PROCEEDINGS OF THE YEREVAN STATE UNIVERSITY
YUEHBIE 3AIIMCKU EPEBAHCKOI'O 'OCYJAPCTBEHHOI'O YHUBEPCHUTETA
Geology and Geography 59(2), 2025 T'eonocun u zeozpagpusn

Geography
VJIK 630.528.9.502

ANALYSIS OF CHANGES IN FOREST AREAS BASED
ON REMOTE SENSING DATA
(on the example of Syunik Region)

S. G. SARGSYAN *, P. S. EFENDYAN **
Chair of Cartography and Geomorphology, YSU, Armenia

Remote sensing technologies provide an effective means of monitoring forest
ecosystem changes without the need for direct field observations. This study
investigates changes in forested areas of the Syunik Region, focusing on the impacts
of forest fires, illegal logging, and tailings dumps. SENTINEL-2 satellite imagery
was processed and analyzed using the Normalized Burn Ratio (NBR), Normalized
Difference Vegetation Index (NDVI), and Normalized Difference Moisture Index
(NDMI) to detect and quantify vegetation loss and degradation over different time
periods. Comparative analysis of multi-temporal satellite data revealed significant
alterations in forest cover, highlighting the effectiveness of remote sensing methods
for detecting deforestation trends and assessing environmental consequences.
The findings underscore the importance of satellite-based monitoring for
sustainable forest management and conservation efforts.
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Introduction. Forest ecosystems play a critical role in maintaining
biodiversity, regulating carbon cycles, and ensuring soil stability. However, these
ecosystems are increasingly threatened by various environmental and anthropogenic
factors, leading to significant changes in forest cover. In Armenia, and particularly
in the Syunik Region, deforestation is primarily driven by forest fires, illegal logging,
and the expansion of tailings dumps. These processes not only alter the ecological
balance, but also contribute to climate change and biodiversity loss. Advancements
in satellite remote sensing technology provide a powerful tool for monitoring forest
cover dynamics without the need for direct field surveys. Remote sensing techniques
enable the detection of changes in vegetation cover, assessment of damage caused
by wildfires and human activities, and evaluation of moisture levels, all of which are
crucial for sustainable forest management. This research utilizes SENTINEL-2
satellite data, which offers high-resolution multispectral imaging, allowing detailed
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analysis of vegetation health and environmental changes over time. The primary
objective of this study is to analyze and assess forest area changes in the Syunik Region
using remote sensing methods. By employing spectral indices such as the Normalized
Burn Ratio (NBR), Normalized Difference Vegetation Index (NDV1), and Normalized
Difference Moisture Index (NDMI), this research aims to quantify the extent of
forest degradation, identify affected areas, and evaluate environmental conditions.
The findings contribute to the broader understanding of deforestation trends and
highlight the potential of remote sensing for forest conservation efforts in Armenia.

Materials and Methods. This study utilized SENTINEL-2 satellite imagery
to analyze changes in forest areas within the Syunik Region. During the course of
the research, relevant published sources were thoroughly reviewed and utilized,
particularly those focused on the study of forest landscapes within our republic
[1-3]. The satellite data were obtained from the EOSDA LandViewer platform [4]
and processed using ArcMap software. To assess vegetation dynamics and detect
environmental disturbances, several spectral indices were calculated, including.
To obtain the satellite images necessary for our work, we utilized websites offering
satellite imagery of various resolutions, including EOSDA LandViewer [4],
Copernicus Open Access Hub [5], USGS Earth Explorer [6], and NASA Earth
Observing System Data and Information System (EOSDIS) [7].

Normalized Burn Ratio (NBR) — used to identify burned areas by leveraging
the reflectance difference between near-infrared (B8a, NIR) and shortwave infrared
(B12, SWIR) bands.

Normalized Difference Vegetation Index (NDVI) — measures vegetation
health by comparing near-infrared (B8, NIR) and red (B4) reflectance values,
providing insights into vegetation vigor and density.

