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Abstract: Because of climatic variability that has been increasing in last decades a higher drought risk seriously in-
fluences the forest vitality from regional to global scale. Despite there are of many studies that describe the spectral
response of forest stands to the water stress, there is still a lack of information concerning the full understanding of
forest reaction to the water deficiency over a longer time period. We hypothesize that the various severity and/or fre-
quency of drought periods will result in different spectral responses of forest stands. The forest response was detected
using two spectral vegetation indices (normalized difference moisture index — NDMI, wetness) which are widely used
for the detection of forest health changes. These indices were calculated on the basis of Landsat (TM, ETM+ and OLI)
imagery which includes 105 scenes from the 2005-2016 period. The area of our interest includes 300 forest stands
(dominated with Norway spruce) in the Czech Republic, Moravia. These stands were identified as damaged by drought
that occurred during the 2012-2017 period. To document the climatic water deficiency, two climatic indices were
calculated (AWBPE, standardized precipitation evapotranspiration index). Despite high correlation of both spectral
indices, the NDMI has high sensitivity to the drought events. However, both indices significantly decreased in reaction
to the drought events. In case of the 2012 drought event the decrease was one year delayed, probably due to the lower
severity of drought effect. The both groups of spectral and climatic indices bring valuable information in regard to the
description and understanding of drought effect on the spruce forest stands.
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Drought has become a very important factor that
influences ecosystem vitality especially in the con-
text of recent climate change. Although temperate
forest stands represent relatively stable ecosystems,
the increase in climate variability over last decades
(HANSEN et al. 2010) makes them vulnerable dur-
ing dry periods, especially during growing season.
Drought influences the forest primarily due to
physiological water stress and/or secondarily as a

driver of disturbance agents (AAKALA et al. 2011;
NoRrRMAN et al. 2016). Drought-induced tree mor-
tality results from an interaction between several
mechanisms. A common mechanism for trees with
isohydric regulation of water status (e.g. Norway
spruce) results from avoidance of drought-induced
hydraulic failure via stomatal closure, resulting in
carbon starvation (McDOWELL et al. 2008). How-
ever, drought kills trees much faster in comparison
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to carbon lack (HARTMANN et al. 2013). Although
anisohydric plants are relatively drought-tolerant,
they are predisposed to hydraulic failure because
they operate with narrower hydraulic safety mar-
gins during drought. Higher temperatures than
exacerbate carbon starvation and hydraulic failure
(McDoweELL et al. 2008).

In general the water deficit can be measured us-
ing the precipitation and temperature measure-
ment or as a forest health change, which is often
expressed in meteorological and remote sensing
indices, respectively. Most studies related to the
drought analysis and monitoring systems have
been conducted using either (i) the Palmer drought
severity index (PALMER 1965), based on a soil water
balance equation or (ii) the standardised precipi-
tation index — SPI (McKEE et al. 1993), based on
a precipitation probabilistic approach (VINCENTE-
SERRANO et al. 2010). VICENTE-SERRANO et al.
(2010) suggested standardized precipitation evapo-
transpiration index (SPEI) which is mathematically
similar to SPI, but it uses the cumulative water bal-
ance instead of precipitation sums.

The forest health conditions are detected using re-
mote sensing imagery from spectral indices, which
are primarily based on differences and/or ratios be-
tween multi-spectral bands (LAMBERT et al. 1995).
While the first studies of forest health change used
changes in red and near-infrared (NIR) bands (e.g.
normalized difference vegetation index — NDVI),
indices based on NIR and short-wave infrared
(SWIR) bands have become the standard due to
their greater sensitivity to the forest canopy defoli-
ation. One of the widely used approaches in regard
to the detection of forest change is the tasselled cap
(TC) linear transformation which is composed of
three components: brightness, greenness and wet-
ness (KAuTH, THOMAS 1976; CrisT, CICONE 1984).
Among these three components, wetness is often
used to identify forest health status, combining all
Landsat TM, ETM+ or OLI spectral bands with
the exception of the thermal band with the high-
est weight of the 5" SWIR channel (SKAKUN et al.
2003). Similarly to the wetness TC component, the
normalized difference moisture index (NDMI) as a
measure of canopy water content can be used to
detect drought effect in forest stands (AssAL et al.
2016). SANDHOLT et al. (2002) presented the tem-
perature-vegetation dryness index using the spatial
relationship between the surface temperature and
NDVI. ZHANG et al. (2017) summarized remote

sensing and meteorological indices and compared
their sensitivity to drought detection. Since the re-
mote sensing indices describe the consequences
of water deficiency to ecosystems health (in con-
trast to the meteorological indices that reflect ac-
tual situation of water supply), their reaction to
the drought may be delayed (NicoLAI-SHAW et al.
2017). Despite the delay the spectral vegetation in-
dices reflect the real severity of climatic influence
to the forest ecosystem.

