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Article 
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Grigor Ayvazyan *, Vahagn Muradyan, Andrey Medvedev, Anahit Khlghatyan and Shushanik 
Asmaryan 

Center for Ecological - Noosphere Studies NAS RA, GIS & Remote Sensing Department, Abovyan Str. 68, 
Yerevan, 0025, Armenia 
* Correspondence: Correspondence: grigor.ayvazyan@cens.am; Tel.: (+37498511564) 

Abstract: Remote sensing (RS) is a compulsory component in studying and monitoring ecosystems suffering 
from the disruption of natural balance, productivity, and degradation. Current study attempted to assess the 
feasibility of multisource RS for assessing and monitoring mountainous natural grasslands in Armenia. Series 
of the different spatial resolution RS data (Landsat 8, Sentinel 2, Planet Scope, and multispectral UAV data) 
were used to obtain various vegetation spectral indices: NDVI, NDWI, GNDVI, GLI, EVI, DVI, SAVI, MSAVI, 
and GSAVI, and the relationship among the indices were assessed via Spearman correlation method, which 
shows a significant positive correlation for all cases (p < 0.01). A comparison of all indices shows a significant 
high correlation between UAV and the PlanetScope imagery. The comparison of UAV, Sentinel and Landsat 
data show moderate and low significant correlation (p < 0.01) correspondingly. Also, trend analysis was 
performed to explore their spatial-temporal changes using Mann-Kendall statistical tests (MK, MKKH, MKKY, 
PW, TFPW), which indicated no significant trend. However, Sen’s slope as second estimator shows decreasing 
trend. Though the best result received for PlanetScope and Sentinel 2, Sentinel-2 data seem to have better 
alignment making it a reliable tool for an accurate monitoring of small mountainous grasslands in Armenia. 

Keywords: Multisource remote sensing; mountainous grasslands; UAV data; trend analysis; short-
term data sets; vegetation indices; Armenia 
 

1. Introduction 

The Natural grasslands are one of the most important terrestrial ecosystems on earth, covering 
more than 40% of the land area [1], 70% of the world’s agricultural area [2,3] , and providing 30% of 
the terrestrial biomass [1,4,5]. Grasslands are the main source of livestock feed and solve several 
human food security problems [6,7], especially in mountainous and crop-poor regions [8–12] . In 
addition, they also carry out important ecological functions that contribute to the protection of the 
environment, such as strengthening the soil layer, water and carbon accumulation [1] regulating the 
circulation of vital elements, water, and nitrogen in nature [7,13,14]. However, nowadays like other 
environmental ecosystems, natural grasslands are also under the threat of degradation and 
desertification triggered by many natural and anthropogenic factors [15–19]. All these lead to a 
significant decrease in productivity and disruption of grassland’s ecosystem functions, which creates 
serious challenges for grassland management and sustainable development[14,20–22]. Therefore, 
studying and timely and accurate monitoring of changes in the state of grasslands [23–25] 
(https://www.fao.org/home/en) have a great economic and environmental importance [15]. The 
mountainous natural grasslands of Armenia have not been spared from this threat, because of the 
mismanagement of grasslands, overgrazing, and natural factors (erosion, landslide, mudslide), 
which are even more acute and strongly expressed in the mountainous areas [26]. 

There are two main methods for the grassland monitoring and study: traditional (field) and 
remote sensing. Traditional methods include biomass harvesting, eddy covariance tower 
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measurements, and phenocams [27], and are the most reliable and accurate methods of obtaining 
information on the condition of grasslands. However, they are time-consuming and labor-intensive, 
effective at a local scale. However, for large-scale research, they have severe limitations in both spatial 
and temporal scales[28,29]. In contrast to traditional measurements, satellite and aerial remote 
sensing has an overall advantage of convenience, efficiency, and cost-effectiveness[1]. Moreover, in 
the last 20 years, the role of remote sensing technologies in the study and monitoring of grasslands 
has greatly increased [3] which have the potential for rapid and automated measurements to quantify 
both structural and biochemical properties of vegetation [25,30,31].  