Normalized Difference Moisture Index (NDMI) — assesses changes in
vegetation moisture content using near-infrared (B8, NIR) and shortwave infrared
(B11, SWIR) bands, helping to monitor drought conditions and forest stress.

Additionally, multi-temporal analysis was conducted by comparing satellite
images taken at different time intervals. This approach enabled the detection of
deforestation trends, evaluation of forest loss due to fires or human activities, and
assessment of moisture variations affecting vegetation health.

Results and Discussion.

Main Research. The main objective of this research is to detect and analyze
changes in forested areas in the Syunik Region using remote sensing data. The study
utilizes multispectral satellite imagery and vegetation indices to assess the impact of
forest fires, illegal logging, and industrial activities on forest cover.

General Characteristics of Remote Sensing. Remote sensing is the process of
detecting and monitoring the physical characteristics of an area without direct
contact. This is primarily achieved using sensors mounted on satellites, aircraft, or
unmanned aerial vehicles. These sensors capture data over vast geographic areas,
providing insights that are not possible through ground-based observations alone [8].

Remote sensing sensors can be classified into two main types based on their
energy source and method of data acquisition.

Active Sensors. These sensors have their own energy source, typically a radar
or laser, which emits signals toward the Earth’s surface and measures the reflected
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energy. Because they generate their own illumination, active sensors can capture
data at any time of the day or night, regardless of weather conditions. Examples
include synthetic aperture radar (SAR) and LiDAR (Light Detection and Ranging).

Passive Sensors. Unlike active sensors, passive sensors do not have their own
energy source and rely on external illumination primarily solar radiation to capture
data. They detect and measure sunlight that is reflected or emitted by objects on the
Earth's surface. Since passive sensors depend on sunlight, they can only operate
during daytime hours and are affected by cloud cover and atmospheric conditions.
Examples include optical and infrared sensors such as those onboard SENTINEL-2
and Landsat satellites [9].

The science of remote sensing is based on the theory of electromagnetic
radiation. Electromagnetic radiation is a beam of radiation, where the rays are
distinguished by their wavelength. The wavelengths of electromagnetic radiation
range from nanometers to meters. The spectrum of electromagnetic radiation is
divided into the following main parts [10].

1. Ultrashort waves — we do not use these waves in remote sensing.

2. Visible radiation waves. It includes the spectrum of electromagnetic
radiation visible to the human eye, which is the spectrum of waves with a length of
0.36 nm to 0.79 nm.

3. Near-infrared waves — cover the range from 0.79 nmto 1 nm.

4. Thermal or infrared — covers the range from 1 nm to 12 nm.

5. Radio waves — covers from 12 nmto 1 m.

In the science of remote sensing, the visible range is divided into 3 parts:
Blue range rays 0.36-0.45 nm; Green range rays 0.45-0.56 nm; Red range rays
0.56-0.79 nm.

SENTINEL-2 satellite band characteristics [12]

SENTINEL-2 Bands Central Wavelenghth, nm Resolution
Band 1 — Coastal aerosol 0.443 60
Band 2 — Blue 0.490 10
Band 3 — Green 0.560 10
Band 4 — Red 0.665 10
Band 5 — Vegetation Red Edge 0.705 20
Band 6 — Vegetation Red Edge 0.740 20
Band 7 — Vegetation Red Edge 0.783 20
Band 8 — NIR 0.842 10
Band 8a — Vegetation Red Edge 0.865 20
Band 9 — Water vapour 0.945 60
Band 10 — SWIR -Cirrus 1.375 60
Band 11 - SWIR 1.610 20
Band 12 — SWIR 2.190 20

The survey in the three mentioned ranges is called multispectral. The basis of
multispectral survey is the physicochemical properties of objects on the earth’s
surface. Moreover, different objects can absorb and reflect different amounts of rays.
Multispectral survey is carried out with separate spectra of light or rays, using special
filters, and for each range, separate images of the same area of the earth’s surface are
obtained. The images obtained from multispectral acquisition are subjected to
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decoding, which allows both visible and invisible phenomena to be decoded and
mapped [10]. One of the satellites equipped with a multispectral sensor is the
SENTINEL-2 satellite, which was launched into space on June 23, 2015 [11].
The satellite sensor provides 13 spectral bands (see Table).

