible with the original
landscape conditions. This aso includes inland wetlands, whose potential
territorial extent shows the pattern of hydrographic conditions before the
regulations (Babinszki, 2017) (Fig. 1).

Fig. 1. Water-covered and flood-prone areas of the Carpathian Basin before the start of the
relief and drainage works. Source: MBFSZ, 2023.

By comparing the maps of thefirst (1763-1787) and the third (1869-1887)
military surveys (Fig. 2), some waves of regulatory work can be easily traced.
The map sections below show the effects of cutting through the river bend on
the example of Tisza River.
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Fig. 2. Comparison of the first and third military surveys, and the relative inland water
frequency map sections on examples aong the river Tisza. Darker shades of blue represent
more frequent inundation. Source: Arcanum Adatbézis Kiadd, 2023; LTK, 2023.

2.2. Theoriginal landscape-friendly water management

Flood is a natural phenomenon (Kiedrzyrniska et al., 2015), it is necessary both
for nature as awhole and for farming as well. Groundwater resources along the
river can be recharged during floods, which is also necessary for the climate-
regulating activities of the forests and groves near the water (Makarieva et al.,
2005). The floodplains and endemic forests along watercourses are important
elements of the natural water system. Their role is essential in balancing the
flow of water, preventing flood and drought disasters, and preserving and
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utilizing incoming water (Palfai et al., 2000; Balogh, 2001;). Under the
influence of the geological structure, the morphological pattern and the natural
vegetation cover, the surface and subsurface water cycle sections, the natural
systems of the flat and mountai nous areas of the Carpathian Basin are connected
in a unique way into a cooperative water balance system. Therefore, it can be
stated that mountain and lowland forests are the most important governors and
preservers of waters of the basin.

Thekey elements of the outlined system are the floodplains of large extent
and the equalizing and life-giving role of excess water management. This
ensured the exceptionally good ecological features of the (inner) areas of the
Carpathian Basin throughout history. Livelihood activities in floodplains were
based on the active cooperation of watercourses, ecosystems, and communities.
"Production" adjusted to the conditions of nature not only "withstood" the
floods, but the spreading of excess water with human participation - keeping it
in motion, and thereby preserving it at the landscape level, ensured the basis of
livelihood, such as, for instance, traditional fishing on the Tisza, fruit growing,
reed farming, livestock, and medicina herb collection. Nowadays, the wide
range of (eco)tourism opportunities can also be classified here (Molnér, 2005;
Kozma et al., 2022).

3. Connection of soil and water

3.1. Distribution and intensity of precipitation

In Hungary, increasing amounts of precipitation tend to occur outside the
vegetation period; hence, to make water available for the vegetation at the right
time, it hasto be retained and retention capacity of the soil should be increased.
Additionally, soil cannot absorb the significant amount of precipitation of
increased intensity; therefore, this requires further preparation. We will
examine both problems in more detail:

e Changing distribution of precipitation: Currently, a larger part of the
annual precipitation in Hungary falls in the summer semester rather than
in the winter one. Nevertheless, climate change models predict increasing
amounts of winter precipitation (predominantly in the form of rain instead
of snow), and decreasing amounts can be expected in summer. Thishas a
negative effect on agricultural crops that still require rainfall during
summer because of their longer growing period (e.g., corn, soybeans, or
melons). During this period, they would need more water than the amount
available from rainfall.

e Increased precipitation intensity and spatial variability: The chance of
sudden rains and intense precipitation increases, i.e., the usual amount of
precipitation can fall in a shorter time, and its quantity can vary to alarge
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extent within distances as small as a few hundred meters. The experience
of the past years shows that the amount of precipitation during a specific
rain event can exceed the usual amount for an entire month or even longer
period, especially during thunderstorms.

3.2. Soil, fertility, tillage

During plowing, the topsoil (often containing organic material residues) and the
subsoil in contact with the air change places, due to the rotating effect of the
plow. However, the decomposition of organic matter is not complete.
According to the latest research, the reason for thisisthat plowing significantly
reduces the number of soil-dwelling microbes and specially fungi, while the
role of these organisms is crucia in breaking down dead organic matter that
forms on top of the soil, and turning it into humus (De Vries et al., 2006).

All over the world, the organic matter content of soils decreases as aresult
of cultivation. Due to this phenomenon, estimates show that atotal of 65-90 x
10° metric tons of organic carbon entered the Earth's atmosphere from soils. It
is generally true that a 1% excess of organic matter in the soil accounts to 16
tons of organic carbon bound, and this means that an average of 4565 tons per
hectare of carbon disappeared from the Earth's soils. On 1.5 billion hectares of
agricultural land, i.e., the organic matter content has decreased by 4% on
average. At the end of the 1800s, organic matter content of around 10% could
still be measured in the agricultural areas of Hungary; today, it is between 1 and
3% in most areas.

Furthermore, during plowing, the plow pan effect developsin the depth of
the plow, i.e., the weight of the plow heads creates a hard, compacted layer
during plowing, which the roots cannot break through and is highly
impermeabl e to water. In practice, this meansthat the upper 25-35 cm of dusty,
structureless soil layer must absorb and retain the incoming precipitation.

In addition to the formation of the plow pan layer, however, the structure-
destroying effect of tillage has other consequences, as (Dobos, 2022a) and his
colleagues draw attention to. As the crumbly structure of the soil is lost, its
healthy pore system is transformed and degraded. In addition to degrading the
healthy water-air ratio, the narrow pores are easily clogged, and the water
absorption and retention capacity is drastically reduced. After rain, the soil
becomes muddy, a significant part of the water flows on the surface instead of
infiltrating, or stalling, forming inland excess water. Later on, the same surface
dries out and hardens: "on a hot day, it behaves like concrete in the middle of a
big city: it sheds heat from itself, drying out its surroundings, increasing the
heat and drought” (Dobos, 2022b).
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4, State of art of water resource management, affected sectors

4.1. Water management

In Hungary, water management is currently determined by the River Basin
Management Plan (VGT) (OVF, 2022), which isreviewed every six years based
on the Water Framework Directive 2000/60/EC 2000. The first modernized,
revised version of VGT1, VGT2, and then VGT3 in 2021, summarizes the
loads, condition assessment of our waters, and the progress necessary to achieve
good conditions. Based on this, the environmental objectives and action
programs for the period between 2021-2027 are determined. In addition, the
document "Significant Water Management Issues’ (OVF, 2019) focuses on the
hydrological consequences of drought and climate change, in addition to the
guantitative and qualitative issues of surface water, the effect of dams,
pollution, and drinking water bases.

Our vulnerability to climate change can be assessed on the basis of the
quantity and renewal potential of groundwater resources. The domestic
situation is presented on the VGT 3rd Strategic Environmental Assessment
(SKV) map and the explanation below (Fig. 3).

“In Hungary, due to the effects of climate change, the importance of the
fight against extremes in water management is increasing. Without human
intervention (passive adaptation), the maintenance of today's water-ecol ogical
economic-socia conditions cannot be ensured in the future!” (OVF, 2022).

Fig. 3. The threat of groundwater resources due to climate change in the small villages of our
country. Source: VIZITERV Environ Kft.
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The goals set out in the Strategic Environmental Assessment are to create
an integrated water management framework based on measurements, so that
water damage prevention and water resource management activities can
entirely fulfill their role by maintaining or improving ecosystem services (OVF,
2021). Water management strategies, action plans, and the proposals for
adapting to the effects of climate change — including measures aiming natural
water retention and adaption to climate change — are defined in the River Basin
Management Plan Hungary 2021 (OVF, 2022).

4.2. Agriculture

The extreme water scarcity and heatwave of 2022 have had a significant impact
on agricultural production and natural ecosystems. In Hungary, more than 1.4
million hectares of arable land were affected by drought damage (MKR, 2022),
and it was reflected in the number of agricultural damage claims in 2022
(Fig. 4).

Fig. 4. The totd area of drought-related agricultural damage claims between 2015 and 2022.
Source: Lechner Knowledge Center, based on the Agricultura Risk Management System
(MKR).

In connection with the 2022 drought, a new regional study over the
operational area of the Trans-Tisza Region Water Directorate (TIVIZIG)
located in the northern part of the Great Plain was performed by Zs. Hetesi and
T. BAdi. They examined the change in the contiguous duration of rain-free days
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between 1964-1989 and 19902022 during the vegetation period, using the
data of the 15 measuring stations of TIVIZIG. The aternative hypothesis of the
research was that the distribution of extremely long (>25 days) rain-free periods
differs between the two intervals.

Theresults of the F-test performed on the data sets with a confidence level
of 95% are published here first, showing that a significant difference (increase)
occurred in the length of rain-free days between the periods 1964-1989 and
19902022 (Fig. 5) in the northern part of the Great Plain, which must be taken
into account when devel oping future drought prevention strategies.

Fig. 5. Length of precipitation-free intervals (expressed in days) for the periods 1964-1989 and
1990-2023. Source: based on TIVIZIG measurements

Increasing the proportion of irrigated agricultural land and irrigation
development are often mentioned as a way of "solving" the issue of water
scarcity and drought damage in agriculture. Fig. 6 illustrates the trends in
agricultural water use between 2000 and 2020, showing that decreasing rainfall
is associated with increasing irrigation water use.
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Fig. 6. Trends in agricultural water use between 2000 and 2021. Source: KSH data (KSH,
2022¢).

However, it is important to stress that irrigation alone cannot solve the
problem. As shown in Fig. 7, the proportion of irrigated land is orders of
magnitude below the drought-affected area. Meeting the needs of the huge
water demand of an intensive irrigation development — both in terms of area
and water quantity — is not a realistic goal, especially if other conditions are
kept unchanged.

Fig. 7.: The extent of irrigated area between 2000 and 2021. Source: KSH data (KSH, 2022c).
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Water abstraction for irrigation — calculated on the water deficit of about
1.8-2.2 billion cubic meters of the total irrigable area— can have a significant
negative impact on the water flow of rivers at low water periods. In the long
term, about 1.5 billion cubic meters of water scarcity and resulting water
demand can be expected on the Great Plain (Jung, 2022). This amount cannot
be replaced from rivers in low water periods; hence, solutions stocking water
from the rivers at high water periods are necessary, such as water retention in
the landscape and by using artificial structures.

Irrigation or its development is indeed necessary in the case of certain
crops (e.g., vegetables), this is the only way to satisfy conditions for their
(further) cultivation. However, in the case of field crops, other solutions must
also be implemented for the successful adaptation to changing circumstances.

5. Current decision support and planning tools

Geographic Information Systems (GIS) have become a widely used tool for
complex analysis and planning tasks involving awide range of data and spatial
relationships. In Hungary, IT systems in various sectors connected to water
management (water, nature conservation, agriculture, disaster management
etc.) use GIS solutions for everyday tasks. Besides this, GIS is avery efficient
tool to solve specific, multi-sectoral problems, permitting easy integration of
cross-sectorial data and the expertise.

Data from remote sensing images has become a key in recent decades in
several application areas, while rapid development in aerial remote sensing
techniques has a so enabled high-resolution and high-precision analyses. Aerial
photographs and the derived orthophotos, as well as surface and terrain models
produced by laser scanning (LIDAR) and other technologies are the
cornerstones of any water management planning (Szabo et al., 2017; Uuemaa
et al., 2018; Demelez et al., 2019; Nagy et al., 2020; Csatariné et al., 2020).

Furthermore, the increasing amount of data yielded by different earth
observation satellite systems (eg., NASA/USGS Landsat missions,
https://www.nasa.gov/mission_pages/landsat/main/index.html; ESA/EU
Sentinel missions, https://sentinels.copernicus.eu/web/sentinel/home), open
data policy, and the decades of available archives of imagery provide a unique
opportunity to understand the past and present of a given area. Among others,
the nature and condition of vegetation, changesin land cover, extent of surface
water, and soil moisture content can all be observed and measured by satellite
data, studying asingletime or time series of images (Csornai et al., 2007; Mucsi
and Henits, 2011; van Leeuwen et al., 2020; Kozma et al., 2022).

In thelight of the above, it can be stated that data-driven planning of water
retention can most effectively be achieved through systemsintegrating GIS and
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remote sensing tools. The following provides an insight into the solutions
currently available for this purpose.

5.1. The Agricultural Risk Management System (MKR)

The fundamental objective of MKR isto provide aunified system for mitigating
the economic impact of adverse weather events on agricultural production and
to manage compensation for damages (Act CLXVIII of 2011,
https://net.jogtar.hu/jogszabaly ?docid=al100168.tv). The system handles a
complex and multifaceted database, facilitating the work of all actors and
processes involved in the compensation process, namely farmers damage
reporting, claims and payments of compensations, insurance, and official
controls. MKR also plays a major role in decision-making at management and
executive levels (Nador et al., 2018; NAK, 2020).

In 2012, theformer Institute of Geodesy, Cartography and Remote Sensing
(FOMI) joined the national project for MKR development; the Lechner
Knowledge Center (LTK) took over its tasksin 2019. LTK contributes to the
effective operation and devel opment of the system by achieving and processing
high- and medium-resolution optical satellite images to map and monitor the
extent and temporal/spatial frequency of certain phenomena caused by extreme
weather events in agricultural areas. LTK produces the following maps and
databases:

e operational inland excess water maps for specific dates and periods,

¢ inland excess water frequency maps,

e drought maps maps indicating anomalies in the values of vegetation

indices to characterize crop conditions, and

e drought frequency maps (see more details in Section 5.2).

These data are regularly uploaded to the central database of MKR and
shared with other relevant institutions.