Satellite remote sensing such as LANDSAT, MODIS, SENTINEL, Planet Scope etc, has a primary 
role in the field of grassland monitoring, and time series analysis. However, they have limitations 
related to low spatial and temporal resolution [32], and external influences such us cloud cover, 
shadows, position, and angle of incidence of the solar radiation [1]. It can be complemented mostly 
by aerial images such as UAV data, likewise validating the result derived from the satellite images 
[33,34]. 

The dynamic growth in the use of unmanned aerial vehicles (UAVs) over the last decade, 
supported by a large number of scientific articles, proves the viability of these devices for monitoring 
and assessing pasture biomass condition and measuring biophysical parameters [35] and the 
validation of the satellite data [33]. These devices are flexible, simple and affordable, and most 
importantly, they allow high spatial and temporal resolution data related to the state of grassland 
biomass and spatial distribution as needed [20,25,36]․ However, these also have several limitations, 
such as covering relatively small areas, climatic conditions, sometimes financial inaccessibility, etc․ 
Vegetation spectral indices are principal for remote sensing data analysis, in particular for the 
quantitative and qualitative assessment of vegetation cover, monitoring terrestrial ecosystems, 
studying vegetation dynamics, and identifying environmental stresses [37,38]. In many studies, 
vegetation indices based on optical sensors serve as proxies to examine the spatial and temporal 
patterns of grassland productivity [39–45]. 

Remote sensing is not actively used enough when studying and monitoring mountain natural 
grasslands in Armenia. Some studies on inventory of grasslands via visual image processing and 
mapping were performed within the framework of the CARMAC project funded by World Bank [46]. 
Afterwards, Tepanosyan et al. developed and evaluated a method of assessing the degradation of 
grasslands based on spectral analysis of high-resolution Quick Bird imagery [47]. Also, some 
attempts on multidecadal trend analysis of Armenian grasslands for some study areas in the context 
of climate change were implemented as well [26,48]. All these studies were performed using single-
source data and there is no any approach to compare the data obtained from different remote sensing 
sources with different spatial and temporal resolutions: satellite sensors and drones, which will make 
them possible for more detailed and efficient studies of these areas and which is more credible and 
reliable than single-source data [49–51]. 

Hence, we aimed to assess the feasibility of multisource remote sensing for (i) productivity 
analysis of the mountainous natural grasslands in Armenia and (ii) exploring the spatiotemporal 
changes via trend analysis of the biomass of these grasslands. For this purpose, research questions 
are set up as follow: 
1. A spatial correlation analysis of the space - and UAV-born spectral vegetation indices best 

reflecting the state of the biomass of grasslands.  
2. A trend analysis of grasslands biomass based on remote sensing data. 

2. Materials and Methods 

2.1. Study Area 

The study area is represented by grasslands covering 243 ha of the rural community Nerkin 
Sasnashen, allocated in the Aragatsotn administrative district (marz) of Armenia. The entire rural 
community is allocated on the southwestern slope of the Aragats volcanic shield (40°21′23″N 
43°59′31″E), extending from north to south [46]. The landscape is represented by mountain-meadow-
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steppe (2200-2600m) and subalpine highland (2400-2800m) [46,52]. Atmospheric precipitation in July-
August ranges 25–150 mm, and the average air temperature in July ranges 10-22°C. Snow cover lasts 
from November to May [52]. 

 

Figure 1. Mountain grasslands of the Nerkin Sasnashen. 

2.2. Remote Sensing Data 

2.2.1. Satellite Data 

Time series of Planet Scope, Sentinel-2, and Landsat 8 satellites (Table…) captured in the period 
from May to July 2018-2023 were used as input data. We used images from Planet Scope with surface 
reflectance, obtained from the standard Planet Analytic Product (Radiance), and processed to top-of-
atmosphere (TOA) reflectance and then atmospherically corrected to surface reflectance 
(https://assets.planet.com/docs/Planet_Combined_Imagery_Product_Specs_letter_screen.pdf). 

