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ABSTRACT:
The present study deals with the estimation of the evolution tendency of the environmental stage of a protected habitat with
predominant forest vegetation, during a short period of time, using techniques specific to remote sensing. Therefore, two important
spectral indexes were tested while assessing the health of the forest ecosystems: i.e. the Normalized Difference Vegetation Index
(NDVI) and the Structure Insensitive Pigment Index (SIPI). The period of time taken into consideration for the study was, 2013 - 2019,
having used medium resolution satellite photos, Landsat 8 OLI, having initially undergone standard pre-processing operations (resize
data, radiometric calibration, atmospheric correction). The satellite images modified according to the Top of Atmosphere Reflectance
and corrected topographically resulted into getting values for the two before mentioned indexes. The quantity-spatial results obtained,
correlated to the monthly values of the precipitations processed in order to obtain the SPI (Standardized Precipitation Index), mostly
reveal, in what SIPI and also NDVI are concerned, a slight decrease in the quality of the forest on the analysed area in the sense that
the vegetation stress is increased under meteorological factors, expressed differently depending on the morphometric and pedological
parameters of the habitat.

1. INTRODUCTION
The pressure of the anthropic and natural stress factors on the
forest territories and consequently on the protected habitats
which comprise most of these surfaces has constantly risen
during the past decades. It manifests itself either directly or
indirectly in different ways, which were minutely dealt with ans
analysed in the academic literature: deforestations, changes in the
use of the land, fires, unsustainable management, air pollution,
climatic changes, drought, increased predisposition to pests and
pathogenic agents (Andronache et al., 2019; Lausch et al., 2016;
Romocea et al., 2018; Herman et al., 2019).
The forest health concept arises as a natural consequence of this
reality, being first defined by Leopold (1949), and rigorously
considered during the ’90s (Kolb et al., 1991), practically
providing a common rational base for the great variety of studies
and methods which tried to assess, quantify and monitor the
health of the forest ecosystems.

∗

Even if the meaning and connotations of the concept may be
interpreted from a multiple, economic, social, environmental
perspective (Tuominen et al., 2008), they are all interconnected
and they are all based on one common element: the normal
process of a forest environment.
Moreover, the problem being rather important, the health of the
forests nowadays is assessed in unitary and coherent working
structures and fluxes integrated in hierarchical levels of
complexity. Romania for example, is a member of the systematic
transnational network (Level I) and the intensive monitoring
network (Level II) oh the health of forests at a European level
with 262 level I researches and 12 permanent Level II researches
carried out. If the location of the 12 intensive monitoring stations
is considered, it may be observed that in the Western part of
Romania there is one location, i.e. in Stâna de Vale, which is
dedicated to spruce tree.
Remote sensing methods and techniques offer major support not
only for the investigations carried out on the level of working
stations already implemented in the field, but also for the
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gathering of data related to the health of forests which are found
in areas where such stations are missing.
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accentuation in the loss of the grass spread surrounding the access
ways, as it may be observed in detail in figure 2.

This exact objective has been considered as the starting point of
our study, respectively the estimation of the evolutionary
tendency of the environmental health in a protected habitat with
dominant forest vegetation, during a short period of time.
Additionally, we wanted to test two spectral indexes which are
considered to be important for the assessment of FH (forest
health) in the NV part of Romania.

2. STUDY AREA
The Natura 2000 Valea Roșie community interest site is situated
in the North-Western part of Romania, in the administration of
Bihor County (Figure 1), occupying a 786 ha surfce (Herman et
al.,
2016a,
b;
Ilieș
et
al.,
2017;
http://natura2000.eea.europa.eu/Natura2000/SDF.aspx?site=RO
SCI0267). The geomorphologic support is provided by the hilly
landscape specific for the Hills of Oradea, with average altitudes
of around 220 m, with alternating narrow interfluves with large
valleys and evolved slopes having a complex profile, all being
the result of river modelling, seldom intermittently, combined
with slope processes.