Since decades, remote sensing (RS) has been used to map forest change and
quantify the corresponding climatic effects. The spatial and temporal characteristics
of land cover change map are measured easily by using remote sensors. Satellite RS
is viable means to, map, assess, and monitor forest cover at a range of spatial and
temporal scales. However, remote sensors offer a quick, and low cost way to map
and to monitor deforestation, logging, and other disturbances [13].

As in all forest ecosystems of the Republic of Armenia, the main factors of
forest change in Syunik Region are: fires, illegal logging.

Fires as a Factor of Change in Forested Areas. Forest fires are the
spontaneous spread of fire in the forest, as a result of which the forest is completely
or partially destroyed. They reach large sizes in dense and especially coniferous
forests. They occur naturally (from lightning, spontaneous combustion of peat) and
due to human carelessness (from cigarettes or glass, which acts as a lens). World
statistics show that 97% of fires occur solely due to human fault. The fire hazard of
forests is due to a significant lack of precipitation, which increases air temperature
and reduces relative humidity [14].

To detect areas burned by RS methods, we calculated the NBR index in
ArcMap, for which EOSDA LandViewer was created by EOS Data Analytics
(EOSDA), a trusted global provider of satellite image analysis. It presents a catalog
of satellite images obtained from multiple data sources, such as SENTINEL-2,
LANDSAT-8 OIL+TIRS, LANDSAT-7, LANDSAT-4-5 MSS, CBERS-4 MUX,
NAIP. Download the images of the Sentinel-2 satellite: B8a NIR (near infrared) and
B12 SWIR (wide-wave infrared). Where we present the Lehvaz-Vardanidzor section
of Syunik Region as of 10.08.2019, when there was no fire in that section yet
(Fig. 1). Fig. 2 shows the same section as of 12.08.2019, the image is already the
burned section after the fire.

Fig. 1. Lehvaz-Vardanidzor before the fire on Fig. 2. Lehvaz-Vardanidzor after the 12.08.2019.
fire on 10.08.2019.
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Normalized NBR for Burned Area Detection. The NBR is a widely used RS
index designed to detect and assess burned areas in large fire zones. It utilizes
the reflectance properties of vegetation and burned surfaces in two key spectral
bands [15].

The NBR index is calculated using the following formula [15]:

NBR =NIR-SWIR/NIR + SWIR, NBR =B8a—B12/B8a+ B12,

where Near-Infrared (NIR) — Band 8a, Shortwave Infrared (SWIR) — Band 12.

Interpretation of NBR Values. Healthy vegetation exhibits high reflectance in
the NIR band (B8a) and low reflectance in the SWIR band (B12). Burned areas
exhibit the opposite behavior: they show low reflectance in the NIR band and high
reflectance in the SWIR band. A high NBR value indicates dense and healthy
vegetation [15]. A low NBR value corresponds to burned areas, bare soil, or areas
with minimal vegetation cover.

Visual Representation. Fig. 3 illustrates the application of the NBR index in
detecting burned areas. Areas with high NBR values appear in shades representing
healthy vegetation, while areas with low NBR values correspond to fire-affected
zones and bare soil [4, 15].
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Fig. 3. NBR raster map.

-

Deforestation and Tailings Dumps as a Factor in Changing Forested Areas.
The denudation of forest lands due to illegal logging is widespread in Syunik Region
(Fig. 4). lllegal logging is mainly due to various socio-economic reasons and high
demand for timber. Unsystematic deforestation still exceeds the volume of legal
logging of natural timber. This is facilitated by the availability of timber, the
difficulty of accessing energy resources, the needs of socially vulnerable groups of
the population, and their low solvency. Based on the calculations conducted in
ArcGIS, the burned area is approximately 24 ha.