Images from Sentinel-2 Level 2A were atmospherically corrected and with surface reflectance 
(https://sentinel.esa.int/documents/247904/685211/Sentinel-2_User_Handbook).  

Landsat 8 OLI images were Level-2 data products, atmospherically corrected by the Landsat 
Surface Reflectance Code (LaSRC) method (https://www.usgs.gov/landsat-missions/landsat-
collection-2-surface-reflectance).  

Both Sentinel-2 and Landsat 8 OLI data were derived from the Google Earth Engine (GEE) 
platform using a JavaScript application programming interface (API) [26]. The scenes with more than 
30% cloud cover were excluded.  

For further comparison of the data (Planet Scope, Sentinel-2, Landsat 8, and DJI Phantom 4 
Multispectral UAV), satellite images were captured close to 29 June 2023, when a UAV survey was 
conducted. 

Table 1. The Technichal charachteristics of applied RS Space sources. 

Satel
lite 

Band 
Name 

Wavele
ngth 
(nm) 

Spatia
l 

Resol
ution 
(m) 

Citation 
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Plan

et 
Scop

e 

Band 1 - 
Coastal 

Blue 

431 - 
452 3 

(https://assets.planet.com/docs/Planet_Combined_Imager
y_Product_Specs_letter_screen.pdf) 

Band 2 - 
Blue 

465 - 
515 3 

Band 3 - 
Green 

513 - 
549 3 

Band 4 - 
Green 

547 - 
583 3 

Band 5 - 
Yellow 

600 - 
620 3 

Band 6 - 
Red 

650 - 
745 3 

Band 7 - 
Red Edge 

780 - 
680 3 

Band 8 - 
Near 

Infrared 

845 - 
885 3 

 
 

Sent
inel 

2 
L2A 

Band 1 - 
Coastal/
Aerosol 

433 - 
453 60 

(https://sentinel.esa.int/documents/247904/685211/Sentine
l-2_User_Handbook) 

Band 2 - 
Blue 

458 - 
523 10 

Band 3 - 
Green 

542 - 
578 10 

Band 4 - 
Red 

650 - 
680 10 

Band 5 - 
Red Edge 

1 

698 - 
713 20 

Band 6 - 
Red Edge 

2 

733 - 
748 20 

Band 7 - 
Red Edge 

3 

773 - 
793 20 

Band 8 - 
Near 

Infrared 
(NIR) 

784 - 
875 10 

Band 8A 
- Near 

Infrared 
(NIR 

Narrow) 

865 - 
885 20 

Band 9 - 
Water 
Vapor 

935 - 
955 60 

Band 10 - 
SWIR - 
Cirrus 

1373 - 
1390 60 

Band 11 - 
SWIR 1 

1565 - 
1655 20 
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Band 12 - 
SWIR 2 

2100 - 
2280 20 

Land
sat 8 
OLI 

Band 1 - 
Coastal/
Aerosol 

433 - 
453 30 

(https://www.usgs.gov/landsat-missions/landsat-
collection-2-surface-reflectance) 

Band 2 - 
Blue 

450 - 
515 30 

Band 3 - 
Green 

525 - 
600 30 

Band 4 - 
Red 

630 - 
680 30 

Band 5 - 
Near 

Infrared 
(NIR) 

845 - 
885 30 

Band 6 - 
Shortwav
e Infrared 
1 (SWIR 

1) 

1560 - 
1660 30 

Band 7 - 
Shortwav
e Infrared 
2 (SWIR 

2) 

2100 - 
2300 30 

Band 8 - 
Panchro

matic 

500 - 
680 15 

Band 9 - 
Cirrus 

1360 - 
1390 30 

Band 10 - 
Thermal 

Infrared 1 
(TIRS 1) 

10600 - 
11190 100 

Band 11 - 
Thermal 

Infrared 2 
(TIRS 2) 

11500 - 
12510 100 

2.2.2. UAV Data 

Remote sensing data collection involved ultra-high resolution UAV data captured via a DJI 
Phantom 4 Multispectral UAV from an altitude of 150 meters with base RTK-station. The P4 
Multispectral (Table 2) consolidates the process of capturing data that provides insight into crop 
health and vegetation management. A spectral sunlight sensor catches solar irradiance, ensuring to 
maximize the accuracy and consistency of data collection. When combined with post-processed data, 
this information helps obtain the most accurate calculation of the vegetation indices (VI) 
(https://www.dji.com/global/p4-multispectral). The camera and images calibration were carried out 
during processing in Agisoft Metashape. 