5.2. Mapping drought, crop condition, and inland excess water

Mapping of agricultural crop conditions, resulting from more than a
decade of research and development in Hungary, plays a fundamental role in
drought damage assessment, (Csornai et al., 2006, 2007). Thanks to the
continuous research and development activities, crop conditions or drought
maps have been improved and adapted to the technologies and data sets
currently available and produced in aroutine manner for operational use.

Originally, the mapping was based on the processing of medium-
resolution MODIS satellite images, as at the launch of the MKR in 2012,
the 250m  resolution images of the MODIS  sensors
(https://modis.gsfc.nasa.gov/about/) on NASA's Aqua and Terra satellites
provided the fastest available and openly available data for this task. The maps
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consider atime series of optical images from more than 20 yearswithin agiven
period of the year, typically August, depending on the weather. The spatial
resolution of the maps is 250 meters, i.e., one pixel covers an area of
approximately 6.25 hectares. Therefore, the maps are not suitablefor field-level
analyses at typical Hungarian parcel sizes but can be used to identify regional
variations.

Besides assessing and estimating the damagein agiven year, thelong time
series (20 years) of satellite data provides an opportunity to produce a drought
frequency map (Fig. 8) aswell, an indicator of high importance for along-term
adaptation to the phenomenon. The map shows a percentage of drought-
affected years for each pixel over a 20-year period.

Fig. 8.: National drought frequency map for the second half of August (based on atime series
of MODI S satellite images between 2003 and 2022). Source: LTK.

In 2021, Birinyi et al. (2021) conducted a drought sensibility study on
maize fields based on time-series of medium-resolution MODIS images, and
from 2022 onwards, methodological developments of crop condition mapping
based on high-resolution Sentinel-2A and 2B satellite images have also been
started (Birinyi et al., 2022a, 2022b, 2022c). Multiple different spectral indices
are calculated from the values measured at different wavelengths, providing
information on photosynthetic activity, leaf water content, or the amount of
green biomass, thus enabling a complex assessment of local vegetation
conditions.



LTK experts aso use openly available high-resolution Sentinel-2 and
Landsat 8/9 satellite images for operational inland excess water mapping. The
spatial resolution of theseimages allows observations at asufficient level of detail.
The workflow requires high-level expert control for the fine-tuning of mapping
thresholds to provide status maps for a given day over the affected areas. Clouds
can congtitute amajor hindrance in the availability of optical images. Depending
on the availability of cloud-free imagery, period-integrated inundation maps are
also created based on several images taken at different times. The longer-term
study of the damage event's impact is ensured by processing satellite images
acquired on different dates: a first one as early as possible after inundation, and
another several weeks later. The combination of the two produces a so-caled
persistent excess water map, which provides an adequate characterization of the
waterlogging Situation in a given area over longer periods. These maps are only
madefor agricultura areasdigiblefor area-based payments (SAPS) at aresolution
of 10 or 30 meters, depending on the sensor. The categories of the map provide
information on the extent of open water surfaces, vegetation standing in water, and
waterlogged soil (i.e., saturated with water).

Similarly to the drought frequency map, regularly updated relative inland
excess water frequency maps are also provided by LTK. The methodological
developments of LTK's predecessor institution, FOMI, resulted in flood and
inland excess water maps for parts of the country and, in certain years, for the
whole country, starting from 1998 (Nador et al., 2018). The most recent map
was made by integrating the yearly maps produced in the period of 1998-2021
showing the number of times a certain area was inundated or waterlogged
during the study period (Fig. 9).

Fig. 9. Country-wide inland excess water / waterlogging frequency map (1998-2021). Source:
LTK.
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5.3. Mapping crop conditionsin the extremely dry year of 2022
5.3.1. Drought maps derived from MODI S sensor data

In 2022, responding to the extremely dry weather, LTK started to produce
MODI S-based crop condition maps from May on and uploaded them to the MKR
central system twice amonth until the end of August. To respond quickly, thefirst
maps provided information for al eligible agricultural areasincluded in LPIS, but
later, when claim data became available, the maps were re-generated with bare
soil or stubble parcels excluded from the analysis. In total, LTK provided 13
country-wide MODIS-based maps to the MKR from May to August 2022
(Fig. 10).

Fig. 10. Drought extent in thefirst half of August, 2022. Source: LTK.

5.3.2. Development of high-resolution crop condition maps

In 2022, LTK experts devel oped a methodology for integrating high-resolution
Sentinel-2 (A and B) satellite imagery in crop condition mapping (Birinyi et
al., 2022c). These satellites of the European Union (EU) and European Space
Agency (ESA) provide optical images with spatial resolutions of 10, 20, and
60 meters every 2-3 days, which could be used to significantly increase the
level of detail of resulting maps. It is a promising direction for the MKR in
laying the foundation for parcel-level or even more detailed drought mapping,
and the results could also contribute to supporting data collection for the new
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Common Agricultural Policy (CAP) (EU Regulation 2021/2115, https://eur-
lex.europa.eu/legal -content/EN/TX T/2uri=CELEX%3A32021R2115). However,
the method requires further validation to prepare the operational use of results.
The most significant outcome of this research is the ability to provide high-
resolution crop condition maps, specific in terms of location, time, and crop type.
The underlying methodology is based on the integrated analysis of multiple
different spectral indices including three vegetation indices, a moisture content
index, and a yellowness index. The map identifies six condition categories
depending on the number of indices showing values worse than those typical for
the given crop in similar periods in previous years in the given area. The results
were shared with the National Food Chain Safety Office (NEBIH) for four
different periods and two agricultural crops (maize and sunflower) during the
summer of 2022 to assess operational application. Besides this, ground truth was
aso collected by LTK expertsin five locations in August 2022 over 250 sample
points for quantitative validation and fine-tuning. Although detailed
investigations are still ongoing, field visits and expert feedback so far indicate that
the categories correspond well to plant conditions observed on the field (Fig. 11).

Fig. 11. Pattern of the high-resolution crop condition map and its correlation to on-the-spot
observations. Source: LTK.
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Fig. 12a and 12b introduce some map extracts on the example of maize.

Fig. 12. lllustration of the high-resolution crop condition map: maize fields in the surrounding
area of Karcag, on July 3, 2022 (8) and July 23, 2023 (b). Crops in worse condition than in
previous years appear in yellow, those in much worse condition in red. Source: LTK.

5.3.3. Soil moisture data from space

In addition to damage assessment and monitoring, satellite sensors can
potentially be used for forecasting, considering that soil moisture (among other
factors) at any given time has a significant influence on subsequent plant
conditions.

Passive microwave Sensors (eq., SMOS mission
https://earth.esa.int/eogateway/missions/smos; SMAP mission
https://smap.jpl.nasa.gov/mission/description/) can be used to monitor soil
moisture status from space (Eswar et al., 2018; Remote Sensing Special Issue,
2023). Although the spatial resolution of these datais small, at the same time
they provide frequent revisits. For example, the processing chain of NASA's
SMAP (Soil Moisture Active Passive) satellite, operating since 2015, provides
modeled soil surface and subsurface moisture values with a spatial resolution
of 9 kilometers almost every day. Besides the “usual” summer drought period,
these data also contribute to monitoring the increasingly frequent "spring
drought” events to a great extent (Fig. 13). The latter are the consequence of
the decrease in winter precipitation and the lack of slowly melting snow cover.
Fig. 13 illustrates the phenomenon on SMAP soil moisture values for February
2022, when the soil was significantly drier compared to the same period of the
previous year, especially in the country's eastern regions.
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Fig. 13. Soil moisture anomalies based on SMAP dataiin late winter and summer in 2021 and
2022. Source: NASA, SMAP/ Google Earth Engine/ LTK.

When comparing SMAP soil moisture of the years 2021 and 2022, the
difference in moisture deficit is striking between the western counties (e.g.,
Zaa), covered with forest mosaic, and the eastern half of the country,
predominantly composed of arable lands (e.g., Jasz-Nagykun-Szolnok county),
especially in early spring 2022. Although this difference had largely
disappeared by August 2022, the conditions under which agricultural crops
could develop during the main growing period were spectacularly different
(Fig. 14).

When used carefully and thoroughly, the above methods and instruments
can support the reconsideration of the current practice and the development of
a more sustainable, integrated, and water-efficient land management with
consideration of all ecosystem cascade services that human life is based on.
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Fig. 14. Time series of SMAP surface soil moisture data for years 2021 and 2022 for two
Hungarian counties (Za aand Jasz-Nagykun-Szolnok) showing significantly different moisture
conditions. Source: LTK, based on SMAP data.

6. Summary, recommendations

According to the “Globa Risk Report 2023" released by the Davos World
Economic Forum, “Climate action failure” stands on the first and the second
places of global risks overall (WEF, 2023).

In order to adapt to the extreme weather effects expected in the Carpathian
Basin, it is crucia to introduce sustainable land and water management by
restoring the relationship and ensuring proper balance and efficient fluxes among
precipitation, soil conditions, vegetation, crops and water, nutrients, and
evaporation (O.Lakatos et al., 2022).

6.1. Soil health
6.1.1. Nottill

In order to heal the framework of soil conditions—vegetation—crop and
water—nutrients—evaporation, the first necessary step is the wide-scale
introduction of soil-conserving cultivation techniques, including the abandonment
of plowing as much as possible.

The essence of the method is that with the mindful use of cover crops and
the absence of plowing, adeeper, structured layer isformed in the soil, permitting
the retention of a larger amount of precipitation and a deeper penetration of
rainwater into the soil, making it capable of retaining up to 100% more rainwater
(Hetesi, 2019).
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6.2. Land cover change, mulching in agriculture
6.2.1. Buffer strips, installation of agro-forestry systems

Buffer strips are areas of natural vegetation cover (grass, bushes, or trees) at
themargin of fields, arableland, transport infrastructures, and water courses. They
can have several different configurations of vegetation types, varying from grass-
only to different combinations of grass, trees, and shrubs. Due to their permanent
vegetation, buffer strips offer good conditions for effective water infiltration and
slowing down surface flow; they, therefore, promote the natural retention of
water. They can a so significantly reduce the amount of suspended solids, nitrates
and phosphates originating from agricultural run-off. Buffer strips can be located
in riparian zones, or further away from water bodies as field margins, headlands,
or even within fields (e.g., beetle banks). Hedges across long, steep slopes may
reduce soil erosion as they intercept and slow down surface run-off water before
it buildsinto adamaging flow, particularly where thereisamargin or buffer strip
alongside (NWRM website, http://nwrm.eu/measure/buffer-strips-and-hedges ).

6.3. Water management by creating place for it with a mosaic landscape
structure

Where the potential evaporation is greater than the available precipitation, there
is no harmful water, only water that has no place. The problems of inland excess
water and drought are largely caused by the fact that the current water
management approach is territorially minimized, as thereisliterally no place for
water.

Water replacement must be built on spreading floods and retaining inland
excesswaters. It requires amosaic landscape structure and a management practice
that matches |andscape features. M osaicism means that water replacement and the
formation of local waterlogging can be solved by re-creating temporary or
permanent wetlands in areas that are essentially not suitable for agricultural
cultivation. A dominant proportion of these areas was originally waterflow or
largely water-affected land.

Landscape use oriented at water buffering (i.e., acquiring excess water and
returning it in anatural way) could also save the conditions for arable farming. As
an estimate, 2/3 of the current production can be secured by the extensive
transformation of arable land.

A reasonable territorial compromise can be a solution to the problems that
have arisen, during which nearly half a million hectares of land aong the Tisza—
least suitable for intensive production — would be returned to the landscape, for
sustainable landscape management. The Tisza valley, therefore, does not need
artificial reservoirs but hundreds of thousands of hectares of flood plain (Balogh,
2022; Muranyi and Koncsos, 2022).
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A few thoughts on irrigation: replenishment of water-deficient areas can be
solved primarily from the low water flow rivers. Due to the characteristics of our
country, we currently do not have areas suitable for water reservoirs where we
could retain and store large amounts of irrigation water. Reservoirs in the river
bed, e.g., above Tiszal 6k, and the existing reservoirs, such as Lake Tisza, are not
primarily used to hold back |arge amounts of water, but rather to provide a short-
term buffer and to enable gravity water withdrawals. If the water from these
reservoirs were to be used for irrigation during a prolonged period of water
shortage, gravity water extraction above Tiszal6k would be impossible.

Withdrawal of irrigation water can significantly affect the small water yield
of riversin an unfavorable direction, with the totality of irrigable areas requiring
approximately 1.8-2.2 hillions of cubic meters based on their calculated water
deficit. Looking at the long-term processes, we can expect a water deficit of
around 1.5 hillion m® in the Great Plain of Hungary, and consequent water
demand. This quantity cannot be replenished from the water of the rivers during
low water periods. Artificial and landscape water retention is therefore necessary,
which mainly taps the high water flows.

6.4. Data-based planning

Besides global and local weather conditions and their variability, severa
interacting factors influence water balance in the landscape and its hydrological
extremes (e.g., drought, inland excess water), such as:

¢ surface and groundwater conditions and their changes,

e topography, morphology (runoff, water retention),

e soil conditions (water storage capacity, drought sensitivity, etc.),

e type of land cover (evaporation, cooling capabilities, erosion prevention, etc.),

e type of land use and cultivation (soil conservation, soil structure retention,
preventing soil degradation, erosion control, etc.),

¢ hydrology of the area, water balance, water quality,

¢ the'history' of thelandscape, both in terms of hydrology and land-use change
(the key to solving water retention issues is often rooted in this),

e other current landscape characteristics (e.g., built-up areas, land reclamation,
the impact of water works and water management, etc.),

e ownership tenure,

e regulatory regime, legislative framework,
e datapolicy,

e et cetera
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Therefore, mapping damage events related to climate change and their
consequences, modeling and identifying areas at risk and development of
adequate solutions require the close cooperation of several disciplines and areas
of expertise, including governmental and non-governmental organizations and
people working to solve local problems, including farmers.