Figure 2. Slight vegetation changes in the NV part of Valea
Roșie site (Data sources: orthophoto ANCPI 2012, Pleiades
VHR 2018)

3. MATERIALS AND METHODS
The working method presented in the study is situated in the
empirical modelling domain, which is based on the statistic
relation between one or more biotic features and certain spectral
variables which answer to the changes of the biotic features taken
into consideration (Lausch et al., 2017).
The category of spectral indexes which may be used in this
modelling is extremely large and varied, being mainly
conditioned by the type of satellite images used as input data, as
well as by the objective. Their description and applicability may
be found in different articles, either making a synthesis (Bannari
et al., 1995; Chen, 1996; Xue et al., 2017), or dedicated to
specific researches (Agapiou et al., 2012; Heiskanen et al., 2013;
Avola et al., 2019).
In essence, they are grouped in seven large classes (Envi Help,
Pettorelli, 2013) based on the properties similarities criterion:
Broadband Greenness, Narrowband Greenness, Canopy
Nitrogen, Canopy Water Content, Dry or Senescent Carbon, Leaf
Pigments, Light Use Efficiency.
For the present study, two spectral indexes were chosen: the
Normalized Difference Vegetation Index (NDVI) and the
Structure Insensitive Pigment Index (SIPI).

Figure 1. Study area location
Considering the natural and cultivated vegetation categories
present it may be observed that 95.87 % of the surface of the site
is covered by broad-leaved trees which are specific to temperate
climate, 0.35 % is covered by bushes and shrubs, while the rest
is covered by agricultural fields represented by ploughable fields,
pastures and orchards (Detailed report of biodiversity assessment
for ROSCI0267 Red Valley, 2016).
Given the importance of these aspects for the proposed rational
procedure, we have tried to observe with the use of
otrhophotoplans received from the geoportal ANCPI website,
together with the VHR Pleiades images from the Copernicus data
base, if changes had occurred regarding the destination of the
land, changes which do not take into account the human factor,
i.e. if the forest either extended or retracted during the study
period (2013 - 2019). There are no essential changes, only a slight

NDVI is comprised by the Broadband Greenness class and is the
best known one, respectively most used spectral index for the
estimation of the typological, physiological and phenological
features of green vegetation (Jiang et al., 2006; Jiang and Huete,
2010; Xu and Guo, 2014).
Rouse et al. (1973) have revealed that through the combination
of RED and NIR channels, based on the principle that green
plants (containing chlorophyll) absorb radiations in the red
spectrum (Red) and reflect radiation from the near infrared
spectrum (Near Infrared):

ܰ= ܫܸܦ

ேூோିோா
ேூோାோா

(1)

Its values are comprised between +1 and -1, while for the
vegetation the values are usually between 0.3 and 1. As it gets
closer to 1, both the vitality and the health of the vegetation
improve.
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NDVI indicates rather accurately the chlorophyll content as well
as defoliation, reason for which is frequently used in studies such
as the present one (Pettorelli et al., 2005; Xiao and McPherson,
2005; Reid et al., 2016).

The first operation was required to reduce the images as close as
possible to the working surface, as it may be seen in the example
given in Figure 3.

SIPI is a type of index highlighted by Penuelas et al. (1995),
based on the premise that both the chlorophyll and the
carotenoids absorb radiation from the red spectrum, but
carotenoids alone absorb radiations in the blue spectrum. He
demonstrated the correlation between the values of the
differences (NIR - Blue) and (NIR - Red) from the radiation
spectrum reflected by the vegetation, on the one hand, and that
between carotenoids and chlorophyll on the other hand, under
conditions of medium and high plant pigmentation concentration:

ܵ= ܫܲܫ

ேூோି௨
ேூோାோா

(2)

Its values alternate between 0 and 2, while the common range for
the healthy green vegetation is comprised within 0.8 and 1.8, the
rule for their interpretation being the following: the higher the
values of the index, the greater the stress on the level of the
canopy. The insensitive term makes reference to its decreased
sensitivity to the variability of the structure of the canopy, reason
for which the term is dedicated for such vegetal forest
associations.
Four types of various vegetation were tested in different
environmental conditions obtaining good correlative results
(Tuominen et al., 2008; Verrelst, 2010; Yang et al., 2017) or
poorer results (Sims and Gamon, 2002; Shah et al., 2019).
In order to obtain the indexes, medium resolution satellite
snapshots were used (30 m) Landsat 8 OLI/TIRS comprised
between
2013
2019,
acquired
from
https://earthexplorer.usgs.gov, while for pixels validation with
forest vegetation, ANCPI orthophotoplans, high resolution
multispectral images were used (Pleiades, 2014, 2016, 2018, 160
cm resolution for Blue, Green, Red and NIR, respectively 40 cm
for panchromatic) acquired from https://spacedata.copernicus.eu,
adding naturally the activity carried out on site.
A Landsat 8 satellite image from the month of August was chosen
for each separate year, as the period 15th of July 31st of August
is considered (in Romania) to be a period with a peak of
physiological activity of the forest and it is also the period when
the stress factors apply a maximum pressure on the trees,
according to the Report on the state of the forests in Romania in
2017, written by the Ministry of Waters and Forests.