Table 2. The technical characteristics of UAV (P4-multispectral). 

Specification Description 

Sensor Type Complementary Metal Oxide Semiconductor 
(COMS) 
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Number of Cameras 6 
Spatial resolution (Multispectral) Ground Sampling Distance (DGS) – 4cm(nadir) 

Bands RGB (combined from natural color), 
Multispectral (5 Bands) 

Wavelength (by Bands) 

1. Blue (approx. 450 nm) 2. Green (approx. 560 
nm) 3. Red (approx. 650 nm) 4. Near Infrared 
(NIR) (approx. 700 nm) 5. Red Edge (approx. 

740 nm) 

2.3. Methods 

2.3.1. Spectral Vegetation Indices 

Remote sensing of natural grasslands and measuring their productivity primarily relies on 
vegetation indices. Vegetation spectral indices are a basic method for remote sensing data analysis. 
In this study, the following vegetation indices: NDVI, NDWI, GNDVI, GLI, EVI, DVI, SAVI, MSAVI, 
and GSAVI were used (Table 3). 

Table 3. Applied spectral vegetation indices. 

The most commonly used index to assess grassland vegetation and the state of biomass, and 
grass growth rates, is the Normalized Difference Vegetation Index (NDVI) presented by Rouse et al. 
(1974) [53,61] NDVI and the Enhanced Vegetation Index (EVI) have been widely used due to their 

Index Index name Formula Citation 

NDVI 
Normalized 

Difference 

Vegetation Index 

𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
 [53] 

NDWI 
Normalized 

Difference Water 

Index 

𝐺𝑟𝑒𝑒𝑛 − 𝑁𝐼𝑅

𝐺𝑟𝑒𝑒𝑛 + 𝑁𝐼𝑅
 [54] 

GNDVI 
Green Normalized 

Difference 

Vegetation Index 

NIR − Green
𝑁𝐼𝑅 + 𝐺𝑟𝑒𝑒𝑛

 [55] 

GLI Green Leaf Index 
2 ∗ Green − Red − Blue
2 ∗ Green + Red + Blue

 [56] 

EVI 
Enhanced 

Vegetation Index 
−2.5 ∗ (NIR − Red)

𝑁𝐼𝑅 + 6 ∗ 𝑅𝑒𝑑 − 7.5 ∗ 𝐵𝑙𝑢𝑒 + 1 [57] 

DVI 
Difference 

Vegetation Index 
𝑁𝐼𝑅 − 𝑅𝑒𝑑 [58] 

SAVI 
Soil Adjusted 

Vegetation Index 
1.5 ∗ (𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑 + 0.5)
 [59] 

GSAVI 
Green Soil 

Adjusted 

Vegetation Index 

1.5 ∗ (𝑁𝐼𝑅 − 𝐺𝑟𝑒𝑒𝑛)

𝑁𝐼𝑅 + 𝐺𝑟𝑒𝑒𝑛 + 0.5  [60] 

MSAVI 
Modified Soil 

Adjusted 

Vegetation Index 

2 ∗ NIR + 1 −  ඥ(2 ∗ 𝑁𝐼𝑅 + 1)2 − 8 ∗ (NIR − Red)