To develop strategies on both local and national levels, it is essential to
acquire a thorough understanding of all these factors, and to carry out conscious
planning based on all relevant data and knowledge.

So far, data collected in various sectors by research institutes, measurement
networks, or field surveys have resulted in the establishment of large specific
information systems, eg., in the fields of water, meteorology, soil, nature
conservation, forestry, land registry, land parcels, etc. In certain areas, though,
there is a need for further surveys and mapping activities; for example, a unified
national inventory of grasslands and wetlands would serve climate policy as well
as agricultural and nature conservation effortsto a great extent.

Besides this, severa professional and research institutes build in their
practice the multi-purpose use of airborne data (LIDAR, hyperspectral or
orthoimages) and medium- and high-resolution satellite images, mainly those
freely available from the European Space Agency (ESA) and NASA to solve
national and regional or local tasks.

Together with the databases and processing methods mentioned above, the
long-time series of remote sensing images can provide a solid basis for trend
analysis, anomaly detection, and modeling. All of these data and techniques
should play a significant role in the long-term strategic development of climate
change adaptation, responding to and monitoring of ad hoc phenomena(e.g., force
majeure), and for revealing cause and effect relationships.

Numerous research institutes are at the forefront of state-of-the-art data
processing, with machine learning and artificial intelligence algorithms being
applied by amost al national research and R&D l|aboratories with expertise in
meteorology, soils and water management, land cover and land use monitoring,
ecology and vegetation research. With this experience, these laboratories and
ingtitutes can effectively contribute to the preparatory studies for a strategy or to
solve specific problems of smaller regions.

In connection with the above, we draw attention to all the research on
landscape history, aswell asto the proposal s of organizations, people, and farmers
working on local issues; those, by involving invaluable local knowledge, offer
reasonabl e solutions for the questions about where and how to preserve the water
in the landscape.

So, the data and expertise are given, but harmonized use of them faces many
difficulties.

Droughts and floods, among many other phenomena, are the "output
products® of a complex, systemic problem, which is global climate change,
combined with often inappropriate land use practices. Responding to these
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phenomena requires complex thinking, greater interoperability of information
systems, and closer cooperation between disciplines, local farmersand land users.
An integrated decision support system can hardly develop in the right direction
(or fast enough) with an insufficient stream of information or without mutual
feedback among underlying information systems and disciplines. For instance,
assessment of crop conditions and payment of compensations should beintegrated
with the analysis of satellite imagery along with soil and meteorological
conditions and compensation claims. Likewise, delineation and management of
areas suitable for water retention should be based on landscape characteristics and
integrated with water management and land consolidation.

Currently, in Hungary, the low degree of interoperability — mainly due to the
rigid data policy — constitutes a major hindrance for rapid response and effective
solutions for situations resulting from the climate crisis.
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Abstract— Many image-based recognition tasks are highly susceptible to different types
of natural phenomenalike foggy weather, snow, or rain. The participating mediawill likely
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approaches to remove or scale down the effects of foggy weather. We also examine how
these results can be applied to high resolution satellite images of land surfaces.
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1. Introduction

Fog removal or dehazing is a popular problem nowadays. One example of usage
is autonomous vehicles and the corresponding computer vision task, as the
artificial intelligence must operate the vehicle with high safety even in the worst
visibility conditions. Instead of trusting the machine learning algorithmsto solve
these problems using diverse data sets, we can help these algorithms by
formulating a separate problem. That is to produce a clear output image without
the visibility impairing effect from a single input image. It is also important that
we must do thiswith high performance on multipleimages, asthisisjust basically
apreprocessing step. The same idea al so appliesto satellite images. These images
are often used to survey, observe, and analyze agricultural areas or vegetation
changes, but foggy weather or clouds can be detrimental to their usefulness.

In this paper, we are not introducing another novel algorithm to solve this
problem, as there are existing approaches with multiple different ideas. Instead,
we turn our attention to the evaluation and analysis of a deep-learning based
solution, comparing it to a more traditional idea. We also describe the synthetic
training data generation used to train the neural network and how it affects the
results.

2. Fog removal techniques

Now we shall discuss the previously mentioned approaches. The first method is
based on the work of He et al. (2010) and uses a dark channel prior to estimate
the contribution of haze that is present on the image. The other technique uses a
convolutional neural network to compute an image without fog from the original
input picture. It was designed and proposed by Li et al. (2017).

2.1. Approach with dark channel prior

Haze (or fog) reduces the light radiance L reflected off surfaces according to the
haze transparency (also called transmission). It also adds its contribution to the
image, called airlight (denoted by A). The result of radiance reduction and added
color isthat the origina object's radiance is faded, and image value | is different
from surface radiance L. Dehazing aims to reconstruct the original surface color
L from | asif haze was not there. Dehazing is anill posed problem, because there
is no information in the image about the haze and airlight and where they can be
seen. Thus, certain assumptions must be made in order to recover this missing
information from the image. In the implemented method, the most fundamental
assumption is the “dark channel existence”, which means that the neighborhood
of every pixel contains apixel that should have zero radiance without haze on the
examined wavelength. This assumption is reasonable because of the high
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frequency of highly saturated color objects, and also because of the existence of
shadows. The approach is defined as follows:

D = ming(I) , 1)

where D isthe dark channel value, | isthe image value, B is the color channel of
RGB image.

Unlike in the original paper proposing the dark channel prior, we evaluate
the dark channel and the airlight separately on the red/green/blue wavelengths.
Thisapproach islessrobust than the original but allows us to handle colored haze,
fog, and homogeneous smoke.

The dark channel, according to our assumption, should be zero in haze-free,
real-life images. In the case of haze, the dark channel is modified by the airlight,
which allows us to estimate the airlight and the haze contributing to the image.
More formally, we assume that the minimum radiance must be the haze
contribution in any neighborhood.

Knowing the airlight, the transmission can be estimated, which is further
refined by the color variation of the original image with the guided filter. Finally,
we can subtract the haze and amplify the remaining colors. In the following
subsections, these steps are analyzed in detail.

2.1.1. Dark channel computation

The minimum radiance in the neighborhood of each pixel is called the dark
channel. The neighborhood is defined by a box filter. For efficiency reasons, we
exploit the separability of minimum and average filters, i.e., the 1D versions are
executed two times, once for horizontal, and once for vertical direction. Thisway,
the complexity can be reduced from N2 to 2N, where N isthe edge size of the box.

2.1.2. Airlight estimation

The second step isto find out the airlight, i.e., the atmospheric illumination. If no
object were visible in a given direction, then we would see this airlight. So pixels
are candidates for showing the airlight if their dark channel value D is high, i.e.,
the neighborhood is not dark, and its intensity | is also high. Based on these two
parameters, we obtain a single comprehensive parameter F that describes both
components as

2DI

F=2 )

D+1

and select the average intensity | of pixelsthat have the highest F parameter:

A = avgrintop 0.1% () - (©))
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Our implementation builds up the histogram of the comprehensive parameter
F on the GPU (graphic processing unit) and selects the top elements on the CPU
(central processing unit). As histogram building requires atomic additions, it is
done in two steps. First, GPU multiprocessors create partial histograms in their
shared memories, and then these partial histograms are merged into a global
histogram stored in the main memory. Having read the histogram back to the CPU
memory, we read its bins starting from the highest intensity until 0.1% of the
number of pixels are included. The airlight is the average of the intensities
belonging to this top 0.1% category.

2.1.3. Approximate transmission estimation

Having the airlight A, we can determine the transparency, i.e., transmission t of
the haze at each pixel. Note that, in the dark channel, we only have the
contribution of the airlight, and the own contribution of the surface is assumed to
be zero, i.e.,

D=(1-1t)A. 4
From this, the transmission t associated with this pixel is
-1_2
t=1 e 5)

Removing all haze typically results in unnatural images, so we introduce a
removed haze parameter o of [0%, 100%] with a default value as 95%. So the
transmission is obtained as

D
t=1—wz. (6)

The transmission computed this way suffers from resolution problems since
the dark channel describes a neighborhood, so does transmission t. However, at
object boundaries the depth value and consequently the transmission can change
abruptly, so the edges of the transmission map must be corrected. For this, a
guided filter isimplemented that corrects the transmission map using the second
derivative of the origina image. We use two different guided filter
implementations here depending on the size of the filtering kernel because of
performance considerations. Thefirst one uses on-the-fly box filtering, the second
usesintegral images aka Summed Area Tables or (SATS). The second derivatives
are computed by the following formula:

Igradz[x:)/]z [I[x+1,y] —2I[x,y] + I[x — 1,y]| +
|I[x'y+1]_ZI[ny]+I[x'y_1]|’ (7)
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where x and y represent the image coordinates.

2.1.4. Recovering the original image

Having obtained the refined transmission with guided filtering, the final image is
recovered. If the original radiance is L, then we would see | through haze of
airlight A and transmission t:

I=tL+(1—-t)A. (8
From this, original intensity L is
L=A+"" )

Eq.(9) isnumerically unstable for small transmission valuest, therefore, we
limit it with at,,;,, minimum value, which aso limits the power of recoverability.
Its reciprocal is called amplification and is 20 for 16 bit images and 10 for 8 bit
images by default.

Additionally, only for the floating point implementation, the limited
transmission is exponentiated differently on the three color channels to
compensate the bluish scattering of air. The exponents are 1+3r on red, 1+2r on
green, and 1+r on blue, wherer isthe blue removal parameter.

2.2. Deep learning based approach

With recent advancements and success of neural networks and deep learning in
multiplefields, it is reasonable to try to use them for dehazing (Yang et al., 2018;
Song et al., 2017). In our implementation, the main ideais that instead of an end-
to-end network, we are using a transformed atmospheric scattering equation and
we incorporate it directly into the model (Li et al., 2017). The network has a
standard convolutional structure, and it is relatively small (less than 2000
parameters). The training generally converges with at most 10 epochs. Details of
the network can be found in the cited publication. The main problem is obtaining
the training data, which we will address in the following section.

3. Training data acquisition

To adequately train the neural network, we need a large amount of training data.
The data set should contain image pairs in the form of pictures with and without
fog. Collecting a large enough real-life data set is clearly an unrealistic goal. It
would beinevitable that the image pairs would have differences, that are unrel ated
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to the fog, like disappearing objects. It is a much more plausible idea to
synthetically generate the images. If we consider that the network's goal is to
remove the effect of the fog, and we can properly model its behavior in our
simulation, then it is reasonable to expect the trained network to also work on
real-life images as well.

We used the Sponza scene with an artificially added inhomogeneous fog to
generate 10.000 images (with 800 x 600 pixels resolution). The images were
stored in a 16-hit format motivated by the discussion in Section 2.1. We will
examine the algorithm behind the fog simulation and visualization in Section 3.1.

Thisisnot the case with satellite images which are taken regularly above the
same area. They can also be aligned reasonably well with each other based on
camera parameters, current time, and position of the satellite. Images are from the
Sentinel-2 satellites with a 10m/pixel resolution. We manually selected pairs of
aligned images which were taken shortly after each other, so changes to the
landscape were minimal at this precision. One was a clear shot without obscuring
participating media, while the other had partially transparent clouds. The images
were sliced into square tiles of size256 x 256 pixels. A pair of training images
isshownin Fig. 1.

Fig. 1. A pair of images used to train the neural network.

3.1. Fog generation

Our goal is to simulate and visualize fog in a physicaly correct way. The
implemented algorithm is based on the works of Wronski (2018). The process can
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be broken down into three parts: fog simulation and storage, light propagation and
processing, and finally usage during object rendering.

The agorithm accounts for extinction, out-scattering, and in-scattering of
light with a single scattering model. It is a volumetric approach, thus it can work
with inhomogeneous fog. The basic ideais to use raymarching, where each view
ray issampled throughout the volume. Extinction and out-scattering are cal cul ated
by sampling and accumulating the fog, while we can take into account the in-
scattering by accumulating the incoming light for each light source. The problem
isthat for general camera orientations and positions, the ray marching process can
be too slow on the GPU.

To mitigate thisissue, we are using voxels aligned with the camera frustum.
For the first part, we can use a compute shader to write the density of the fog into
each voxel. Thefog could be model ed by various methods (e.g., a particle system,
grid based simulation, etc.), but in our case we simply used an animated simplex
noise. In the second part, ray marching must be done. However, because we are
using the previously described data structure, we can do it with one compute
shader pass, where each invocation works on blocks of pixelsinstead of individual
rays.

Incoming light is simulated by using shadow maps to accumul ate light in the
voxels (in the first part), and then it is propagated in the second part (while
properly accounting for extinction). Multiple scattering could be handled by an
iterative algorithm that propagates light in all direction (Premoze et al., 2004)
inside the volume in a separate pass, but we did not implement this.

In the end, we have a data structure where every voxel stores an
approximation of accumulated fog density from the direction of the camera and
the in-scattered radiance from nearby light sources (towards the camera). Using
the data structure now is simple, because we can use linear filtering to sample it
in the fragment shader during object rendering. Reflected radiance is decreased
according to the accumulated fog density, while in-scattering is simply added to
the final radiance. The results are shown in Fig 2.