Figure 3. Resize data for Landsat 8 OLI, 2019-08-10 (Data
source: https://earthexplorer.usgs.gov)
Data conversion from a DN format (Digital Number) in radiation
values with a scale factor of 0.1 was carried out through
radiometric calibration, which is practically dedicated for the
FLAASH module (Fast Line-of-sight Atmospheric Analysis of
Spectral Hypercubes) of the Envi software.
The Atmospheric Correction implies the transformation of the
radiation values into reflectance values for all the snapshots and
was carried out using the FLAASH module. Before the effective
use to obtain NDVI and SIPI, the derived materials (ToA - Top
of Atmosphere Reflectance) were put through a topographic
correction process in order to decrease the shadowing effect.
All the derived autotype images for NDVI and SIPI were
classified in the first step by using threshold values indicating the
passage from a set of values to another (natural breaks method),
while at the end undergoing a supervised classification process,
which has taken into consideration the real value of the data set
and the relevance of the classes for the proposed procedure,
starting thus from the results of other researches mentioned
hereinbefore.
A general analysis of the NDVI on all the 5 analysed years
(Figures 4 and 5), it may be observed that the values are well
grouped on a deviation comprised between 0.46 and 0.91, which
is absolutely normal, and also validates the correctness of the
processing of satellite snapshots. The average value of NDVI for
each raster oscillates around 0.8, with small differences (from
0.847 to 0.816) which only have statistic relevance.

If qualitatively, they did not comply with the conditions meant to
ensure a thorough pre-processing and processing, they were
eliminated. We consider here the case of the snapshots taken in
2014 and 2016, which could not be used due to their high degree
of nebulosity, thus from the 2013 - 2016 series only the
multispectral data from the years 2013, 2015, 2017, 2018 and
2019 remained.

4. RESULTS AND DISCUSSIONS
The 5 Landsat 8 snapshots were put in the first phase through
standard pre-processing operations: resize data, radiometric
calibration, atmospheric correction and topographic correction.

Figure 4. NDVI 2013
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Class 0.7 - 0.8 (class III in Table 1) is the one which was
considered to be the most important as it may be fully engrafted
on the territory covered by forest, while the value of NDVI is
practically at the lower normal limit for the summer period (see
the results of multiple monitoring carried out for temperate forest
ecosystems by Ryu et al., 2014, Yang et. al., 2017). In
conclusion, the spatial variations may bring sets of information
regarding the behaviour of the forest considering the stress
factors. In other words, it has been wanted to highlight the fact
that the intrinsic change of the values is not so important as the
habitat taken into consideration is a protected one, where no
economic activity which might affect the balance of the forest is
allowed, but the extension or minimisation of the habitats of the
classes and mainly of the class 0.7 - 0.8, which may give clues
regarding the behavioural stress of the studied ecosystem with
implications on the health of the forest.
In table 1, which illustrates forward the way in which the
distribution of NDVI classes in the analysed territory varies, it
may be observed that on the level of class III (0.7 - 0.8) there are
the most extensive/considerable changes, with sudden leaps from
one year to another, but also with an increasing tendency
compared to 2013 (except for the year 2017, with a more than
accentuated decrease and 2018 with an almost stable situation on
a slight decrease). Clearly, the surfaces from 2015 and 2019 stand
out, namely 178 ha and 179 ha, seen in the first instance as
atypical for the row of data. The causes, respectively the factors
which may induce such leaps, shall be dealt with after having
presented the situation for SIPI.
In compensation, there is a decreasing rend of the surface of
class IV (0.8 - 0.85) with a minimum at the level of 2017 and a
slight come-back for 2018 and 2019.
Table 1. Surface distribution of value classes for NDVI
Class
values
for
NDVI
I
II
III
IV
V

Figure 5. NDVI: 2015- 2019
The class which has an established limit of 0.6 (class I in Table
1) corresponds to the surfaces where there is no vegetation or if
there is a little, there is a mixture of pixels representing grassy
and wood vegetation and another type of surface, namely access
ways. Our objective was not to hide this type of pixels or to
extract only those representing forest vegetation, but to test the
behaviour of the indexes for different structure of the ground
surface on an area where they haven’t been used before. At the
level of class 0.6 - 0.7 there if a combination of pixels between
grassy vegetation, bushes and forest vegetation as well as
unpaved roads, partially covered by the canopy. Classes 0.8 0.85 and over 0.85 are specific to the forest ecosystems with a
normal optimum activity.