Landsat represents one of the most used remote
sensing satellite system for forest monitoring. The
data record of this system started in 1972. That en-
ables to detect relatively long-term changes (over
more than 40 years). In comparison to other sen-
sors (e.g. MODIS) the longer Landsat revisit time
(16 days) is very useful for year-to-year change de-
tection instead for the precise phenology descrip-
tion. The 30 m spatial resolution of most spectral
bands (with the exception of thermal imagery) it
enables forest monitoring at the stand level from
regional to global scale. Free access to the Landsat
data archive by the US Geological Survey (USGS)
in 2008 accelerated the use of this data for multi-
temporal change detection (WULDER et al. 2012).
The use of multi-temporal remote sensing imagery
for forest health detection and for other ecological
applications is summarized in the work of (KENNE-
DY et al. 2014). The time-series remote sensing data
have potential for better understanding of drought
effect on forest vitality. In our study we hypothe-
size that the various severity and/or frequency of
drought periods will result in different spectral re-
sponses of forest stands.

MATERIAL AND METHODS

Study area. The study area is located in Moravia in
eastern part of the Czech Republic (Fig. 1). This area
is characterised by heterogeneous regional climate,
topography and vegetation units. The south Mora-
via is a region with the lowest annual precipitation
in the Czech Republic. However, the drought events
occurred in last two decades more frequently in the
entire area of the Czech Republic (www.chmi.cz).
The Moravia region has complex topography that
includes both flatted lowlands and mountains (e.g.
Hruby Jesenik, Kralicky Snéznik), with highest
peaks reaching over 1,400 m a.s.l. The most com-
mon forest types are coniferous forest stands with
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Fig. 1. The area of study located in the eastern part of the
Czech Republic, Moravia (AWBPE — actual water balance
of precipitation and actual evapotranspiration)

the dominance of Norway spruce (Picea abies (Lin-
naeus) H. Karsten). Recently the spruce forests in
northern Moravia became heavily affected by pest,
in particular by bark beetle (Ips typagraphus (Lin-
naeus, 1758), Ips duplicatus (C.R. Sahlberg, 1836),
Pityogenes chalcographus (Linnaeus, 1761)) a honey
fungus (Armillaria sp.) (LuBOJACKY 2013).

Forest inventory data. The field data of forest
stands in Moravia affected by drought were ob-
tained from the forest inventory database which
contains 420 affected stands in Moravia between
the years 2012 and 2017. The database includes
information about the drought-based forest dam-
age based on field forest inventory, however, there
is no information about its severity. The main cri-
terion for forest to be classify as a drought dam-
aged stand was canopy damage connected with
absence of other biotic disturbances (e.g. insect,
diseases) in significant part of the stand. From this
database stands with Norway spruce dominance of
more than 70% (classes C1 and D1) were selected.
Finally, we assessed 300 spruce forest stands. For
every stand we calculated centroids, as a represen-
tative location excluding the edge effect in forests.
We used these centroids for the subsequent data
extraction (spectral and climatic indices).

Satellite data. Landsat TM 5, ETM+ 7 and OLI 8
imagery include 105 scenes from the period of
2003-2016 (Table 1). The scenes were obtained
from the USGS data archive in the Level-1 (L1T)
products, which are suitable for pixel-level time se-
ries analysis (https://earthexplorer.usgs.gov/). For
the majority of years, multiple scenes were used
(i) to increase the number of measurements and
(if) to cover areas with the absence of data caused
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by clouds and their shadows. Only Landsat scenes
for the year 2008 were missing in data archive and
therefore this year was not included in analysis. To
avoid phenological differences among the images,
only data acquired during the summer season were
used (predominantly July—September and in case
of lack of these data the June scenes were added).
The second reason for selection of summer—early
autumn Landsat imagery was that the satellite data
should reflect the potential effect of dry vegetation
period. First the clouds and their shadows were
masked-out using CF masks, which are offered
together with Landsat imagery in the USGS data
archive. Than the 189/25 UTM (34 north) scenes
were transformed to the UTM (33 north) coordi-
nate system to ensure their compatibility with all
other Landsat imagery utilised (189/26, 190/25,
190/26). All images were radiometrically normal-
ized using data normalization (HEALEY et al. 2005).
In our study, we used the NDMI index and wet-
ness component of the TC transformation, which
proved to be the most appropriate multi-spectral
vegetation indices in regard to the description of
the forest structure health (BONNEAU et al. 1999;
SKAKUN et al. 2003; WULDER et al. 2004). The
NDMI was calculated as a normalized ratio (JIN,
SADER 2005), as Eq. 1:
(NIR ~SWIR)

NDMI=+—— 2
(NIR +SWIR)

(1)

The wetness index is a TC linear transforma-
tion which is based on general formula (KauTH,
THOMAS 1976; CrisT, CICONE 1984), as Eq. 2:

Wetness = xI x TM1+ x2x TM2 + x3x TM3 + x4 x @)
xTM4+x5xTMS5 +x7xTM7

where:

TM1-TM7 — Landsat satellite bands,

x1—x7 — coefficients for specific Landsat types (for detail
see Table 2).