Fig. 2. A pair of rasterized images: original and a version with fog.
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Animportant observation isthat during cameramovement, temporal aliasing
can occur as the frustum-aligned voxels are moving. To mitigate this, it is
important to maximize the utility of the allocated memory. By the nature of the
phenomena, voxels that are close to the observer has larger effect on the results
than those that are further away. By using adenser resolution closer to the camera,
we can improve the visuals of the fog. Thus, we used an exponential depth
distribution instead of alinear one.

The algorithm does not account for blocking geometry, so in certain
scenarios fog and light bleeding can occur. This could be addressed by a kind of
adaptive voxelization, but it is unclear, how it would work together with the
camera frustum alignment.

4. Results

Our results for synthetic images are shown in Fig 3. Here we are showing the
trained model beside the dark channel prior approach. We can see that this model
can successfully decrease the foggy effect. Colors are recovered, and the bluish
tint now appears in the correct place. Compared to this model, the dark channel
prior technigue removes more haze from the image, but some artifacts are left
behind. In the second row, an incorrect lightening occurs on the left part of the
image. The borders have some artifacts too, and they also appear in the corners of
the geometry. In the beginning we used three channel training data, but this
resulted in the image shown in Fig. 4. We are still investigating this kind of false
coloring artifact. We believe that thiswas caused by our unbalanced training data.
To prevent this, we used only the intensity of the ground truth images during the
training. This way the network would not prefer one color over the other.

Fig. 3. From left to right: hazy image, dark channel prior, neural network model, ground
truth.
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Fig. 4. Results with one channel (left), and with three channels (right) training data.

We also tested these methods on some real-life images. Results are shown in
Fig. 5. The dark channel prior again has some serious artifacts, generally around
edges and on the sky, but it also successfully recovers details that are unseen in
the original image. Similarly to the previous comparison, the neural network
model decreases the effects of the fog, but now more problems appear. Closer
objects, where the fog has no effect, have some serious artifacts like whitening or
unnatural tint.

Fig. 5. From left to right: hazy image, dark channel prior, neural network model.
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We aso trained two separate networks on satellite images. It was the same
network discussed earlier, except that one incorporated the atmospheric scattering
eguation as before (Network A), while the other omitted this and followed an end-
to-end approach (Network B). Resultsare shownin Fig. 6. The difference between
Network A and B is that the latter replaces the fully covered (by clouds) parts of
the image with generic background that is similar to the general tone. It also
applies a considerable blur. Network A keeps the opague clouds intact but triesto
tone down the effect of the transparent ones. Still, these are recognizable in the
results. Compared to this, the traditional approach provides a vastly different
result. The clouds are more prominent, and many artefacts appear.

Fig. 6. From left to right: hazy image, Network A, Network B, dark channel prior, ground
truth.

5. Conclusion and future work

We have discussed two models for fog removal and a technique for artificial fog
rendering. Based on our results, the neural network approach has potential to be
used as a dehazing tool, but the variety and balance of the training data is
paramount, therefore, we will enhance these aspects for future research. The
combination of neural networks and the dark channel prior based method could
be also viable, but the performance will likely suffer.

The results on satellite images are promising for the following reasons. An
important use-case for these images isto follow the changes in vegetation and in
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the landscape. Clouds obscure parts of the image, but generally we have an idea
about what we expect to see under them based on previous images of the same
area (without clouds). This leads to the following problem: we would like to
predict the missing parts of the image based on prior information (previous
images). It comes naturally to use neural networks to solve this problem, and our
results suggest (especialy Network B) that a small network can accomplish this
with proper additional inputs.
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Abstract— Certain types of medica meteorologica phenomenontransitions can have a
significant deteriorating effect on road safety conditions. Hence, a system that is capable of
warning road users of the possibility of such conversionscan proveto be utterly useful. Vehicles
on different levels of automation (i.e., ones equipped with driver assistance systems — DAS)
can use this information to adjust their parameters and become more cautious or warn the
driversto bemore careful whiledriving. In this paper, we provethat identifying thecritical type
of weather front trangition (i.e., no front to unstable cold front) is possible based on localy
observable meteorological information. We present our method for classifying weather front
trangitions to non-critical versus critical types. Our developed machine learning model was
trained on a dataset covering 10 years of meteorologica data in Hungary, and it shows
promising results with arecall value of 86%, and an F1-score of 60%.

As the developed method will form the basis of a patent, we are omitting key
components and parameters of our solution from this paper.
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1. Introduction

In recent years, autonomous vehicle technology has seen an unprecedented
scrutiny. However, full self-driving vehicles have still yet to take over the
public roads in most parts of the world. The levels of vehicle autonomy is
described in SAE J3016 (2014). On lower levels lie cars with less complex
automation features, i.e., driver assistance systems and advanced driver
assistance systems. A very important feature of such vehicles is the capability
to improve their navigation or at least give instructions to their human drivers
— or intervene in some well justifiable cases above level 1 of the six levels of
vehicle autonomy.

One key component of driving safety comes from the steady vigilance of the
drivers. This ensures that if necessary, the driver is capable of successfully
maneuvering unexpected and dangerous road situations. Bad environmental
conditions often require the drivers to be more focused. A solution that is capable
of warning drivers of the presence of traffic-influencing circumstances are
therefore an essential part of modern driving assistance systems, self driving
vehicles, and traffic management solutions.

Weather conditions and especially weather front transitions can negatively
effect the vigilance of road users, and thus, they are a fundamental consideration
for designing such a system. Learning the current (daily) medical meteorological
phenomena can currently be accomplished by receiving outputs from expert
analyses. Thisisoften not readily available for public use and can be significantly
delayed compared to the timing expectations of alow latency traffic management
system.

In this paper we present (i) our dataset that was used for training and (ii) a
novel machine learning (ML) solution that is capable of yielding suggestions for
critical medical meteorological transitions. The paper is constructed as follows:
In Section 4.1 we introduce the scientific background of our research. Then in
section 2 we present the used datasets and the methods employed in our
classification solution. We showcase our results in section 3, then discuss those
in section 4 giving an outlook to our future aimsin this subject in subsection 4.1.

1.1. Previouswork

Weather conditions have a significant direct effect on traffic safety. This is
predominantly caused by the effect that precipitation and temperature changes
have on visibility and the friction properties of vehicles tyres and the road
surfaces (Andrey et al., 2001; Becker et al., 2022). Previous research has also
argued that medical meteorological conditions also have an indirect negative
effect on the frequency of road accidents through negatively influencing humans
vigilance (Orményi, 1975).
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In our previous work (Szant6é and Vajta, 2019b), we designed a statistical
analysis for the inspection of whether this decrease in driver vigilance causes
growth in road accidents. For this, we analysed different front transition typesin
Hungary:

— no front to unstable cold front;

— no front to stable cold front;

— no front to stable warm front;

— no front to unstable warm front;

— unstable cold front to no front;

— stable warm front to no front;

— unstable warm front to unstable cold front;

— stable cold front to unstable cold front.

We successfully showed that there was a significant connection between the
transition from no front to unstable cold front, the number of road accidents
increased both within and outside city limits in Hungary for the analysed time
window, i.e., January 1, 2001-December 31, 2010. In that work, we al so proposed
an algorithm that allows for information related to medical meteorological
phenomenon transitions to be yielded from local meteorological measurements.
For this, we proposed a hand-crafted algorithm, whose parameters were tuned
empirically in order to effectively suggest aflag that corresponds to the presence
of an unstable cold front.

In our previous paper (Szantd and Vajta, 2019b), we al so suggested that such
ahazard attribute can be used in anintelligent traffic control system that is capable
of warning vehicle operators (autonomous agents or humans) of worsened traffic
safety conditions. A framework that is capable of hosting such information is
introduced in (Szant6 and Vajta, 2019a). A similar solution is proposed by Kavas-
Torris et al. (2021), wherein the authors define a system for vehicles connected
to anetwork that offers information of environmental information gathered by an
unmanned aerial vehicle (UAV). Among others, the broadcast information
includes data on weather fronts.

The usage of ML techniques for the prediction of weather circumstances
have seen interest in the last few years (Sngh et al., 2019; Dadhich et al., 2021).
Binary weather classification problems, such as the one described in this article,
have also been studied in depth across the scientific community (Balamurugan
and Manojkumar, 2021). However, to the best of our knowledge, no previous
solution focused on the usage ML-based classification of weather front
transitions.
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2. Data and methods

In this section, we describe the dataset on which our analysis is based, and give
an introduction to the methods used during the design of our solution.

2.1. Dataset

Asone of the main goals of our research wasto find possible connections between
local meteorological data and weather front transitions, we used a dataset
containing information collected at local meteorological stationsin Hungary. The
same dataset was previoudly utilized in Szant6 and Vajta (2019b). For front types,
we have obtained medical meteorological phenomena that were recorded on a
daily basis for the time period between January 1, 2001 and December 31, 2010.
This set of data was supplied by the Data Supply Department of the Hungarian
Meteorological Service. The second part of our utilized dataset consists of daily
accumulated measurements for selected meteorological observatory sites of the
Hungarian Meteorological Service (Budapest, Pécs, Szeged, Debrecen,
Szombathely, Gyoér, Nagykanizsa, and Siéfok).

Note that the original local weather dataset that was used in Vécsei and
Kovacs (2014) had an hourly resolution, but since we only managed to obtain
weather fronts recorded on a daily basis, we accumulated the datapoints.
Originally, the local weather dataset contained information for the time period
between January 1, 1990 and December 31, 2010. However, for the purpose of
the study presented in this paper, we could not make use of measurements taken
prior to January 1, 1990, therefore, we cropped the dataset to only contain
information starting from this date.

As the feature-set for our ML-based classifier, we used local weather
measurements with a few additional derived features. For the previously listed
cities, the complete set contains daily average temperature, daily average wind
speed, daily average atmospheric pressure, and total precipitation, as well as the
variation of the respective values from the previous day. The feature-set also
contains one-hot encoded precipitation types for the given days. Additiona
geographical daily mean temperature differences were calculated between
selected city-pairs. Sign of the differences has been decided based on the
geographical location of the compared cities. The construction of these features
has been described in more depth in our previous paper (Szanté and Vajta, 2019b).

As our previous results showed, the most critical front transition is from no
front to unstable cold front state. Therefore we created a binary target variable
whose values relate to this change dynamic:

— The vaue of 0 (or False) corresponds with no front transition or no
critical front transition;

— Thevalueof 1 (or True) corresponds with the critical front transition.
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This categorization gave us a strongly unbalanced target variable. The
empirical distribution of our target variableis shown in Fig. 1.

3000
2500
2000
1500
1000

500

False True
Critical front transition

Fig. 1. Heavily unbalanced target distribution. The vertical axis shows the number of
transitions. True label denotes critical front transition, while False label denotes no
critical front transition.

2.2. Methods

Theresulting method presented in thisreport isused asthe basisfor apatent filing.
Therefore, many steps of the data preprocessing pipeline, as well as the type and
parameters of the trained ML algorithm are omitted from this publication.

First, we randomly split the dataset into training and test subsets. We did so
using a 90% to 10% ratio. The heavily unbalanced target variable (as shown in
Fig. 1) made data augmentation a necessity prior to model training. For this
purpose, we randomly oversampled and undersampled the respective portions of
the training set (Branco et al., 2016). The result of resampling is shown in Fig. 2.
The distribution of the target variable in the training split following resampling is
shownin Fig. 3.
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Fig. 2. Data distribution before (a) and after (b) data augmentation. The vertical and
horizontal axes show randomly chosen features. True label denotes critical front
transition, while False label denotes no critical front transition.

For binary classification, we used three different approaches:

— atraditional ML technique;

— an Artificial Neural Network-based (ANN) technique; and

— arecently published ML technique that makes use of decision trees and
boosting.
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Fig. 3. Augmented training data— target distribution. The vertical axis shows the number
of transitions. True label denotes critical front transition, while False label denotes no
critical front transition.

In the interest of safeguarding intellectual property rights, technical details
are intentionally omitted from this paper, as they constitute foundational aspects
of a forthcoming patent application. Therefore, in the following sections of the
paper, these will be denoted as Method 1, Method 2, and Method 3.

Method 1 isadecision tree-based multi-class classification ensemble model.
The approach used in this paper was proposed in the paper of Geurts et al. (2006).
We chose this technique, as — similarly to random forest classifiers — it trains
multiple decision trees on the training data, but it does not use bagging, and thus,
it isless resource-sensitive, while also less prone to overfitting.

For fitting the extratrees classifier, we used the Gini impurity to measure the
quality of each split, with minimum 2 samples used to split an internal node. The
model was allowed to use at most 12 features to create a split.

We empirically tuned two hyperparameters of the model (number of
estimators fitted and minimum number of samples at leaf) as shown in Table 1.
For comparing the results of the individual models, we used k-fold cross-
validation and calculated the test R2 scores.

Method 2 isafully connected neura network with a depth of 4. It employs
dense layers with different activation functions used in the feed forward
connections. The simplified structure of the used ANN isshownin Fig. 4.

For the hidden layers — |1 to lsin Fig. 4 —, the rectified linear unit (ReLU)
(Nair and Hinton, 2010) activation function was used, whereas in the case of the
final connection—I14toloin Fig. 4 —, we employed the softmax function that yields
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probability values for the individual output classes. For the outputs of every
hidden layer, we used batch normalization. We aided the optimization process
with learning rate (LR) scheduling; namely, we used step LR decay, which
iteratively applies a division to the learning rate by a prescribed factor (y) after a
given number of epochs pass (S) during training. To help the generalization
capability of our network, we used dropoui.