NDVI
2013
(ha)

NDVI
2015
(ha)

NDVI
2017
(ha)

NDVI
2018
(ha)

NDVI
2019
(ha)

0.45
9.27
52.02
631.17
93.96

2.97
15.66
178.2
464.48
125.55

0.9
5.49
26.73
280.44
473.3

0.27
50.49
462.23
273.86

0.36
2.52
179.19
473.67
131.12

In what the transfer of the values from one pixel to another is
concerned, or in other words, the transfer of forest habitats from
one class value to another, in order to obtain a more detailed
image, the Tabulate Area processes were carried out between the
set of data obtained for 2013 and the one for 2017, the areas being
defined after the extension of the classes from NDVI 2013,
respectively between NDVI 2017 and NDVI 2019, with areas
defined considering the set for 2017 (Tables 2, 3).
Therefore, it is noticeable that at the level of classes I and II ther
is a relative balance, in the sense that a large proportion of the
pixels comprised by these classes in 2013 and 2017 are the same
for 2019 as well, which is absolutely normal if their composition
is taken into consideration.
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Table 2. Tabulate Area between NDVI 2013 and NDVI 2017
NDVI 2019 Classes (ha)

NDVI 2013
Classes

I

II

III

IV

V

I

0.36

0.09

0

0

0

II

0.36

4.32

4.5

0.09

0

III

0.18

1.08

17.55

29.52

3.69

IV

0

0

4.32

243.27

383.58

V

0

0

0.36

7.56

86.04

Table 3. Tabulate Area between NDVI 2017 and NDVI 2019
NDVI 2019 Classes (ha)

NDVI 2017
Classes

I

II

III

IV

V

I

0.09

0

0.63

0.18

0

II

0.27

0.54

4.59

0.09

0

III

0

0.81

14.58

10.26

1.08

IV

0

1.08

79.38

176.4

23.58

V

0

0.09

80.01

286.74

106.47

Considering the 52 ha of class III in 2017, only 11.55 ha were
maintained for 2017, 56% from the initial class migrating
towards class IV, while from the 26.7 ha of 2017, only 54.6 %
have been maintained for 2019, even if this class has a record
surface towards the end of the year.
There are redistributions between classes IV and V regardless of
the years compared, but in fact they are classes close to each other
and have the same positive significance for the health of the
studied forest ecosystem. Class III also takes part in these
transfers of surfaces between classes IV and V, especially
between 2017 and 2019, in the sense of taking over a series of
surfaces.
For SIPI the values oscillate between a minimum of 0.85 and a
maximum of 1.2 during the entire analysed period (Figure 6 and
7), while the average on a raster level stagnates within a range
comprised between 0.92 and 0.97. The interpretation of the
values is reversed considering NDVI, as it has already been
mentioned, but from the same considerations stated for the
analysis of NDVI, the changes for classes III (0.95 - 0.98) and
especially IV (0.98 - 1) are relevant.

Figure 6. SIPI 2013

Figure 7. SIPI: 2015- 2019
At the level of the latter (Table 4), it may be observed that from
2013 to 2017 the surface remained roughly constant, followed by
a rather accentuated fluctuation marked by a sudden drop under
1 ha for 2018 and a spectacular increase with over 170 ha in 2019.
The surface of class III has an almost continuous increase with
the exception of the same 2018 reaching 569 ha in 2019,
becoming thus a predominant class in the studied site. Practically,
the year 2018 has an atypical behaviour in relation to other years,
both on the level of SIPI data as well as on the level of NDVI
data.
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Table 4. Surface distribution of value classes for SIPI
Class
values
for
SIPI
I
II
III
IV
V

SIPI
2013
(ha)

SIPI
2015
(ha)

SIPI
2017
(ha)

SIPI
2018
(ha)

SIPI
2019
(ha)

434.43
192.78
138.33
12.96
8.37

271.74
217.92
261.05
15.56
19.54

12.69
184.95
566.64
11.88
10.71

666.18
80.37
39.33
0.81
0.18

4.5
31.14
569.61
173.16
8.46

there is always one with the role of command, namely the main
one.
The only can record rapid fluctuations from one year to another
or from one month to another are the meteorological ones.
Therefore, we have chosen the precipitations which we
considered to be essential in explaining the problem previously
formulated.