To detect deforested areas, we again used the EOSDA LandViewer website,
using images from the SENTINEL-2 satellite [4]. Presenting changes from June 18,
2019 and June 17, 2020 using the example of the Goris forestry area (Fig. 1).
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Atmospherically Resistant Vegetation Index (ARVI) — this index is an
improved NDVI, used to correct the influence of the atmosphere. It is most useful in
regions with a high content of atmospheric aerosol, including tropical areas polluted
with soot. Users use in conjunction with NDVI [4].

b

Fig. 4. Satellite image before deforestation 18.06.2019; Atmospherically Resistant Vegetation Index (a).
The same area after deforestation 17.06.2020; Atmospherically Resistant Vegetation Index (b).

Calculations conducted within the ArcGIS system indicate that the deforested
area covers approximately 7 ha in total.

In this research, we also examined tailings dams as a factor contributing to
changes in forested areas. During the study, it became evident that a significant
reduction in forest areas in the Syunik Region has occurred as a result of the
expansion of tailings dams. Using the example of the Artsvanik tailings dam, we
conducted a comparative study to track its growth over the years and the associated
loss of forested land. We carried out the analysis of the Artsvanik tailings dam using
Google Earth Pro [16]. From this platform, we extracted the area occupied by the
tailings dam in 2004 (Fig. 5, a) and compared it with the area occupied in 2022
(Fig. 5, b). The results of this comparison revealed the following trends.
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Fig. 5. Artsvanik tailings dam in 2004 (a); Artsvanik tailings dam in 2022 (b).

We then made a comparison to more clearly see the increase in tailings area
and the decrease in forest area (Fig. 6).

Fig. 6. Overlay of 2004 and 2022 images.

As can be seen from Fig. 6, the boundaries of the tailings dam and forests have
changed significantly between 2004 and 2022. As a result of the tailings dam expan-
sion, a total of 245 ha of land cover, including forested areas, have been reduced.

In this study, we also conducted the separation of pure forest areas within the
Sisian Forestry Enterprise area. To do this, we calculated the Normalized Difference
Vegetation Index (NDVI). Satellite images were obtained from the SENTINEL-2
satellite via the EOSDA LandViewer platform [4]. We downloaded images corres-
ponding to the red, green, and blue bands (B04, B03, B02, respectively) from the
visible spectrum of light (Fig. 7, a), for the period of July—August 2022. We then
selected the images, where cloud coverage was either absent or insignificant,
ensuring it did not interfere with the study area (Fig. 7, b). We specifically chose the
months of July—August, because these are the driest months in the Republic of
Armenia, when grass cover is mostly dry. This allows the NDVI calculation to
clearly differentiate shrub vegetation, which appears dark green. If the same analysis
were conducted in May, it would have been nearly impossible to separate forest areas
effectively using NDVI. May is the wettest month in Armenia due to the influence
of Western weather systems, making the index less suitable for distinguishing forests.
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Fig. 7. Visible range (RGB) image (a); NDVI raster map (b).

NDVI is calculated using the following formula:
NDVI = (NIR-R)/(NIR + R).

The calculation is based on the density of chlorophyll in the leaves of the plant.
Near-infrared rays are reflected by the chlorophyll grains in the plant leaves, while
red rays are absorbed by the leaf surface [17].

The NDVI values range from —1 to +1: in the range -1 to O, vegetation is
completely absent; in the range 0 to 1, the more lush the vegetation, the higher the
NDVI value [4].

We then determined and created a raster map of the Normalized Difference
Moisture Index (NDMI) in ArcMap using data from the EOSDA LandViewer website
[4] (Fig. 8). NDMI utilizes the NIR and SWIR spectral ranges to indicate moisture
content. SWIR waves reflect the water content in vegetation, while NIR waves
reflect the dry matter content in the internal structure of the leaf. NDMI is commonly
used to monitor changes in water content in leaves and assess water stress in plants.