Table 1. Parameters used for fitting the Extra Trees model. Best model is shown in bold

Number of estimators Minimum number of samples Mean R?test

at leaf score
1000 20 0.4807
500 20 0.4810
2500 20 0.4813
3000 10 0.4813
3100 10 0.4916
3125 10 0.4810
3250 10 0.4813
3500 10 0.4804
! l, 1, Iy l, lo
- Input layer ‘ Fully connected feed forward
. - Fully connected feed forward
. Hidden layer with ReLU activation
- Fully connected feed forward
- Output layer with softmax activation

Fig. 4. Simplified structure of our artificial neural network.
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We ran random hyperparameter sweeps using the Weights and Biases
method (Biewald et al., 2020) finding the optimal hyperparameters for the ANN.
We show the individual tuned parameters and the swept ranges in Table 2. We
trained our network with each parameter-set for 200 epochs using the Adamw
optimizer (Loshchilov and Hutter, 2017), and used the cross entropy loss for
training and monitoring the validation performance of the model.

The technical details of Method 3 are not given here in the interest of
guarding intellectual property rights.

Table 2. Parameter tuning of the artificial neural network. |; denotes the number of nodes

intheithlayer
Tuned .
hyper parameter Sweep range Optimal value
min max
Batch size 16 2048 256
Learning rate 0.000001 0.01 0.0001
y 15 20 2
S 10 30 15
Dropout 10% 70% 30.58%
l1 32 512 147
2 16 256 151
I3 8 256 61
4 4 128 5
3. Results

We trained the modelsfor al three methods on a server computer with 2 x Nvidia
RTX 2080 Super GPUs and an Intel(R) Core (TM) i7-9700K CPU running
Ubuntu 22.04. The dataset preparation steps and the training scripts were
developed in python using scikit-learn (Pedregosa et al., 2011) and PyTorch
(Paszke et al., 2019).

As the aim of the models was to correctly classify the critical front type
transition using binary classification, we evaluated and compared the resultsusing
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confusion matrices. The no front to unstable cold front transitions are deemed
critical, since they cause significant increase of accident numbers. Hence, recall
isthe most important metric that we want to tune the classifiersfor, asthis metric
indicates the ratio of false negatives (i.e., cases where a critical front transition
was observed, but the model missed it and the output showed no critical transition)
and all positive cases in the test set. The second most prioritized metric was
precision, asthis metric showstheratio of false positives (i.e., the number of cases
where no critical front transition was observed, but the model output showed a
critical case) and all positive predictions. The results of our training are shown in
Table 3.

Table 3. Classification results for the trained models. Best results shown in bold

recall precision Fl-score  trainingtime
(seconds)
Method 1 68.750% 40.367%  50.867% 0.1697
Method 2 0.000%  83.000%  0.000% 166.7136
Method 3 85.938% 45.833%  59.782% 0.2741

Based on the recall and precision values we clearly identified, that the best
candidate model for classifying critical front type transitions based on locally
measured meteorological datais Method 3.

This result is aso underpinned by the confusion matrices for each method
shownin Fig. 5.
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0.00%
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False

17.49%

True

Fig. 5. Confusion matrix of Method 1 (5a8), Method 2 (5b), and Method 3 (5¢). True label
denotes critical front transition, while Falselabel denotes no critical front transition. The
horizontal and vertical axes show ground truth values and predicted values, respectively.
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4. Discussion

The high precision value observed for Method 2 (83%, showninitalicin Table 3)
was presumably the result of the unbalanced target distribution of the test set.
After further analysis of the predictions given by Method 2, it is obviousthat such
a high result was caused by the incapability of this method to find and learn the
patterns within the training data. We also hypothesize that training that model on
alarger dataset would increase its prediction ability.

Moreover, having access to a larger body of input data usually resultsin the
training of any ML -based algorithm less proneto overfitting, i.e., themore diverse
the input dataset, the less likely for the model to fit its predictions precisely to the
training data. We conjecture, that the lack of ample training data caused al three
models to underperform to avarying extent on the test set.

However, given that the most critical front transformation (no front to
unstable cold front transition) was labeled as the positive casein the training data,
our models were tuned for recall, that is, the main goal was to exhibit the highest
possiblerecall values. An outstanding recall value was achieved by Method 1 and
a satisfactory result was observed for Method 3 (see Table 3).

4.1. Futurework

A key future development goal of our method — as mentioned severa times
through the previous sections—isto file for a patent and to protect the novelty of
our technique.

Wewould liketo test the possible performance gains our methods can exhibit
given the availability of alarger amount of training data, as we argue that such an
improvement would enable our models to become less prone to overfitting.

Another important opportunity for optimization could arise from more
precise data preparation; in the current solution, feature selection for the models
was performed heuristically. After that, feature usage was automatically
determined by the training algorithms and the model sthemsel ves. We hypothesize
that the models, more precisely the training processes, would substantially benefit
from expert contributions.
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Abstract— Climate change has a crucia impact on the global energy and water cycle. The
hydrological cycle can be studied both from ground and satellite measurements on a global
scale. Yet a comprehensive overview is challenging to establish given the spatial and
temporal limitations related to various Earth Observation satellite sensors or maintenance
of in-situ gauges. Optical remote sensing of visible light can not overcome the substantial
obstacle from cloud cover that vastly limitsits capability in daily global monitoring. Active
satellite sensorslike SAR or altimetry are not capable to provide global coverage on adaily
basis, therefore, they can be geographically limited. Passive microwave radiometry (PMR)
can acquire both daily and global scales that enables the temporally frequent and spatially
extensive observations of continental river gauge. Previous studies demonstrated the use of
PMR measurements for global daily river gauge benefiting from its high sensitivity of
microwave radiation to water presence. This study aims at comparing the methodology of
PMR to optica river gauge measurements based on the assumption that at selected
locations along the river channel, increase in streamflow is related to increase in the
floodplain water surface inundation. Comparison showed a significant obstacle of cloud
cover over tropical regions, where PMR has the potential to measure river streamflow. Y et
over regions with less clouds both optical and PMR can be good alternative to in-situ
streamflow ground measurements.

Key-words: passive microwave radiometry, optical remote sensing, space hydrology,
climate change impact, river gauge
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1. Introduction

Climate change is impacting our everyday life and alters the magnitude and
frequency of extreme weather related events such as precipitation, floods, and
drought.

The Moderate Resolution Imaging Spectroradiometer (MODIS), a low
resolution (250 m—5km) NASA satellite is playing a key contribution in
applications that require frequent, large-scale observations such as streamflow
monitoring. The two platforms, carrying MODIS sensor on-board, Aqua
(launched in 2002) and Terra (launched in 1999) are monitoring the Earth every
day with an almost full coverage of its complete surface for more than two
decades. The unique collection of MODIS data for this reason enables long term
monitoring of environmental phenomena and variations or trends in their
behavior. It hasthe significant potential to capture river flow variations and assess
global trends with the use of extended time series stretching over decades. Data
can be obtained on no charge basis from different services like the
https://modis.gsfc.nasa.gov/datal that collects and provides data on different
productions levels and applications like land, cryosphere, and oceans. MODIS is
also provided on a near-real time basis at https://worldview.earthdata.nasa.gov/
just within 3-5 hours of being observed enabling rapid response to different types
of natural or man-made disasters.

For al the above advantages, MODIS is playing a unique contribution to
map physical processes of the Earth, especially to monitor the evolution of river
streamflow on an almost daily frequency. Therefore, numerous applications have
flourished in the past using MODI S images to observe rivers (Brakenridge 2005,
Zhan et al, 2002; Thenkabail, 2005; Sakamoto, 2007; Tarpanelli, 2020). Still to
overcome significant limitations related to cloud cover, the use of microwave
emission of the Earth’s surface measured by passive microwave satellite
radiometers (PMR) has a notable contribution to continental streamflow
measurement as demonstrated in several previous publications (Brakenridge,
2007, 2023; Kugler et al., 2019)

In the past, we used both satellite Ka- (36.5 GHz) and L-band (1-2 GHz)
passive microwave radiometry (PMR) data to acquire river discharge around the
globe on a near-daily basis. Methodology is even capable of monitoring arctic
river ice break-up during spring and freeze-up in the autumn allowing to
understand climate change related internal variations of ice phenology at high
latitudes (Podkowa, 2023).
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2. Methodol ogy
2.1. Passive microwave radiometers

The am of using PMR in streamflow observations is the long-term, systematic
monitoring of rivers acrossthe world. The method wasinitially developed for Ka
band AM SR-E passive microwave senor data. The observations of the descending
orbit, H polarization, and 36 GHz frequency, were found to be sensitive to water
surface changes. In further studies we extended our investigations to low
frequency PMR like ESA SMOS and NASA SMAP (2 GHz) sensors due to its
better performance on tropical humid climate (Kugler, 2019). Brightness
temperature (Th) measured by a passive microwave radiometer is related to the
physical temperature (T) and the emissivity (¢) of the surface given by:

To=eT. )

In general, a lower Th(m) occurs over a footprint containing water bodies
compared to ahigher Th(c) over afootprint on land without surface water. Under
a constant physical temperature T, Th(m) decreases over locations along river
channel, where rising water level (river stage) causes a corresponding increase in
the water surface extent. However, microwave radiation is also influenced by
many factors including physical temperature (T), permittivity (P), surface
roughness (R), and soil moisture (6):

To=f(T,P,R 6). )

Information related to surface water change is primarily conveyed in the
emissivity controlled by the effective permittivity over the targeted area, while
other factors such as roughness, soil moisture, vegetation cover, and atmospheric
conditions may affect the brightness temperature as measured by an orbiting
satellite radiometer above the atmosphere. According to Eq.(1), the physical
temperature T must be cancelled out in order to get at the emissivity ¢. Thisis
achieved approximately by taking the measurement Th(m) value received over a
river channel (measurement pixel) as the denominator with the numerator being a
calibration observation Th(c) not influenced by water change (calibration pixel),
which is chosen in the vicinity of the measurement pixel so that the physical
temperature T is similar thanks to the long correlation length of regional
temperature variability. In this method, the signal ratio is defined by the
relationship:

C/M Ratio = Tb(c)/Th(m) ~ T &(c)/ [T e(m)] = e(c)/e(m) , 3)
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where Tb(c) and Th(m) are the brightness temperature of the calibration and
measurement pixel, respectively.

The time series of the extracted C/M Ratio results in systematic satellite
based hydrograph measurements for selected river reaches with a daily or near-
daily tempora resolution. With this satellite method, the detection of flow
condition changes over ungauged and inaccessible remote river channels is, in
principle, feasible from space on afrequent temporal sampling. To compare PMR
technicsto optical low resolution data, we selected 22 satelliteriver gauges (SGR)
over various river basins around the world from a PMR database of 2000
monitored SGRs (Fig. 1), over which PMR was proved to be in good agreement
with ground measurements (Kugler, 2019). Data was compared for atime series
from 2010 to present.

Fig. 1. Map of river gauging sites around the globe obtained from both PMR and optical
data

2.2. Optical MODISdata from Google Earth Engine

To compare PMR streamflow observationsto MODI Sriver gauge, we use Google
Earth Engine (GEE) to analyze considerable amount of optical satellite time
series. Calculations were carried out on the Google Earth Engine Code Editor, a
web-based integrated development platform (IDE) for the GEE JavaScript
Application Programming Interface (API) (Fig.2). GEE is an online cloud
computing platform for processing multispectral and SAR satellite imagery. GEE
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was launched in 2010, and its datasets have been continuously expanded ever
since. GEE is a free of charge web-based tool for academic purposes, where
commercial use has recently been limited. GEE provides both Python and
JavaScript APIs to the petabyte size Earth Observation (EO) satellite dataset of
several decades. GEE Code Editor offers a Google Maps-based data visualizer
capableto store and analyze satellite data. Numerous data sources can be instantly
accessed and processed using GEE, which is very convenient for global or time
related remote sensing studies (Gorelick 2017).

Fig. 2. Google Earth Engine Code Editor IDE capable to analyze severa decades of Earth
Observation satellite data. Y ellow circle marks the extent of the 20 km buffer around SGR
to select MODI S observations for streamflow analysis.

For comparison with PMR streamflow observations, we analyzed the
MODQ9A1.061 Terra Surface Reflectance 8-Day Global 500m dataset. Thisisa
pre-processed dataset from data recorded by the MODIS (Moderate Resolution
Imaging Spectroradiometer) sensor on the Terra satellite, which was launched in
1999. At the time of writing data can be accessed in the February 18, 2000 — July
4, 2023 time interval from this dataset. TerraMODI S instruments scan the entire
Earth's surface every 1 to 2 days. Terra MODO09A1 Version 6.1 product used in
thisstudy provides an estimate of the surface spectral reflectance of TerraMODIS
Bands 1 through 7 corrected for atmospheric conditions such as gases, aerosols,
and Rayleigh scattering. For each pixel, a value is selected from al the
acquisitions within the 8-day composite period. The criteria for the pixel choice
include cloud and solar zenith. When several acquisitions meet the criteria, the
pixel with the minimum channel 3 (blue) valueis used.

(https://devel opers.google.com/earth-engine/datasets/catd og/MODIS 061 MODQ9A1)
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The dataset used in the analysis has a spatial resolution of 500 meters with
the following bands and spectral resolutions:

sur_refl_b0O1 620-670 nm
sur_refl_b02 841-876 nm
sur_refl_b03 459479 nm
sur_refl_b04 545-565 nm
sur_refl_b05 12301250 nm
sur_refl_b06 1628-1652 nm
sur_refl_b07 2105-2155 nm

To resemble the methodology of PMR observing water surface changes
within the footprint of the microwave observations, we calculated NDWI for each
MODIS pixel. For the NDWI calculations, the 4th band (545-565nm) and the 7th
band (2105-2155nm) were used, with the standard formula of:

NDWI = (sur_refl_b04 —sur_refl_b07) @

(sur_refl_b04 +sur_refl_b07) "

Because of the low spatial resolution of MODIS, data was aggregating
neighboring pixels around the predefined locations of the selected 22 PMR SGR.
Around each selected SGR location, a circular buffer of 20 km was applied, and
NDWI values for each calculated pixel within the area are aggregated (Fig. 3).
Calculations and display for one point took around 470 secsin GEE for the time
series 2010—2022, but from this around 400 is displaying the cal culated mosaics.
Generating time series plots of any SGR took 10 seconds for 10 years of data.
There was no filtering based on quality metrics provided for individual MODIS
scenes (e.g., cloudy weather).