2
 [60] 
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strong correlation with plant growth status and spatial distribution density [57,62,63]. Huete et al. 
[64] demonstrated the high sensitivity of NDVI and EVI to the spatio-temporal variation of 
vegetation, land cover, and biophysical parameters. However, the applicability of NDVI can be 
limited [1] in sparse vegetation state due to significant soil background effects on green aboveground 
biomass estimation [65,66]. To address this limitation, Huete [59] proposed the Soil Adjusted 
Vegetation Index (SAVI), which incorporates a correction factor to minimize soil background effects 
[67]. Modified and improved versions of SAVI, such as the Modified Soil Adjusted Vegetation Index 
(MSAVI) and the Green Soil Adjusted Vegetation Index (GSAVI), have been developed to further 
reduce noise and soil background effects that affect NDVI [60,67,68]. In this context, the Difference 
Vegetation Index (DVI) is also noteworthy, as it separates vegetation from soil but does not account 
for atmospheric conditions and shadow presence [58]. The Green Leaf Index (GLI) is more accurate 
for distinguishing vegetation from the background and is also used for identifying single plant 
vegetation against different backgrounds [56]. Gitelson et al. [55] analyzed the sensitivity of visible 
reflectance to chlorophyll, noting that the green wavelength is more sensitive to chlorophyll than the 
red wavelength (used in NDVI), leading to the formation of the Green Normalized Difference 
Vegetation Index (GNDVI). This index achieved sufficient accuracy using the green channel to 
estimate vegetation cover. Considering that plant water content is also crucial for vegetation health, 
the Normalized Difference Water Index (NDWI) was calculated for the study area to evaluate the 
water content of the vegetation cover [54], as it is sensitive to changes in plant water content [69]. 

2.3.2. Spatial Correlation 

To compare the effectiveness of RS data obtained from the different sources, images were 
collected to coincide with the peak of the growing season. UAV images were taken on June 29, 2023, 
followed by satellite images of the same area from Planet Scope on the same day, and from Landsat 
8 OLI and Sentinel-2 on June 26 and 30, respectively. Since the acquired images have different spatial 
resolutions, resulting in the study area covering a different number of pixels, resampling was 
performed in the ArcGIS Pro environment using a Bilinear method based on the spatial resolution of 
the Planet Scope satellite images (3m). Downscaling and upscaling were implemented for the spatial 
resolution of the Landsat 8 OLI and Sentinel-2 data and the UAV data (P4 Multispectral), respectively. 
As a result, the same resolution and number of pixels were obtained for the study area across all four 
sources. Based on the resampled images, vegetation indices NDVI, NDWI, GNDVI, GLI, EVI, DVI, 
SAVI, MSAVI, and GSAVI were calculated for all images.  

The normality distribution of data was checked using Anderson-Darling and Kolmogorov-
Smirnov tests suitable for large datasets [70]. Both tests indicate that the data doesn’t follow a normal 
distribution. Correlation analyses were carried out using the non-parametric Spearman correlation 
method, with significance levels α = 0.05 (*), and α = 0.01 (**), P < 0,01. 

2.3.3. Trend Analysis  

To analyze of short-term spatiotemporal changes in grassland vegetation monthly mean values 
of GLI, EVI, NDVI, and SAVI vegetation indices were used for May-July (vegetation peak) of 2018-
2023, derived from LANDSAT, Sentinel, and Planet Scope satellites. These indices were chosen as 
indicators of the best correlation. Mann-Kendall statistical test was used for trend analysis [26,71] on 
Jupiter Notebook platform. This test was chosen because it is non-parametric and does not require a 
normal distribution of the data. Moreover, the test has low sensitivity to sharp time discontinuities 
due to inhomogeneous time series [72]. The original Mann-Kendall, Modified Mann-Kendall Test by 
Hamed and Rao (MKKH), Modified Mann-Kendall Test by Yue and Wang (MKKY), Pre-whitening 
Mann-Kendall Test PW), and Trend-Free Pre-whitening (TFPW) [73–76] trend tests, and Sen’s Slope 
were used. According to [77], the trend is considered significant only if at least three of the five tests 
suggest a significant trend. As descriptive parameters of the Mann-Kendall test, Kendall’s Tau and Z 
score were used. Kendall Tau, or Kendall’s rank correlation coefficient, measures the monotonicity 
of the curve. Kendall’s Tau ranges between -1 and 1; it is positive when the trend is increasing and 
negative when it is decreasing [78]. 
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The presence of statistically significant trends is assessed using the Z value. A statistically 
significant trend is determined by the absolute value of Z, |Z| > 1,96, which is the critical value of Z 
when α = 0,05. The increasing or decreasing trend is indicated by a positive or negative Z score [72].  