The redistribution of the pixels on the classes’ level was followed
using the same technique and the same years as for the NDVI.

Table 5. Tabulate Area between SIPI 2013 and SIPI 2017

A series of data comprising monthly precipitations (absolute and
average values) was considered for processing, data mainly from
Bihor County Statistical Yearbook, their source being the
National Meteorological Administration. For the years 2018 and
2019 (until October) the data was taken and processed from the
archive of the weather station of Oradea Airport archive
(https://rp5.ru/Arhiva_meteo_%C3%AEn_Oradea_(aeroport).
A first step has taken into consideration the time interval between
2013 and 2019 for the processed satellite snapshots (Figure 8).

SIPI 2017 Classes (ha)

SIPI 2013
Classes

I

II

III

IV

V

I

12.69

177.84

243.36

0.54

0

II

0

7.11

185.4

0.18

0.09

III

0

0

133.56

3.87

0.9

IV

0

0

4.05

5.85

3.06

V

0

0

0.27

1.44

6.66

Table 6. Tabulate Area between SIPI 2017 and SIPI 2019
SIPI 2017
Classes

SIPI 2019 Classes (ha)
I

II

III

IV

V

I

1.62

3.87

7.11

0.09

0

II

2.43

17.1

145.08

20.16

0.18

III

0.45

10.17

413.1

140.67

2.25

IV

0

0

3.24

7.38

1.26

V

0

0

1.08

4.86

4.77

There is an pronounced/marked discrepancy between the
homogeneity of the classes from 2013 and 2017 which arises
from the general picture of the data comprised in Tables 5 and 6
(there is an almost complete transfer between class II and class
III), in contract to the spatial heterogeneity of the values from
2013 and 2019. From the 12.96 ha from class IV in 2013, only
3.24 ha remained in 2019 although for 2019 a record surface was
recorded for the range 0.98 - 1 (173.16 ha). Moreover, it is to be
noticed that for class II (0.94 - 0.95), from the 192.78 ha in 2013,
only 2.43 ha are kept in 2019, the rest of the pixels belonging to
this class having migrated to class III (0.98 - 1).
What are the causes of these sequential fluctuations on a short
time span (7 years), with a tendency to expand their surface of
the classes taken into consideration by the study as an indicator
of the increase of stress for the forest ecosystem taken into
consideration?
The premise considered for this casual-explanatory case is based
on the axiom that most of the time there are more stimuli, but

Figure 8. Monthly precipitations, 2013 - 2019
Their advancement, respectively the simple oscillations from one
month to another cannot even offer partial explanations for the
results brought forward so far for NDVI and SIPI. They offer a
general image, already known, regarding the general decrease of
the quantity of precipitations after June except for 2018. The
precipitations values for July 2018 correlate perfectly with the
increased values of NDVI as well as with the low values of SIPI
for that exact year. This aspect is better highlighted if the amount
of precipitations for July and August for the 2013 and 2019
interval are taken into account (Figure 9).
Furthermore, a data set from the same category considering a 20
year interval (2000 - 2019) were taken into consideration on
which the Standard Precipitation Index was processed.
The Standardized Precipitation Index (SPI) was developed by
McKee et al. (1993) and it is recommended by the WMO (World
Meteorological Organization), through the Lincoln Declaration
(Hayes et al., 2011) in order to highlight the meteorological
drought.
It is practically designed to quantify the precipitation deficit for
multiple time scales, using algorithms, and it also provides
information about the humidity periods.
As SPI is transformed into a normal distribution, the average
value for the analysed data set is considered to be 0, the positive
values show that they are higher than the median while the
negative ones indicate that they are smaller than the median of
the precipitation row (SPI User Guide, 2012).
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result is clearly visible for SIPI and also for NDVI (Figures 5 and
7).