Fig. 3. A dataset derived in the 2010-2020 range for the SGR 64 over the Niger River, in
Nigeria.
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The time series were then automatically converted to a CSV format so they
could be compared with previous PMR data analyzed in MATLAB environment.
The script has been run for 22 SGR sites, and then compared to PMR streamflow
observations from SMOS time series (2010-2022).

3. Results

The satellite river gauge observation from optical MODIS and PMR SMOS data
show similar pattern in time (Fig. 4). As on the example of the Irrawaddy River
in Myanmar SGR 35 (22.13°N, 96.03°E), both SMOS and MODIS follow the
annual periodicity of the streamflow with high-flow state during summer and low-
flow state during winter. Both time series follow the annual variation of humid
tropical climate dominated by monsoon precipitation between May and October.
In-situ data collected at Mandaly gauging station in Myanmar reflects high
correlation between satellite and ground streamflow measurement regardless of
the optical or PMR dataset (Fig. 4). Both dataset arein ahigh correlation as shown
on the scatterplot. Results underline the robustness of the methodology observing
water surface area change as an indicator for streamflow variation from both
optical and microwave radiometers.

Fig. 4. Satellite river gauge derived from MODIS optical imagery (upper left) and SMOS
PMR data (upper right) for SGR 35 (22.13°N, 96.03°E) over the Irrawaddy River in
Myanmar. Map shows the location of PMR SGR for both M and C observation (upper
right). Lower left figure shows in-situ streamflow [in m/s? units] data for the same period
(lower left). Lower right figure is a scatterplot of SMOS and MODI S orbital gauge data.
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In Ghana, over the White Volta basin, which is the largest rivers sub-basin
of the VoltaRiver in West Africa, SGR 1424 shows similar time series pattern for
both SMOS and MODIS observations (Fig. 5). Tropical humid climate with wet
summer (May—October) with southwest winds originating over the Atlantic
Ocean and dry winter with strong dry warm winds from the desert in north cause
an annual high-flow in summer and low-flow during winter. Most precipitation
occursin August, whereas the streamflow usually peaks in September.

Fig. 5. Satellite river gauge derived from MODIS optical imagery and SMOS PMR data
(upper two plots) for SGR 1424 (10.28°N, 1.05°W) over the White Volta River in Ghana.
Lower map shows the location of PMR SGR for both M and C observation.
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For SGR 1424 SMOS observation exhibits less noise than the MODIS
observation. The number of observations is more than twice as many as for the
optical data, but it isnot the reason for higher noise. On the other hand, the channel
width at the satellite gauging location is about 80 m, which is arelatively narrow
river channel to measure discharge from space. That concludes that despite low
resolution of SMOS, the sensitivity of water surface presence in the footprint
enables the observation of inundation increase even for relatively low proportion
of water within the observation (narrow river channel). It emphasises the strong
capability of microwave emission to measure streamflow from space using all
weather satellite systems on a near-daily basis with PMR data. Regarding optical
data, givenitsstrong limitation to cloud cover, it can only obtain information over
regions, where cloud free scenes can be acquired within frequent time intervals.

The latter requirement is difficult to meet in wet tropical regions with strong
cloud cover hindering the acquisition of optical data. As an example over the
Purus River, a large tributary of the Amazon River in Brazil (Fig. 6), MODIS
exhibits a high noise when compared to SMOS with clear seasonal variability of
streamflow well correlating with ground gauge (Kugler, 2019). Comparing the
two different measurements in a scatterplot confirm the low agreement of the
MODIS and SMOS, as it can be seen on the scatterplot in the lower |eft figure.
The reason for that might be cloudcover or the very complex environment that
does not allow to accurately map inundation from optical data. The reason for
more noise in the optical data needs further investigation. Y et the measurement
of wet tropical climate seems to support the assumption that cloud cover may be
amajor limitation factor in near-daily observations.
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Fig. 6. Satellite river gauge derived from MODI S optical imagery and SMOS PMR data for
SGR 1098 (4.65°S, 61.59°W) over the Purus River in Brazil (upper two figures). Upper right
map shows the location of PMR SGR for both M and C observation. Lower right figure plots
in-situ streamflow data [in m*/s units]. Lower left graph is a scatterplot of SMOS and MODIS
orbital gauge data.

4, Conclusions

This paper demonstrated the use of optical and PMR satellite technologies for
continental river streamflow measurement. Satellite data were measuring river
gauge from space using the strong correlation between water surface inundation
and discharge over selected river reaches. Both optical and microwave satellite
datawere proved to be suitable for streamflow measurement.
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Selected examples of orbital gauges suggest that cloud cover isasignificant
limitation for optical data. Yet some tropical climate showed good agreement
between validated SMOS streamflow data and MODI S gauge time series despite
high probability of clouds (like the example over the Irrawaddy or the Volta
River). Dense tropical forest is also decreasing the accuracy of optical data
reducing its capability to measure water extent over dense vegetation, as it is
demonstrated on the example of the Amazon River basin.

Knowing that global climate change is expected to increase the magnitude
and frequency of natural hazardslike floods; it is crucia to understand changesin
the terrestrial water cycle to face future challenges of climate change. Results
could be used over ungauged river sections to check validity and double confirm
results of PMR river gauge by independent measurements like optical data. It
would beimportant over watersheds, where no validation data can be acquired, or
hydrologic data is not collected or shared among mgjor stakeholders. Thus, the
comparison of results from both optical and PMR methods would be important to
obtain reliable gauging time series from space without the need of collecting
ground truth for validity.

Acknowledgement: Part of the work presented was supported by the National Research and Innovation
Office.
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Abstract— The average yield of maize is significantly dependent on the meteorological
conditions of the growing year. Both the most favorable weather conditions and the weather
anomalies that tend to cause damage depend on the given phenophase. The aim of this
research is to analyze the climatic changes that are important in maize production in the
Hajduség region.

For the climatological study of the area, homogenized temperature and precipitation
data from the Hungarian Meteorological Service was used for the Debrecen region, which
arefreely available for download from the data repository of theinstitution. Trend analysis
was performed for the last 50-year (1973-2022) and 30-year (1993-2022) periods. In total,
40 meteorological data series matching the study objective were analyzed. Linear
regression cal culations were performed using the SPSS 27 statistical software. For the non-
parametric procedure, the MAKESENS Excel application was used, based on the Mann-
Kendall (MK) test and Sen's slope estimation.

This research shows that the choice of the length of the study period affects the results
of trend analysis. The numerical values of the trend slope for the 30-year vs. 50-year period
differ, and for some parameters there are also substantial differences (e.g., trend sign). The
results of the parametric and non-parametric trend analyses differed only marginally for the
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temperature variables included. Also, for precipitation data that do not follow a normal
distribution (e.g., monthly), there were only afew significant differences. The trend in mean
annual temperature shows an increase of 0.39 and 0.52 °C in 10 years, and an increase of
around 2 °C in 50 yearsand 1.5 °C in 30 years. There is a significant warming in both the
summer and winter half-years, with the summer half-year showing a steeper upward trend
in the 50-year data series and the winter half-year in the 30-year data series. Thereisaclear
pattern of large, highly significant warming in the summer months and less significant
changes in the two spring and two autumn months that were observed. A negative,
non-significant trend in annual precipitation is observed. The decreases of 17 mm and 24
mm/10 years obtained for the 50- and 30-year time series are not negligible from apractical
point of view. For the summer half-year, the precipitation amount is decreasing, with a
slope of -27 mm/10 years for the last 30 years, but even this value is not significant due to
the high variability. Thereisno significant changein the amount of precipitation in the winter
half-year over the last decades. Significant trends cannot be detected from monthly or even
semi-annual or annual precipitation data. The Mann-Kendall test showed a trend decrease
only in the 30-year April data series at the p=0.1 significance level. Overdl, the changes are
negative for maize production. It should be highlighted that the obvious warming, combined
with a dlight decrease in precipitation, is leading to a deterioration in crop water availability
and areduction in crop yields. The impact of the identified adverse climatic changes can be
compensated to a significant extent by the proposed agrotechnical responses.

Key-words: temperature, precipitation, trend, Mann-Kendall test, linear regression, maize
production

1. Introduction

Climate change has been one of the most important globa environmental
challenges of recent decades, with significant environmental, economic, and
social impactsin complex ways. The exposure of crop production is obvious, but
its extent varies depending on the climatic, soil, and hydrological conditions of
the region and the crop species.

Maize is known to be a heat- and water-intensive crop. In Hungary, rainfall
isthe most important meteorological factor determining crop yields. In 2021, and
especially in 2022, very severe drought affected most of the country, including
the Debrecen area (Gombos and Nagy, 2022, 2023). Data from a maize yield
experiment in Debrecen show a strong positive correlation between the amount
of rainfall during the growing season and the average yield (Nagy, 2012).
According to Marton (2004), the relationship is not linear, the optimal amount of
rainfall depends on the nutrient supply, and in the wettest years yield depression
may occur. According to Szaléki (1989), the total water requirement of maize is
420-550 mm measured with lysimeter. The water requirement of the crop is
significantly higher than the average rainfall of the growing season, with
100-150 mm in the main production areas, and in some places with 200 mm, with
only a smaller water deficit (40-80 mm) in the southwestern part of the
Transdanubian region (Nagy, 2007). The yield security of maize is improved if
the deeper layers of the soil are saturated with water in the preceding winter half-
year. This effect has been statistically demonstrated in some production areas
(Nagy, 2012).

486



Adequate soil moisture is required for germination and initial development,
but the water consumption of the plant is not yet significant. Heavy rainfallsin
March and April hamper soil preparation and sowing. This can lead to adelay in
sowing, especially on compacted soils. Even during the period of intensive
vegetative development, maize is not very sensitive to precipitation deficits
(Cheng et al., 2021, Széles et al., 2019). Thisisindicated by the fact that very dry
(essentidly rainless) weather in June did not in itself reduce the average yield
below the average (Gombos and Nagy, 2019), however, using machine learning
methods to study maize yield and its determinants, it was found that May
precipitation is one of the most influential parameters (Nyéki et al., 2021).

Precipitation in July and August is particularly important, asthe plant'swater
requirementsare greatest during silking, grain setting, and early crop devel opment
(Antal et al., 1992). Other studies have also found these phenophases to be
essentially the most sensitive to water deficit, with only minor differencesin the
delimitation of the period (Westgate and Boyer, 1986; Smith et al., 2004; Nielsen
et al.,, 2010). Thereafter, the water need of maize gradually decreases.
Precipitation after physiological maturation has an adverse effect. In September-
October, dry, moderately warm weather is optimal, because it accelerates grain
dehydration and drying and, consequently, does not hinder harvesting.

Several studies have demonstrated the yield reducing effects of high
temperatures (Schlenker and Roberts, 2009; Lobell et al., 2013; Ben-Ari et al.,
2016; Carter et al., 2016), a phenomenon that is becoming increasingly common
in Hungary. Maize is most sensitive to heat stress during the reproductive
phenophase, especially during silking The viability of pollen is impaired by
temperatures above 35 °C, which is further exacerbated when coupled with low
humidity (Fonseca and Westgate, 2005). A french research has shown that the
number of dayswith maximum temperatures above 32 °C explainstheinterannual
variability of the averageyield to adegree essentially equal to that of precipitation
(Hawkins et al., 2013). Studies by Schienker and Roberts (2009) showed a
negative effect of temperatures above 29 °C on US county-level yield averages.

L ow temperatures do not usually cause irreversible damage. Frost damageis
rare if sowing is timed correctly. Mgjor damage to maize occurs only at -2 to
-3°C (Dhillon et al., 1988). At the beginning of the growing season, it is not
uncommon for temperatures to be below or just above the base temperature of
maize. At this time, plant development is arrested or very slow. Low mean
temperatures in April and May result in a prolongation of the phenophases and
ultimately the ripening period (this may be partially compensated by later warm
weather). Harvesting is either done at higher grain moisture (high drying costs) or
later, when the risk of adverse weather is significantly higher, making the
harvesting workflow more difficult and increasing harvest |osses.

The global average temperature shows a clear and increasing trend. The most
recent 10-year period of 2013-2022 shows an average surface temperature
1.15 °C above the average for the period 1851-1900, with a warming rate of

487



1.65 °Cfor land (IPCC, 2023). The global average (land) precipitation has shown
aweak upward trend over the 20th century, with large inter-decadal variability.
The trend has not been significantly decreasing since 1950 (IPCC, 2007).
However, the pattern of changes in precipitation patterns shows a high degree of
geographical variability. Some areas have become drier than in the past (Southern
Europe, Soutwest USA, Sahel, South Africa), while other areas have shown an
increasing trend in precipitation (most of the USA, Northern Europe, Northern
Asia, Central Asia) (IPCC, 2007; EEA, 2014; USGCRP, 2017).