The index is calculated using the following formula [4, 18]:

NDMI = (B8 — B11) / (B8 + B11)
or
NDMI = (NIR — SWIR) / (NIR + SWIR).

Negative NDMI values correspond to water stress or areas with a soil layer
devoid of vegetation. Values above 0 indicate that the higher the water content, the
higher the NDMI value. NDMI is also employed for monitoring changes in water
content over time.

In addition, NDMI is similar to the Normalized Difference Water Index
(NDWI), which is calculated using the following formula:

NDWI = (B3 -B11) /(B3 + B11)
or
NDW!I = (Green — NIR) / (Green + NIR).

NDWI is determined using a combination of the green and NIR bands in the
visible range, enabling the detection of subtle changes in water content in water
bodies. It also allows the differentiation of water bodies from soil and vegetation [18].
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Values greater than 0.5 typically correspond to water bodies. Vegetation
generally corresponds to smaller values, while built-up areas have values up to 0.2.
NDWI is widely used in monitoring and studies of water bodies [18].
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Fig. 8. NDMI raster map.

Discussion. The study confirmed that RS methods, particularly those utilizing
multispectral images from the SENTINEL-2 satellite, are highly effective in
monitoring and assessing changes in forested areas. These methods enabled the
detection not only of changes in the forest cover, but also the identification of the
factors driving these changes. The NBR index proved especially effective in clearly
identifying areas affected by fires. By comparing pre-fire and post-fire images, the
index allowed for the distinction of burned areas from healthy vegetation.
Additionally, the NDVI was instrumental in revealing trends related to vegetation
loss, while the NDMI provided valuable insights into changes in moisture levels
across different periods. The study also highlighted the significant impact of
industrial activities, particularly the expansion of Artsvanik tailings dam, on forested
areas in the region. The results showed that the increasing size of the tailings dam
has led to a notable reduction in forest cover, with serious ecological consequences
for the surrounding environment. This underscores the importance of monitoring the
interaction between industrial activities and natural ecosystems to inform
conservation efforts.

Conclusion. The results of this study demonstrate that remote sensing
methods enable effective and continuous monitoring of both natural and
anthropogenic factors influencing forest ecosystems. The analysis of forested areas
in the Syunik Region confirmed that the combined use of various remote sensing
indices facilitates the identification and characterization of changes caused by forest
fires, illegal logging, pest infestations, and industrial activities. The study’s findings
highlight several key environmental concerns. First, analysis using the NBR index
revealed that forest fires in the Syunik Region have significantly impacted vegetation,
emphasizing the urgent need for restoration and replanting efforts to prevent soil
erosion and long-term ecosystem degradation. Second, instances of illegal logging,
particularly in the Goris and Kapan Forestry Regions, underscore the necessity of
strengthening forest protection measures through enhanced monitoring systems and
the integration of satellite data into forest management programs. Third, changes in
vegetation moisture levels, as assessed using the NDMI, provide valuable insights
into water availability and ecosystem health. Finally, a comparative analysis of
satellite images confirmed that industrial activities, particularly the expansion of the
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Artsvanik tailings dam, contribute to forest loss and degradation. These findings
highlight the need to incorporate forest resource protection into industrial planning
and to adopt comprehensive strategies to mitigate ecological risks. Overall, this study
underscores the effectiveness of remote sensing as a tool for environmental
monitoring and resource management. Future research should focus on refining
these methods and integrating them into broader conservation and policy
frameworks to enhance sustainable forest management.
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U. @. UUrqQusus, M. U. Ed6L 18U

dusSununus surdoLvern oNeNuNkE8NFLLE D
J6LLOPONFE3NFLL <GAUDLLUUL SI3ULLE R <hUUL JdMU