In addition to the Mann-Kendall method, Sen’s slope was also used to estimate the slope of trend 
of the observed vegetation indices [79,80]. The Sen’s slope model is suitable for qualitative 
characterization of trends over time [81,82]. The slope of Sen’s slope is better suited for determining 
the magnitude of the trend. If the result of Sen’s slope is positive, the time series has an increasing 
trend and vs [83]. 

3. Results 

3.1. A Spatial Correlation Analysis of the Space - and UAV-Born Spectral Vegetation Indices  

The correlation analysis shows significant correlation α = 0.01** between all VIs derived from air 
and space born data, however with different intensity. As a result of the correlation analysis, we 
identified three levels of positive correlation strength: weak, medium, and strong, each representing 
a weak, noticeable but not strong, and strong relationship between the variables, respectively. Strong 
positive correlations were detected between the GLI index derived from UAV and GLI index from 
Planet Scope where r = 0.69, in the case of Landsat, r = 0.50 and r = 0.66 for Sentinel (Figure 2.) 

 
Figure 2. Correlation between satellite (PlanetScope, Sentinel 2 and Landsat 8) and UAV data (at the 
0.01** significance level ). 
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The SAVI correlation matrix shows moderate positive correlations with Planet Scope (r = 0.49) 
and Sentinel (r = 0.43), and a weak correlation with Landsat (r = 0.38). A similar trend is observed 
with MSAVI: moderate positive correlations with Planet Scope (r = 0.49) and Sentinel (r = 0.43), and 
a weak positive correlation with Landsat (r = 0.38). However, in the case of GSAVI vegetation index, 
UAV has a weak positive correlation with Planet Scope (r = 0.15) and no correlation with Landsat (r 
= 0.04) and Sentinel-2 (r = 0.09). The correlation of the NDWI derived UAV is weak with Planet Scope’s 
NDWI (r = 0.14) and no correlation was observed with Landsat (r = 0.01) and Sentinel (r = 0.04). 

As shown in the correlation analysis for NDVI, there is a strong correlation (r = 0.50) between 
UAV VIs and Planet Scope VIs, a moderate correlation (r = 0.40) between UAV VIs and Landsat VIs, 
and a moderate correlation (r = 0.43) between UAV VIs and Sentinel-2 VIs. For GNDVI, there are 
weak correlations among satellite VIs and UAV VIs. Specifically, weak positive correlations were 
observed between UAV VIs and Planet Scope (r = 0.14), Landsat (r = 0.04), and Sentinel (r = 0.08) VIs. 
Moderate positive correlations for DVI are observed with Planet Scope (r = 0.43), Landsat (r = 0.34), 
and Sentinel (r = 0.38). For EVI, strong positive correlations are detected: r = 0.61 with Planet Scope, r 
= 0.54 with Landsat, and r = 0.57 with Sentinel. 

The analysis of the correlation tables shows that UAV VIs comparable to other sensors for 
vegetation monitoring, because in all cases, regardless of power and type, a significant correlation 
was observed (α = 0.01). In particularly GLI, EVI, and NDVI VIs stand out, in the case of which 
relatively strong correlations were obtained. However, the strength of the correlation indicates that 
there may be some differences in the information received due to sensor variations or other 
environmental factors. 

3.2. Mann-Kendal Test for Temporal Analysis 

The results of the statistical tests, show that the GLI, EVI, NDVI, and SAVI vegetation indices 
calculated for the Planet Scope satellite over a short time interval, from May to July 2018-2023, do not 
tend to change within a 95% confidence range (Figure 3). 

 

Figure 3. Trend analysis of best correlated vegetation indices received from different sources. 