The change in the national mean temperature in Hungary over the 120-year
period 1901-2020 is 1.2 °C, while over the period 1981-2020 it is 1.7 °C. There
has been significant warming in all seasons, with the largest increase in the
summer temperatures (OMSZ, 2019a). The spring precipitation is the one that
shows a clear change, with a 17% decrease. There are differences in the trend of
the annual amount between the different parts of the country. There is a decrease
in the western part of the country and a dlight increase in most of the Great
Hungarian Plain. For the period 1981-2020, an upward trend in annual
precipitation can aready be observed on a national average (OMSZ, 2019b).

Several studies have been carried out to investigate the climatic changes that
have taken place in some municipalities and smaller regions of the country. In
Keszthely, the trend of annual precipitation decrease in the period 1871-2014 is
not significant (Kocsis and Anda, 2017). Precipitation decrease trends in the
spring (-32 mm/100 year), April (-14 mm/100 year), and October (-24 mm/100
year) were found to be significant. Fiizi and Ladanyi (2020) investigated various
parameters related to frost in the Sopron region (NW-Hungary). All trends show
decreasing number of days with different frost level and increasing duration of
frost free periods. These results are in agreement with the general warming
tendencies. Another study of Fiz and Ladanyi (2022) dealing with various
temperature and precipitation indicators describes an increasing frequency of
extreme weather events (especially which are related to heat stress) in the Moson
Plain.

The main meteorological features of the period 1901-2010 in Debrecen are
summarized by Juhasz et al. (2018). The analysis of the 110-year trends includes,
in addition to the classica annual and seasonal mean temperature and
precipitation totals, a number of indicators derived from daily data.

Theaim of thisresearch isto analyze the climatic changesthat have occurred
in one of the most important regions, the Hajdlsag maize production region in
Hungary, which has excellent soil conditions for this crop. The authors consider
it important to include data from the most recent years in the trend analysis, and
the processed data series should be sufficiently long.
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2. Material and methods
2.1. Sudy area and data

The mgjority of the Hajdusag, one of the main maize growing areas in Hungary,
is located in Hgdu-Bihar county (Hungary), geographically comprising the
Hajduhét and the southern pasrt of Hajdusag. The dominant soil type of the area
is loess chernozem with lime deposits, which is a lowland calcareous loess soil
with excellent fertility and water management. The area was climatologically
analyzed using homogenized temperature and precipitation data from Debrecen,
provided by the Hungarian Meteorological Service. The daily resolution database
for the period 1901-2020 is freely available for download on the website of the
organization (Meteorological Data Repository, OM SZ):

e daily amount of precipitation,
e daily minimum temperature,

e daily maximum temperature,
e daily mean temperature.

The post-1973 part of the series was included in the analysis, supplemented
with data for the years 2021-2022. During this period, measurements were taken
at the airport located south of the city (47°30' N, 21°38' E, 107 above sea level)

(Fig. 1).

Fig. 1. Geographical position of the study area (Hadlsdg area (red), Debrecen-Airport
meteorologica station)

At the Debrecen-Airport station, the mean annual temperatureis 11.0 °C and
the mean annual precipitation is 543 mm averaged over the period 1991-2020.
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The coldest month is January (-0.8 °C), the warmest is July (21.9 °C). The lowest
precipitation is in January-March, the highest in May-July (24 mm in January,
68 mm in July) (Table 1).

Table 1. Average monthly temperature and precipitation in Debrecen (1991-2020)

1 2 3 4 5 6 7 8 9 10 11 12

T(C) -08 09 58 119 168 203 219 218 165 110 56 05
P(mm) 24 32 30 45 59 67 68 46 47 41 41 42

The quality of the database used is fully in line with the research objectives.
The data series are homogenized to the current situation, and inhomogeneities due
to changes in measurement conditions have been filtered out. In Debrecen, there
have been only minor changes in the environment of the measurement site during
the 50-year period under study, with onerelocation of the station within the airport
in 1995. However, the measurement technology changed in 2000 with the
automation of the station. The traditional mercury station and maximum and
minimum alcohol thermometers have been replaced by a platinum Pt100
resistance thermometer which continuously measures the temperature. A
prerequisite for reliable change detection is the use of controlled, homogenized
data series. Trend analyses based on raw, non-homogenized data are often
misleading and may erroneously detect changes that are the opposite of real
changes (I1zsak and Szentimrey, 2020).

2.2. Methods

Trend analysis was used to investigate the climate changes in Debrecen over the
past decades until today. Analyses were performed for the last 50-year period
(1973-2022) and the last 30-year period (1993-2022). These are long enough
periods to identify trends, but do not go back to years irrelevant to current crop
production skills. On the basis of the international literature and the authors' own
previous research results, the meteorological parameters of importance for maize
production were identified and trend analysis was performed on them:

e monthly mean temperatures (April, May, June, July, August, September,
October),

e monthly averages of daily minimum temperatures (April, May, June, July,
August, September, October),

e monthly averages of daily maximum temperatures (April, May, June, July,
August, September, October),
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e mean temperatures for winter and summer half-year,

e average daily minimum temperatures in the winter and summer half-year,

e average daily maximum temperatures in the winter and summer half-year,

e annual mean temperature,

e annual average daily minimum temperatures,

e annual average daily maximum temperatures,

e monthly rainfall totals (April, May, June, July, August, September, October),
e total precipitation for the winter half-year (October-March),

e rainfal totals for the summer half-year (April-September),

e annual rainfall amount.

2.3. Trend analysis

Both parametric and non-parametric methods are available for time series trend
analysis.

The usua parametric tests require normality and independence of the data.
For the non-parametric tests, normality is not a prerequisite, i.e., for many
meteorological data sets (e.g., precipitation dataor various derived parameters are
usually included), the use of the latter is justified. Other arguments in favor of
non-parametric methods are that they are less sensitive to outliers and can be
applied to both linear and non-linear trends.

The non-parametric Mann-Kendall (rank-based) statistical test (Mann, 1945;
Kendall, 1975) has been widely used in trend analysis of meteorological time
series, both for precipitation and temperature (Wang et al., 2013; Khalili et al.,
2016; Sowera €t al., 2016; Krebs et al,. 2021; Makungo and Mashinye, 2022;
Kubiak-Wojcicka et al., 2023). The only prerequisite for this robust method is the
independence of data. The associated Sen's slope estimator calculates the slope
value (my) for each pair of data, and the median of these gives the estimate of the
dlope (Q) of the linear trend:

myj =(Y -Y;i )/(j-i), (1)
Q =median (m)jj, 2

where Y; and Y; are the values of the meteorological variables at timet=j and t=i
(1>1), respectively, and i=1, ..., n-1, j=2, ..., n, n is the number of elementsin the
sample.

The use of linear regression analysis on climate time series is also common
in studying trends in terms of temperature and precipitation (Kocsis and Anda,
2017; Juhasz et al., 2018; Humphries et al., 2018; Karimi et al., 2021; Barna et
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al., 2022). There are several studies where, in addition to linear regression
analysis, non-parametric methods are used to investigate climate trends (Kocsis
and Anda, 2018). The equation of the linear regression model is

Y=a+bX, 3)

where Y is the dependent variable (e.g., temperature), X is the independent
variable (for time series, time, e.g., year), b is the slope of the trend line (e.g.,
°Clyear), and a isthe intercept (trend value at time "0").

The coefficients, i.e., the fit of the line, are determined using the least-
sguares method, which providesthe sensitivity of the model to outliers. A positive
m value indicates an increasing trend and a negative m value indicates a
decreasing trend.

Asafirst step of data processing, an Excel spreadsheet was used to produce
the monthly, semi-annual, and annual data series for the period 1973-2022 based
on the daily resolution database.

Thiswasfollowed by anormality test using the SPSS 27 statistical software.
For testing normality, the Shapiro-Wilk test was chosen, which is the most
recommended and widely used method for small (n<50) samples (Razali and
Wah, 2011; King and Eckersley, 2019).

Regardless of normality, both parametric and non-parametric trend analyses
were performed for each data series. The results were interpreted taking into
account the results of the SW test, and if normality was met, the comparison of
the two trends provided additional information.

Linear regression calculations with significance testing based on the related
two-sided t-test method were al so performed using the SPSS 27 statistical software.
For the non-parametric procedure, the Excel macro MAKESENS (FMI) devel oped
by the Finnish Meteorological Institute was used. The application determines the
significance and slope of the trend based on the Mann-Kendall (MK) test and Sen's
slope estimation (Salmi et al., 2002). The slope, as the change in trend value per
unit time, is presented in units of °C/10 years for temperature values and
mm/10 yearsfor precipitation datafor ease of interpretation. MAKESENS testsfor
four levels of significance using the Z-test statistic (o: 0.1, 0.05, 0.01, and 0.001,
with two-sided tests). When the aforementioned significance levels are detected,
the time seriesislikely to exhibit a monotonic increasing trend (Z sign positive) or
decreasing trend (Z sign negative). Even with a=0.1, thereisonly a10% probability
of error by rejecting HO (no trend) (Salmi et al, 2002).

2.4. Examination of yields

The performed average yield analyses were based on the results of the maizeyield
trials conducted at the Debrecen-L atokép experiment site over a 32-year period
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from 1991 to 2022. The yield averages of the treatments most representative of
farm conditions were included in the analysis.

Trend analysis was performed using the same non-parametric method
applied to meteorological data (MAKESENS, Salmi et al., 2002). The monthly
temperature and precipitation patterns for the 8-8 years falling in the lower and
upper quartile were then analyzed based on the yield averages. The comparison
of the averages gave an overview of the importance of each monthly
meteorological parameter in the evolution of the yield average. A more detailed
guantitative analysis of the relationship between the average yield and the weather
conditions was not the subject of this research.

3. Results

The normality test on the 50-year data series yielded results in line with the
authors' expectations. The normal distribution of the temperature parameters is
confirmed in almost al cases by the Shapira-Wilk test with p > 0.05 (the only
exception is the minimum temperature in October). The monthly precipitation
data are not normally distributed, but for longer periods (annual, semi-annual),
the test showed normality. Independence is met for al sample elements.
Therefore, the performed parametric trend test is relevant for most of the
meteorological parameters under study, but should be treated with reservations
for monthly precipitation. Non-parametric trend tests do not require a normal
distribution, but their useis appropriate in such cases, as they are not sensitive to
outliers. In evaluating the changes, the authors relied primarily on the results of
the Mann-Kendall test and Sen's slope estimator, which was complemented and
compared with the information provided by the parametric method.

3.1. Temperature trends
3.1.1. Monthly temperature

In the period 1973-2022, the monthly mean temperature, the monthly mean of the
maximum values, and the monthly mean of the minimum values show an increasing
trend in al months considered (Table 2). In May and September, the changes are not
sgnificant, and the increase is typicaly only 0.1-0.2°C/10 years. In April,
maximum values increased the most and minimum vaues the least, and the trend of
the mean increase was aso close to 0.5 °C/10 years. In the summer months, an
upward trend was confirmed for all parameters at the p=0.001 significance level.
Maximum temperatures increased most, with a 10-year increase of 0.95°C in
August, and dightly lessin June and July (0.78 °C and 0.75 °C, respectively). This
isalso the order of the months for mean temperatures. The 10-year increasesin trend
vauesare0.73 °Cin August, 0.65 °Cin June, and 0.56 °Cin July. The positivetrend
for minimum values is 0.5-0.6 °C/10 years for al three summer months. The
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warming observed in October is smdler (0.2-0.3°C/10 years) and shows
sgnificance only for the average minimum and maximum val ues.

Table 2. Trend parameters for monthly temperature data, calculated by non-parametric (Mann-
Kendall test and Sen's estimator) and parametric (linear regression) methods. Significance

Kok

levelsare™ : p<0.001, **: p<0.01, ": p<0.05, *: p<0.1.
1973-2022 (50 years) 19932022 (30 years)

I ndicator Month Trend (°C/10 year g)sonificance Trend (°C/10 year s)sonificance

MK + Sen's slope LR MK + Sen's slope LR

April 0.46" 0.40™ 0.30 0.19

May 0.11 0.17 -0.44 -0.40
June 0.65™ 0.66™ 0.81" 0.80™
: e%gﬁre Quly 056" 057" 0.63* 058"
August 0.73™ 0.68™ 0.82 0.78™

September 0.14 0.15 0.66" 0.63"

October 0.20 0.19 0.20 0.23

April 035 0.26 0.07 -0.03

May 0.10 0.13 -0.34 -0.27
June 0.59™ 0.55™ 0.73™ 0.78™
te'\fnig(iarrnaltjlrj?e July 050" 051" 0.48" 052"
August 0.55™ 054" 058" 061"

September 0.22 0.19 055 0.36

October 0.26" 0.23 0.20 0.20

April 0.74™ 0.69™ 0.74 0.63

May 0.28 0.34" -0.26 -0.25
June 0.78™ 0.79™ 096" 097
tg"ma;g;’l;?e July 075" 078" 0.86' 077"
August 0.95™ 0.89™ 1.00” .01

September 0.18 0.22 1.07* 0.96"

October 0.31* 0.35 0.39 0.39
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Looking at the 30-year period of 1993-2022, there isasignificant difference
in May, September, and part of April compared to the previous period. Instead of
a dight warming over the 50-year period, the mean temperature in May has
decreased by 0.44 °C/10 years (dightly less for the minimum and maximum
values) over the last 30 years. Although the change is not significant, it is
noteworthy, because thisis the only month with a negative temperature trend, and
it is aso an important month for maize production. In September, instead of the
50-year non-significant positive trend in mean temperature, significant warming
(0.66 °C/10 years) is already observed at the p=0.1 level over the last 30 years.
Theincrease in September maximum valuesisthe largest (1.07 °C/10 years). The
April mean temperature still showsan upward trend, but itissmaller and no longer
significant. The variation in maximum and minimum temperatures is very
different. While maximum values show an increasing trend of 0.74 °C/10 years
(although not significant), the April mean minimum temperatures show
essentially no trend change. For the summer months, the temperature trend over
thelast 30 years shows alarger 10-year change than over the 50-year period (there
was no intense warming in the 70s and 80s). In particular, June and August have
seen an increase in temperature, with mean temperatures rising by 0.81 and
0.82 °C/10years, monthly average minimum values by 0.73 and 0.58 °C/10 years,
and maximum values by 0.96 and 1.00°C/10 years.