The data set used meets the requirements of a correct processing
of SPI because the SPI User Guide recommends values for the
precipitations for 20 – 30 years, even if McKee et al. (1993)
makes reference to an optimum of approximately 30 years, while
Guttmann (1994) claims that an interval of 50 – 60 years would
be preferable.
The SPI was determined through the aggregation of the data
obtained during 1, 2, 3, and 6 months, options considered to be
relevant for revealing the water deficit in the ground and for
highlighting the meteorological or agricultural drought.

Figure 9. The amount of precipitations for July – August (2013
– 2019)

The values for 1-month SPI and 2-Month SPI were best
correlated to the SIPI data, but we are going to consider the 2month SPI, a sequence of the results being graphically
represented in Figure 10.
Therefore, in 2013 there were 3 months containing positive
deviations (March until May), followed by 4 months with
negative deviations, with a minimum of (- 1.86) in July. Before
the 3 months which contain a positive SPI, 2011 and 2012 almost
entirely contain negative deviations from the median. The
consequence is that, for SIPI, class III is well individualised (0.95
- 0.98), while for NDVI it barely starts to show, but it is observed
how the class above 0.85 appears insularly.
2015 for SPI is a year with negative deviations starting with
February until July. Starting with August there is a straightening
of the values for the following 4 months, but because the satellite
data are from this exact month the effects are no longer visible.
Therefore, class III is extended for SIPI and class IV is better
individualised. The same extension of class III is also observed
for NDVI.
2017 is mainly a year with positive deviations, but for July when
it has been observed a negative deviation. The values for NDVI
straighten but for SIPI they practically reveal an accentuation of
the stress of forest vegetation to the weather factor.

Figure 10. The sequence of the SPI for 2012 – 2019

Why isn’t this meteorological stress felt uniformly at the level of
the forest in Valea Roșie site?
It is possible to find an explanation within the morphologic and
pedological features of the studied territory. In order to exemplify
and prove a point in the same time, a morphometric index was
chosen but which is able to offer clues related to the accumulation
of water in the ground depending on the position on the field and
on the the slope.
The Beven and Kirkby (1979) Topographic Wetness Index
(TWI) has thus been taken into consideration, index obtained in
SAGA based on an elevation model with a 10 m resolution
(Figure 11).

There has been recorded an asymmetric pluviometrical behaviour
for 2018 which is extremely contrasting, in the sense that the
deviations during the first 7 months were positive or close to the
median, while starting from August the deviations were negative
until December. July is also highlighted (with +1.17) as in the
graphic representation of the precipitations. In effective values,
July 2018 means 127.6 mm precipitations. Starting with 2001
until the present, only 2 such levels were recorded in this month,
i.e. once in 2011 and once in 2014. The effect is one where
atypical situations appear, both in SIPI as well as in NDVI
(Figures 5 and 7).
The behaviour for 2019 (until October) is more unbalanced than
2018 considering the repartition of the values. There are 6 months
with positive deviations, where June has a deviation of +3.09, and
July +2.2. August follows with a negative deviation of -1.33. In
practical values, the precipitations for June amounted to 246.4
(an absolute record for the studied time period), followed by July
and August where the precipitations amounted to 38 mm and 25
mm, respectively. Hence, an additional extreme physiological
stress on the vegetation, mainly on the forest vegetation. The

Figure 11. TWI
By comparing class 0.98 - 1 from SIPI 2019, with those classes
indicating the lowest water accumulation potential (2.76 - 5.94
and 5.94 - 7.07), it results that 82.33 % of SIPI class IV overlays
with two inferior TWI classes.
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5. CONCLUSIONS
The following aspect arises from the results related to the
objectives of the study:
-

-

SIPI compared to NDVI is a more sensitive index, in the
sense that it better reflects the physiologic behaviour of the
forest in the analysed habitat;
The recorded values, both for SIPI as well as for NDVI, are
comprised within the normal relative limits for the forest,
namely no proof that we are dealing with an ecosystem in
degradation;
There is a clear increase in stress levels conditioned firstly
from a meteorological point of view, the main main reason
being the values of 2019, especially for SIPI;
It has to be observed in the following years if this
increasing trend of the stress of forest vegetation for the
analysed data in 2013, 2015, 2017 and 2019 will become a
statistical-mathematical tendency.
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