According to the MKKY test, the NDVI and SAVI values show a significant decreasing trend in 
June at the α = 0.05 significance level, as indicated by P < α (P = 0.002) and Z = -3.023 (NDVI) and P = 
0.03, Z = -2.951 (SAVI), with |Z| > 1.96 correspondingly. The GLI index also shows a significant trend 
revealed by MKKY test in May and June, were P = 0.027 (P < α), Z = 2.209 (|Z| < 1.96), Tau = 0,466 
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(moderate increasing trend), Sen’s slope = 0.031 (increasing trend [83,84]), and P = 0.027 (P < α), Z = 
2.043 (|Z| < 1.96), Tau = 0,466 (moderate increasing trend), Sen’s slope = 0.025 (increasing trend) 
respectively. Although several significant trends were observed, no consistent trend was detected for 
GLI, EVI, NDVI, and SAVI vegetation indices from May to June 2018-2023. This is because only one 
of the tests (MKKY) recorded trends where Tau indicates a moderate decreasing trend (-0.6 to 0) for 
all indices from May to July, except for GLI, from 0 to 0.466. 

The results of the statistical tests of vegetation indices obtained from SENTINEL-2 satellite 
images for 2018-2023 (May-July), depict fixed changes for GLI, NDVI, and SAVI vegetation indices. 
A significant trend of GLI values is observed in May, confirmed by the MK, MKKH, MKKY and 
TFPW tests at the 0.05 significance level. The MK and MKKH tests show P = 0.024, with P < α, and 
|Z| = 2.254 |Z| > 1.96. However, Z = -2.254 indicating a decreasing trend, which is supported by the 
Tau value of -0.866. According to the MKKY P = 2.85E-06 < 0.05; Z = -4.681, Tau = -0.866. The TFPW 
test shows P = 0.027, P < α, with Z = -2.204 and Tau = -1, also indicating a decreasing trend. Thus, a 
significant decreasing trend is observed for GLI for short time period (2018-2023) indicated by four 
tests, expect PW. For the EVI as well as in the case of Planet Scope no changes were observed. A trend 
of the changes of NDVI index was observed only in May by all applied tests. In May, the original MK 
and MKKH tests detected a significant trend at the α = 0.05 significance level, with P =0.024 P < α, Z 
= -2.254 (|Z| > 1.96), and Tau = -0.866. With the MKKY test P = 3.83E-08, P < α, Z = -5.498, and Tau = -
0.866, indicating a significant decreasing trend. Descriptive parameters of the PW and TFPW tests 
with the same values: P = 0.027, Z = -2.205, Tau = -1, show a significant decreasing trend. The same 
values of P and Z for SAVI were recorded by the four tests, as was in case of the NDVI, except for 
MKKY test, where P = 4.508E-08 and Z = -5.469 and which proves the significant decreasing trend. 

No significant increasing or decreasing trends were observed for GLI, EVI, NDVI, and SAVI 
vegetation indices obtained from Landsat satellite images between May and July of 2018-2023. An 
increasing trend for GLI was observed in July, recorded only by the MKKY test, according to which 
P = 0.005 < α and Z = 2․753 > 1,96. According to the MKKY test, a statistically significant trend in 
NDVI was observed only in June, where P = 0.007, P < α, |Z| = 2.695 > 1.96, Tau = 0.533 (moderate 
increasing), Sen’s slope = 0.032 (indicating an increasing trend). No trend in EVI index values was 
registered by any of the tests. The MKKY test detected a statistically significant trend for SAVI values 
at the α = 0.05 significance level in June, with P = 0.008, Z = 2.623, |Z| > 1.96, indicating an increasing 
trend. This trend is further supported by the Tau value (0.466) indicating moderate increase. 
However, only one test recorded a trend means there is no trend for the studied period. Thus, 
according to the Mann-Kendall tests, only Sentinel 2 data show decreasing trend.  

SEN slope estimator shows different results compared with MK tests. Generally, we have 
indicated similar negative directions of the values for Planet (averaged -0.03 year−1) and Sentinel 
(averaged -0.01 year−1) based VIs, which is not even close to those received for Landsat 8 not in 
direction nor in values (average 0.005 year−1). 