The trend values obtained by linear regression with least squares fitting for
the 50-year data series are in good agreement with the results of the non-
parametric trend analysis. In all cases the differences are below 0.1 °C/10 years,
but mostly below 0.05 °C/10 years, which is negligible from a practical point of
view. For the April minimum values and the October minimum and maximum
values, only the MK test showed significance (p=0.05 and p=0.1, respectively).
For the May maximum values, the trend was confirmed as significant by the
parametric procedure (p=0.1), but not by the MK test. For the 30-year data series,
there were differences in the strength of significance. In particular, the
significance level of the July and August trends was found to be weaker by the
MK test, but there was no significant difference in the magnitude of the increase
(<0.1°C/10 years).

3.1.2. Annual and semi-annual temperature

The 10-year increase in the annual mean temperature trend over the period 1973—
2022 is 0.39 °C. Similar warming (0.41 °C) was observed in the summer half-
year, and a dlightly smaller warming (0.29 °C) in the winter half-year. The
average of the minimum temperatures showed a nearly equal increase on all three
time scales (0.33-0.36 °C/10 years). The maximum temperature showed larger
warming, with a 10-year trend increase of 0.40 °C in the winter half-year, 0.61 °C
in the summer half-year, and 0.52 °C per year (Table 3).
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The trends over the last 30 years show a more intense warming than that
observed in the period 1973-2022, with the exception of the mean summer half-
year temperature and the averages of the minimum values. The annual mean
temperatureisincreasing at arate of 0.52 °C/10 years. The winter half-year mean
temperature trend has become about twice as steep (0.62 °C/10 years) asthe trend
over the 50-year period. The most intense change is detected in the mean
maximum temperatures. Here, the trend increases by 0.71°C, 0.72°C, and
0.85 °C every 10 years for the annual, summer half-year and winter half-year,
periods, respectively.

The rates of change obtained from parametric and non-parametric trend
analyses are essentially the same over the 50-year period. Even for the shorter
study period, only small differences arise from methodological differences,
generally not exceeding 0.05 °C/10 years. For the annual and semi-annual data,
al temperature parameters investigated showed a significant trend.

Table 3. Trend parameters for yearly and haf-year (h-y) temperature data, calculated by non-
parametric (Mann-Kendall test and Sen'sestimator) and parametric (linear regression) methods.
Significance levelsare™": p<0.001, **: p<0.01, *: p<0.05, *: p<0.1

1973-2022 (50 years) 1993-2022 (30 years)
Indicator p;relrriT:)?j Trend (°C/10 year s)sionificance Trend (°C/10 year g)sonificance
MK + Sen'sslope LR MK + Sen'sslope LR
Y ear 0.39"™ 0.39"™ 052" 053"
Average g mery 041" 044" 041" 043"
temperature
Winter h-y 0.29° 0.33™ 0.62" 0.63™
Y ear 035" 035" 052" 047"
Minimum Summer h-y 036" 036" 033" 033"
temperature
Winter h-y 0.33 0.33™ 0.63° 0.58™"
Y ear 0.52"" 0.52"" 071" 072"
Madmum = o e oy 061" 0.62" 0.72" 0.69"
temperature
Winter h-y 0.40° 0,41 0.85° 0.78™"

3.2. Precipitation trends

Precipitation shows significantly greater variability than temperature, both on
monthly and annual bases. Thispartly explainswhy the trends obtained are mostly
not significant at the p=0.05 level, or even at the p=0.1 level, which provides a
wider range (Table 4).

496



Over the longer period, only September showed an increasing
(+3.6 mm/10 years) but not significant trend of the examined months. The other
months show a non-significant decrease, with October showing the smallest
decrease (<1 mm/10years, practicadly no change), June the largest
(-6.2mm/10years), followed by July (-4.5mm/10years). The annua
precipitation total is aso decreasing, with a trend of -17.2 mm/10 years. The
decrease has basically taken place in the summer half-year (-15.8 mm/10 years).
The trend of 3.2 mm/10 yearsin the winter is negligible and not significant. The
parametric test showed a significant decreasing trend at the p=0.1 level in June
(-7.4 mm/10 years) and in the summer half-year values (-15 mm/10 years).

In the period 1993-2022, the two methods show a decreasing precipitation
in April (-11.5 mm/half year, p=0.1) in complete agreement. Of the examined
months, only October shows an increase in precipitation, but it is not significant
and of very small value. From May to September, a slight decrease is observed in
al months, but even in May, it is only 4.5 mm/10 years. Decreases in June and
July that are more significant in the 50-year base have not been observed for the
last 30 years. The trend in precipitation decline in the summer half-year is
27 mm/10 years, while precipitation in the winter half-year hardly changes
(+3 mm/10 years is practically negligible). Consistent with these findings, the
trend in annual precipitation is also decreasing (non-significant) at a rate of
24 mm/10 years.

Table 4. Trend parameters for monthy, yearly, and haf-year (h-y) precipitation data,
calculated by non-parametric (Mann-Kendall test and Sen's estimator) and parametric (linear
regression) methods. Significance levelsare™": p<0.001, *": p<0.01, ": p<0.05, *: p<0.1

1973-2022 (50 years) 1993-2022 (30 years)
Indicator ~ Timeperiod  Trend (mm/10 year g)sonificance Trend (mm/10 year g)d9nificance
MK + Sen'sdlope LR MK + Sen's slope LR
April -2.1 -1.9 -11.5* -11.6°
May 2.0 35 45 -36
June -6.2 74 -0.9 -14
July -4.5 -3.6 -1.7 -3.0
August -21 -2.7 -2.6 -6.1
Precipitation September 3.6 4.0 -0.6 -16
October -0.8 -1.2 2.3 31
Y ear -17.3 -11.6 -24.0 -18.3
Summer h-y -15.8 -15.0° -26.8 -27.2
Winter h-y 32 38 30 4.9
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3.3. Maizeyield

In the period 1993-2022, the average yield was 10.4 t/ha in the long-term maize
experiment at the Debrecen-L at6kép experiment site, under agrotechnologically
typical of farm conditions. The value, which is significantly above the national
average and the moderate differences between years, is due to the excellent soil
conditions (structure, water management properties) (Fig.2). A dightly
decreasing but not significant trend can be observed, with avalue of 0.20 t/ha.
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Fig. 2. Annual average yields of the Debrecen-Latdkép long-term maize experiments as a
percentage of the averageyield for the period 1993-2022.

Based on the yield average, weather conditions in the lower and upper
quartile years differ most in July. The 8 years with the lowest yields (low yield
years) have an average July precipitation of only 36 mm and a mean temperature
of 23.1 °C, while the high yield years have average precipitation of 100 mm and
21.3 °C, respectively (Table 5). Of the high yield years, there was only one in
which the July rainfall total was below the multi-year average, but then the
weather was cold, and June and August were both wetter than average.
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Table 5. Monthly precipitation sum (ps) and mean temperature (m) values averaged over
low yieldyears (LYY) and high yield years (HYY).

April May June July August September October
LYY-ps (mm) 38 51 62 36 37 64 43
HY'Y -ps (mm) 40 63 77 100 50 37 45
LYY-m (°C) 11.2 16.6 21.0 231 22.6 16.0 105
HYY-m (°C) 114 15.8 20.3 213 211 17.2 104

The months of May, June, and August are also shown to be cooler on average
and dlightly wetter in high yield years. However, these months aone do not tend
to have a decisive effect on yields. For example, in half of the low yield years,
June was particularly wet.

In April, the average precipitation and temperatures for low and high yield
years were almost the same, slightly lower than the 30-year average. The weather
in September no longer affects the yield average, as maize has typicaly reached
physiological maturity by thistime. However, it is an interesting correlation that,
on average over the 8 low yield years, this month is wetter and cooler than the
average of the 8 high yield years.

4. Discussion and conclusions

The performed research shows that the trend analysis results and the conclusions
that can be drawn from them are influenced by the choice of the length of the
study period. The numerical values of the slope of the trend differ, and for some
parameters there are also substantial differences (e.g., trend sign), a phenomenon
that can be encountered even in the case of the 30- and the 50-year period. Several
studies analyze trends of 100 years or more (Juhasz et al., 2018; Kocsis and Anda,
2017), with which comparisons of trends over shorter periods should be treated
with caution. The results of the parametric and non-parametric trend analyses for
the temperature variables that were included differed only marginally (the choice
of period has a much more pronounced effect). There were also only few cases of
substantial differences for precipitation data that do not follow a normal
distribution (e.g., monthly). In the study by Kocsis and Anda (2018), the results
obtained with the non-parametric method showed better agreement with the
results from other studies.

The annual mean temperature increase trends of 0.39 and 0.52 °C/10 years
show an increase of around 2 °C over 50 years and 1.5 °C over 30 years, in line
with the national average increase over the 1981-2020 period (OMSZ, 2019a).
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Juhész et al. (2018) show awarming of 1.4 °C for Debrecen over the 1971-2010
period, but this does not include the most recent warmest years.

There is a significant warming in both the summer and winter half-years,
with the summer half-year showing a steeper upward trend in the 50-year series
and the winter half-year in the 30-year series. No seasona analysis clearly
comparableto theliterature sources has been carried out, but the data clearly show
ahigh, highly significant warming in the summer months and | ess intense changes
in the 2 spring and 2 autumn months. On average in Hungary, the transitional
seasons aso showed less warming, with winter and summer showing greater
warming (OMSZ, 2019a).

The annual and semi-annual maximum values showed alarger increase than
the minimum values. The larger daily temperature variation may be related to
stronger radiation effects. No studies have been carried out in this respect, but
there has been a significant increase in the domestic solar irradiance val ues (about
200 hours) for the period 1991-2020 compared to the period 1971-2000.

The challenge in analyzing precipitation data series is the high variability
that masks trends. Significant trends (p=0.05) are not typically found in monthly
or even semi-annual or annual data. No significant change was detected in any of
the 50-year data series by the Mann-Kendall test. Only the 30-year April data
series showed a trend-like change at the p=0.1 significance level. Nevertheless,
the analysis of change provides useful information.

There is a negative, non-significant trend in annual precipitation. The
decreases of 17 mm and 24 mm/10 years obtained for the 50- and 30-year time
series, respectively, are not negligible from a practical point of view. Previous
declining trends in precipitation have been described by other sources (Szalai,
2011). Climate change scenarios, with greater uncertainty, have also suggested a
continuation of thistrend (Bartholy et al., 2011). In contrast, asignificant increase
is already observed on a national average over the period 19812020 (OMSZ,
2019b). Looking at the annual data series separately for the same period in this
research, it was found that there is no change in Debrecen, with a non-significant
trend of 2.2 mm/10 year decrease.

In the summer half-year, precipitation is decreasing, with a slope of
-27 mm/10 years for the last 30 years, but even this is not significant due to its
high variability. There is no significant change in the amount of precipitation in
the winter half-year over the last decades.

Altogether, the changes are negative for maize production. The clear annual
warming tends to increase evaporation, which is accompanied by aslight decrease
in precipitation. The two phenomenatogether lead to a deterioration in the water
availability of the crop, which is a key factor for the yield. There are two
viewpoints for the decreasing precipitation in April in terms of crop production.
On the one hand, it is favorable for seedbed preparation and sowing. On the other
hand, especially on soilswith more extreme water management (clay, sand), post-
sowing rainfall may be necessary for proper emergence. The analysis of theyield
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data series also points to this duality. A drier than average April can lead to low
or high average yields. Temperaturesin April-May have not increased compared
to the previous period, i.e., no faster initial development should be expected. In
recent years, it has been repeatedly observed that the plant develops slowly and is
more exposed to various pests, especially animal pests, during this period. The
high yield averages tend to occur in years when the summer months (July in
particular) are cooler and wetter than usual. This tendency suggests a markedly
unfavorable warming trend in the summer months, which is more pronounced for
maximum temperatures. Precipitation also tends to show a downward trend,
which is clearly unfavorable. The risk of soil and atmospheric droughts is
increasing, especialy during the wider interval of the silking-yield formation
period, which is critical for maize. Although maize is a heat-sensitive crop, the
statement (Varga-Haszonits and Varga, 2004) that the warmer summer areas of
the country are the most favourable from atemperature point of view isno longer
true. Rather, the negative impact of heat stress due to excessively high daytime
temperatures is becoming a more important factor from a practical aspect. The
weather in September and October has become slightly more favorable for the
final stages of ripening, watering, drying, and harvesting.

Precision maize farming offersthe possibility to at least partially compensate
for negative changes by using modern techniques and agrotechnical elements
adapted to the changed climatic conditions. Based on the obtained results, the
following can be proposed:

¢ the use of water conservation techniquesin soil and seedbed preparation due
to lower rainfall in April;

e choosing the appropriate sowing date earlier than usual for a more secure
emergence;

e cultivation of a genotype with relatively rapid initial development even at
lower temperatures;

e emphasis on agrotechnical methods to reduce the stress and impact of
summer water stress.
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