(Ujnibihph dwipgh ophtwulny)
Wdthnthnid

<tnwgqblnidp (RS) htwpwynpnipinil E wmuhu wbmwnwyhtt Ejnhudw-
Jupgtinh thnthnpunieynibtitiph Untihpnphiig hpujuitwg il winwtg $hghuijui
dhowdnmipjuit: Unyl hbmwgnumipgub jppwbwljdipnd  niunmibwuhpyy
Lt Unibhph dwpgh winwnuyuwm mwpudpbbtph  thnthnpunipynibiitipp,
npniip wuydwbwynpyuwd G winmwnuyhtt hpnthittipny, wyonphth wnwnui-
hunmmdbtpny b ynswdpwpbtiph wgntignipyudp: Uywlgty b ybipnidyty Ga
SENTINEL-2 wppulyuluyhtt wjuyitipp” oguugnpdtyny NBR (Normalized
Burn Ratio), NDVI (Normalized Difference Vegetation Index), NDMI (Normalized
Difference Moisture Index) himtipulitipp, htwwtu b hpuwuwbwgnly mwpptin
dudwbwy-tbipnd wpywd wppulyuuyhtt. yunmytinitinh - hundtidwnnd:
Wpynibplitipp gnyg th wmyly, np hinwqbtidiwd dhpnnitipt wippnibwytn G
whmwnuwht mwpwopbtiph thnthnpunignibbtph pugwhwymiwb b npubg
htimbtwbpttinh gbwhwniwd hundwp:

C.T. CAPI'CiH, I1. C. O®EH/ISIH

AHAJIN3 U3MEHEHHI B JIECHBIX MACCHMBAX HA OCHOBE
TAHHBIX JTUCTAHIIMOHHOT'O 30HUPOBAHMSI
(na npumepe CIOHUKCKOI 00J1aCTH)

Summary

TexHOIOornu AMCTAaHUMOHHOTO 30HAUPOBaHUs 00ecneunBaroT 3¢ (HEeKTUBHBIHI
Croco0 MOHHMTOPHMHIA W3MEHEHHI B JIECHBIX DKOCHCTEMaX 0€3 HeOoOXOIUMOCTH
HETOCPEACTBEHHBIX MOJIEBbIX HaOMOAeHUH. B naHHOM HccieoBaHNH H3ydaloTCs
WU3MEHEHUs B JIECHBIX MaccuBax CIOHMKCKOIO palloHa ¢ aKIIEHTOM Ha BO3/IEHCTBHUE
JIECHBIX TIOaPOB, HE3AKOHHBIX PyOOK M XBOCTOXpaHWIHUIN. CITyTHUKOBBIE CHUMKH
SENTINEL-2 6butn 06paboTanbl ¥ POAHAIN3UPOBAHEI C HCIIOJIb30BAHUEM HOPMU-
poBaHHOrO K03 Punmenta ropumoctd (NBR), HOpMupoBaHHOTO HHAEKCA pa3HUIIBI
pactutensHocTd (NDVI) 1 HOpMupoBaHHOTO HHAEKCA pazHULBI BiaxkHoctu (NDMI)
JUTst OOHAPYKEHUST U KOJTMYECTBEHHOM OIIEHKU TIOTEPh U JIETpajiallii PaCTUTENLHO-
CTH 3a pa3IM4HbIE NepHobl BpeMeHH. CpaBHUTEIbHBIA aHAIN3 PAa3HOBPEMEHHBIX
CIIyTHUKOBBIX JTAHHBIX BBISBHJI 3HAUYUTEIIbHBIE U3MEHEHMSI B JIECHOM TIOKPOBE, YTO
MOYEPKUBACT IPPEKTHBHOCTE METOJIOB JAMCTAHIIMOHHOTO 30HJAWPOBAHHS JUIS
BBISIBIICHUSI TEHACHIUN O0€37IeCeHNs] M OLEHKH HKOJOTHYECKHX IOCIEICTBHUH.
Ilony4eHHbIe faHHBIE MOAYEPKUBAOT BAXKHOCTH CITyTHUKOBOI'O MOHHUTOPHWHIA IS
YCTOMUYMBOIO YIIPABJICHUS JIECAMHU U UX COXPAHEHUSL.