4. Discussion 

Our study was targeted to explore multisource remote sensing capacities for assessing and 
monitoring mountainous natural grasslands in Armenia. A list of spectral indices (Table 3), which 
had proven to be valuable tools in describing spatial and temporal variability of biomass [34,85] was 
applied to compare multisource space-born remote sensing data (Planet Scope, Sentinel-2 and 
Landsat 8) with air-born (UAV) data using Spearmen correlation analysis. The aim was to assess the 
capability of each space platform for analyzing the trend of short-term spatial-temporal changes of 
Armenian grasslands for May-July 2018-2023. It is noteworthy that in our study air born (UAV) 
remote sensing was applied as validation tool. This approach in known for mapping complex 
vegetation of peatlands [33]. The correlations between UAV and satellite-based indices were positive, 
but distinguished with the different correlation strengths. Strong positive correlations were observed 
with the NDVI, GLI and EVI indices; Moderate between SAVI, MSAVI and DVI; and Weak 
correlation between NDWI, GNDVI and GSAVI indices. Additionally, high correlations of UAV were 
with Planet Scope, after Sentinel 2 and Landsat 8 was registered. The correlation analysis confirms 
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that UAV VIs comparable to the space-born multisensory data for monitoring mountain grasslands, 
because in all cases, a significant positive correlation p < 0.01 (**) was observed. The spatial correlation 
figured out four main spectral indices (NDVI, GLI, EVI and SAVI), which shows strong significant 
correlation with those calculated from UAV data. Afterwards, Mann-Kendall tests (MK, MKKH, 
MKKY, PW, TFPW) were applied for trend analysis. According to all five Mann-Kendall tests among 
the studied platforms only three Sentinel-2 based indices (NDVI, GLI, and SAVI) show decreasing 
trend for May-July 2018-2023. So, Sentinel-2 shows more consistent and frequent detection of 
significant trends across vegetation indices. It is important to note that all changes which prove a 
significant decreasing trend for the studied short period are observed only in May. 

If we consider Sen’s Slope as an individual estimator, well applied for the trend analysis based 
on short term databases and, which applied for different studies [79–81] we can indicate that 
according to Sen’s Slope the Planet Scope and Sentinel-2 based estimations show decreasing trend, 
which according to MK tests were observed for Sentinel-2 based VIs only in May. It gives a food for 
thought: Sens’s slope could be more robust for our case than MK tests. 

5. Conclusions 

As can be seen from the analysis in the short term (2018-2023) changes assessment of the state of 
mountain natural grasslands, although the high-resolution data from Planet Scope provide detailed 
information, the medium-resolution images from Sentinel and Landsat sensors can be effectively 
used in the assessment of grassland state. Planet Scope satellite data were taken as a reference due to 
the high spatial resolution to understand the effectiveness of using data from medium-resolution 
Landsat and Sentinel satellites for short-term trend analysis. Both Landsat and Sentinel data show 
potential for monitoring short-term changes when compared to high-resolution Planet Scope data. 
However, Sentinel-2 data seem to have an obscurely better alignment. Apart from the fact that the 
Sentinel 2 is closer to the Planet Scope due to its spatial resolution (10m) than the Landsat 8 (30m), 
which increases the effectiveness of the Sentinel 2 application, the analysis results further confirm 
that. In addition, Sentinel-2 is an open-source data and all these make Sentinel-2 a reliable and 
effective tool for detailed and accurate monitoring of grassland biomass in mountainous small areas. 

According to Sen’s slope result, a well-expressed relationship between Sentinel 2 and Planet 
Scope is clearly visible, which was expected due to the spatial resolution. Thus, according to the 
results for Planet Scope and Sentinel 2 the trends are biased to decrease, but for Landsat 8 is the vice 
versa. 

Therefore, it cannot be stated with certainty that the small area under consideration showed an 
increasing or decreasing trend over a short period of time. In order to have an even clearer picture of 
the situation, it is necessary to study a wider spatial and temporal series and include climatic data. 
Moreover, there are several factors that should be considered in our future research such as human 
impact on the grasslands, and also in situ data should be included which will enable us to make a 
quantitative and qualitative analysis of above ground biomass. 
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