Means were calculated from the resulting index
values for specific years, thereby levelling the data
variability during year.

Climatic indices. Both AWBPE and SPEI (2005
to 2016) indices were obtained from the Czech Hy-
drometeorological Institute (www.chmi.cz).

The calculation of AWBPE is based on the pre-
cipitation balance and the values of the actual evapo-
transpiration of spruce stands. Selected algorithms
of the AVISO (Agrometeorological Computing
and Information System) model have been utilised
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Table 2. Landsat coefficients for the wetness index calculation from Landsat imagery

Band 1 Band 2 Band 3

Band 4

Band 5 Band 7

blue green red NIR SWIR1  SWIR?2 Source
Landsat 5 TM 01509 01973 03279 03406 07112 04572  CrisT and CICONE (1984)
Landsat7 ETM+  0.2626 02141  0.0926  0.0656  —0.7629  0.5388 HUANG et al. (2002)
Landsat 8 OLI 01511 01973 03283 03407  -0.7117 —0.4559 BAIG et al. (2014)

NIR - near-infrared, SWIR — short-wave infrared

for the evaluation of the actual evapotranspiration
(STEPANEK et al. 2018). For each day of the growing
season (April 1-September 30) daily water balance
is calculated for a set of automated climate stations
(in mm per day) based on the total precipitation and
modelled evapotranspiration.

Evapotranspiration is modelled on the basis of the
average daily air temperature (°C), average daily water
vapour pressure (hPa) (calculated depending on the
temperature and relative humidity), the duration of
the daylight (h), an average daily wind speed (m-s™!)
and daily total precipitation (mm).

The daily values of the water balance are counted for
growing season and subsequently interpolated using
the ClidataDEM interpolation method (linear regres-
sion with altitude dependence with correction in accor-
dance with the data measured at individual stations).

The standardization of the difference of the total
precipitation and the potential evapotranspiration of
the grassland over a given period was employed for
the calculation of the SPEI index using the statisti-
cal probability distribution. A detailed algorithm for
the calculation of the SPEI index was published by
VICENTE-SERRANO et al. (2010).

The FAO Penman-Monteith method in Allen’s
adaptation (ALLEN et al. 2005) was chosen for the
calculation of potential evapotranspiration. The cal-
culation was implemented for grassland, for mixed
forest stands and for coniferous forest stands. The
values for deciduous forest stands are almost iden-
tical to the values for grassland during the vegeta-
tion period. Coefficients for the calculation of forest
cover were validated with the results of experimen-
tal measurements from the 2005-2015 period from
the Czech Republic and Germany.

Data processing and statistical models. The val-
ues of the spectral and climatic indices referred to
above were extracted into the centroid layer repre-
senting individual forest stands. In this manner the
resulting database includes index values for all years
(2005-2007 and 2009-2016). Due to a low number
of drought-affected stands in several years, we se-
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lected only years 2012, 2014 and 2015 for statistical
comparison, which contains measured pixels (cases)
1060, 1005 and 2663, respectively. The main statistical
model is based on the ANOVA between index values
in the year of forest damage and index values in the
years prior to the damage.

RESULTS AND DISCUSSION

Remote sensing
and spectral vegetation indices

The forest stand vitality change due to drought
is often assessed using the MODIS remote sens-
ing data with high temporal resolution which
enables the description of the changes over the
year (HLAsNY et al. 2015). However, the MO-
DIS data have a relatively coarse spatial resolu-
tion (250, 500 and 1,000 m based on spectral
band) which could lead to inconsistent results in
case of small areas of forest stands and/or at the
forest edge. We used Landsat data in our study
because of their higher spatial resolution (30 m).
Already early Landsat-based studies described po-
tential of this data to detect leaf water stress using
vegetation indices (Rock et al. 1985; COHEN 1995).

The NDMI and wetness spectral indices used
in our study are highly correlated (R = 0.85) for
forest stands and show similar trends in spectral
trajectories. However, they differ in sensitivity
to drought events in selected years. Because the
NDMI has a lower year-on-year variability, which
may be caused by other environmental influences
(e.g. phenology, data noise) the values changed due
to drought events are more obvious in spectral tra-
jectories. Therefore, we only present here the time-
series graphs for the NDMI indices (Fig. 2). When
comparing the NDMI values in the year of drought
event with previous years, the differences are only
significant for drought-event-years of 2014 and
2015 (Table 3). The NDMI values for the year 2012
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Fig. 2. Normalized difference moisture index (NDMI) values for forest stands affected by drought in individual years.
The chart below on the right shows the non-affected forests (for the sake of comparison)

The dotted line marks the year of drought damage in accordance with the forest inventory data

Table 3. Statistical comparison of remote sensing and
meteorological indices in the year of forest damage with
previous years

Index Year F-value P-value
NDMI 0.099 0.755
Wetness 24.85 > 0.001*
2012
AWBPE 6.74 0.014
SPEI 24.85 > 0.001
NDMI 16.27 > 0.001
Wetness 12.15 > 0.001
2014
AWBPE 2.407 0.124
SPEI 0.564 0.455
NDMI 116 > 0.001
Wetness 17.64 > 0.001
2015
AWBPE 803.7 > 0.001
SPEI 3,875 > 0.001

NDMI - normalized difference moisture index, AWBPE — actual
water balance of precipitation and actual evapotranspiration,
SPEI - standardized precipitation evapotranspiration index;
significant P-values of the ANOVA test in bold; *increased
values of drought-damaged forest

showed inconsistent results, while the subsequent
years, i.e. 2013, 2014, 2015 and 2016 show clearly a
decrease in values. This can be therefore considered
as a delayed signal change due to the lower severity
of forest stress caused by drought effect. This cor-
responds with relatively high SPEI values in 2012,
but simultaneously low values of AWBPE. That
means the low absolute precipitation (AWBPE)
does not increase drought-stress if the relative pre-
cipitation (SPEI) are close to long-term mean. Sim-
ilarly, the NDMI values are decreasing after both
drought-event-years 2014 and 2015, which dem-
onstrates the continuing forest decline, associated
probably with other stress agents (e.g. bark beetle
infestation). In comparison to damaged forest by
drought effect, we present here also the NDMI val-
ues of non-affected forest, which results in similar
NDMI values over time. Only the values of years
2006 and 2007 were excluded due to atmospheric
influence. In concordance to our results, ASSAL et
al. (2016) reported the NDMI decreasing in the dry
periods in semi-arid forest.
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Fig. 3. Climatic indices: actual water balance of precipitation and actual evapotranspiration (AWBPE) and standardized
precipitation evapotranspiration index (SPEI) in all 300 drought-damaged forest stands

Climatic indices

The same way as spectral indices, both AWBPE
and SPEI indices values were compared in the
drought-event-years with values of previous years
(Fig. 3). The results of the ANOVA test with a post-
hoc test show the significant lower index values for
drought-years of 2012 and 2015; however, the year
2014 does not show any significant difference to
previous years. The explanation may be the lower
drought effect of this year in comparison to 2012
and/or 2015. On the other hand, the significant dif-
ference of the both indices during drought events
in 2015 may be caused by the highest decreasing of
precipitation between 2005-2016.

Drought in forest

When comparing both spectral and climatic in-
dices referred to above, the regression is relatively
low (R? < 0.1). This is probably caused by different
nature of both index groups. The climatic indices
reflect mainly the precipitation sum, thereby de-
scribing the preconditions for drought-based for-
est stress. Nevertheless, the increasing water stress
does not cause the same response in the entire forest
area. AssaAL et al. (2016) described that the drought
causes a certain pattern in forest areas that are re-
sistant, persistent or vulnerable to severe drought.
The main drivers for this pattern are topography,
geology and distance to the watercourses (ASSAL
et al. 2016; VIDAL-MAcUA et al. 2017). In contrast
to climatic indices the spectral indices are reflect-
ing the actual and/or the previous forest condition.
Therefore the spectral indices are resulting from

76

more complex factors as previous drought events,
pest infestations, diseases and forest management
(e.g. thinning). Therefore it is not possible to disen-
tangle drought effects from those caused by various
other disturbance agents (NORMAN et al. 2016). In
fact the different nature of spectral and climatic in-
dices brings opportunity for improved description
of the drought influence on the forest ecosystems.

CONCLUSIONS

Both spectral vegetation indices, NDMI and wet-
ness, are decreasing during the years (2014 and
2015) of drought periods. The decreasing of these
indices was not significant in 2012, however, the
subsequent years showed the decreasing trend. The
delay of the tree response to the dry period in 2012
may be caused by a lower severity of drought ef-
fect because of relatively high values of SPEI index,
which reflects difference to long-term precipita-
tion. Similarly, both climatic indices reflected the
drought events, with the exception of the year
2014, when the differences of both indices values
compared with previous years were not significant.
The indices of previous years have probably already
contained the drought events. Both climatic and
spectral indices are relatively low-correlated which
is caused by different nature of both indices group.
While the climatic indices reflect mostly the pre-
cipitation, the spectral indices represent integral
values that describe the forest vitality. However,
both climatic and spectral indices are bringing
valuable information in regard to the description of
drought events and their consequences for forest
vitality change.
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