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Abstract 
Ensuring the health and diversity of ecosystems has always been a challenge for 
conservationists. It takes years of direct work in the field for ecologists to gather 
sufficient data to reliably portray the conditions of an ecosystem. In many instances, 
their work produces an invaluable picture of the conditions as they are and, more 
importantly, the conditions that are changing over time. Yet, traditional methods of 
monitoring biodiversity simply cannot keep up with the demands of today's 
conservation imperative. They are labor-intensive, fail to produce timely results, and 
are in large part inaccessible to those who might use the information they produce. In 
much the same way, the potential of remote sensing to meet those demands remains 
largely untapped. This study utilizes remote sensing data to monitor biodiversity 
changes in the Erbil Governorate, Iraq, focusing on the Enhanced Vegetation Index 
(EVI), Standardized Precipitation Index (SPI), and Net Primary Productivity (NPP) as 
proxies for biodiversity change. To do this, it combines data from MODIS and Sentinel-
2 satellites with meteorological information to evaluate the spatial and temporal changes 
in vegetation that occurred during the recent recorded drought. The most dramatic 
improvement observed in the three key variables was with the EVI, which increased 
almost straight up from below EVI value of 2 in 2017 to almost 3 in 2020, as seen in 
the plot above, with the EVI gradient increasing around 2019. 
In 2017, the median NPP values hovered approximately around 0.15 kgC/m²; however, 
they had clearly risen to nearly 0.25 kgC/m² by 2020. What's more, this research 
demonstrated a strong positive correlation between the EVI, derived from Sentinel-2 
data, and NPP computed from MODIS. The correlation coefficients for these areas 
ranged from 0.68 to 0.74.  
These results reaffirm the potent capabilities of satellite remote sensing for studying 
ecosystem dynamics and offer an unprecedented glimpse into the sophisticated 
ecological interplay of this understudied area. Biologists don't even fully understand the 
basic organ-level functions of this system, so knowing how a system as complex as this 
one work and understanding its dynamics are crucial for effective conservation and 
management of its constituent ecosystems.  

https://zancojournal.su.edu.krd/index.php/JAHS/about
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1. Introduction   
 It is critically important to monitor biodiversity in order to understand and preserve the health of 
ecosystems. Biodiversity encompasses the variety of life forms in different habitats, including 
plants, animals, fungi, and microorganisms, that contribute to the stability and resilience of 
ecosystems (Maclaurin & Sterelny, 2008; Rawat & Agarwal, 2015). A diverse ecosystem is much 
better situated to withstand environmental stress, recover from disturbances, and maintain 
ecological processes and services vital for human well-being, such as providing clean air and water, 
fertile soils, and pollinating crops (Sharma & Birman, 2024). It should be noted that "species 
diversity" is not the same as "wild relatives of crops in in situ conservation." The latter is only part 
of the answer for maintaining the genetic diversity that confers resilience on communities and for 
ensuring that ecosystems function in a sustainable manner (Salgotra et al., 2023). 
In the last several years, remote sensing has emerged as a powerful tool and data source for 
biodiversity monitoring (Kuenzer et al., 2014; Vihervaara et al., 2017; Wang & Gamon, 2019). This 
technology provides a comprehensive approach to assessing various biodiversity aspects, including 
species richness, vegetation structure, and evenness, offering valuable insights into the status and 
trends of ecosystems (Nagendra et al., 2013).. They also describe how some of the significant 
applications of these tools can provide insight into the ecological conditions of particular areas, 
which is vital if one considers the value of remote sensing across vast swaths of the Earth's surface 
(Turner et al., 2003). For example, One major application of these high-tech tools—particularly 
satellite imagery—in biodiversity conservation is the assessment of Net Primary Productivity 
(NPP). 
Assessing the net primary productivity of diverse ecosystems critically depends on remote sensing 
(Kooistra et al., 2008; Lei et al., 2020; Taelman, Schaubroeck, De Meester, Boone, & Dewulf, 
2016). To the casual observer, the amount of carbon taken up by plants in a given area during 
photosynthesis and the total amount of carbon released during respiration can be defined as NPP 
(Roxburgh et al., 2005). 
The NPP metric shows how an area's vegetation is growing and thriving, which often correlates 
closely with what one might consider ecological "health." The prime factor that leads to high net 
primary productivity basically amounts to an abundance of the right nutrients. Environmental 
change, such as a warming climate, could cause nutrient dynamics and the natural nutrient supply 
to ecosystems to shift. That's what we think is happening. So using NPP as a measure, we can kind 
of see those changes in evergreen needle leaf forest ecosystems more nearly in two dimensions – 
horizontally, as a kind of stress signal to ecosystem "health," and vertically, as a sign that the amount 
of carbon being sequestered by those kinds of trees may be decreasing in some places. 
 A few widely accessible Net Primary Productivity (NPP) products are fundamental to ecological 
and biodiversity research, deriving from a variety of methods and data sources. The Moderate 
Resolution Imaging Spectroradiometer (MODIS) on NASA's Terra and Aqua satellites is a 
prominent NPP data source. It estimates global NPP at 1 km resolution, updates every 8 days, and 
covers the Earth's land surface. This level of detail allows us to track not only "where" but also 
"when" vegetation productivity has changed. Another notable model is the CASA (Carnegie- Ames 
Stanford Approach). Like MODIS, CASA also uses satellite data, but it instead emphasizes the 
climatic role in controlling NPP (Huete et al., 2002). A third model, VPM (Vegetation 
Photosynthesis Model) (Hickler et al., 2004), also uses satellite data, but estimates and NPP using 
a different approach (Yu, Wu, & Guo, 2013). Assessing the NPP over the long term and its bias 
through the GIMMS (Global Inventory Modelling and Mapping Studies) or VPM (Vegetation 
Photosynthesis Model) approaches can also give us a better understanding of both the stability and 
reliability of the NPP product. 
Combining spectral indices with NPP products can give us a much clearer picture of how vegetation 
is faring in a particular ecosystem. This is essential knowledge for any efficient management of the 
wildlife that calls that ecosystem home. Because satellite imagery is becoming cheaper and more 
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accessible, spectral indices like EVI may take an even more prominent role in the future of 
biodiversity monitoring. Spectral indices are derived from digital numbers (DNs). The DN is the 
first step in the conversion of solar radiation reflected from an object into useful information about 
the object. Dense vegetation pushes traditional spectral indices, such as NDVI, to their limits. They 
work well, but only up to a point—most of them saturate when used in high biomass areas (Erica et 
al., 2016). The Enhanced Vegetation Index does not have that problem. From what we can tell, the 
EVI offers much more accurate monitoring of vegetation dynamics and "subtle" changes in biomass. 
On the other hand, climatic indexes such as the Standardized Precipitation Index (SPI) measure 
precipitation shortfalls and excesses over several timeframes, helping to determine drought 
conditions and their effects on ecosystems. Apart from drought assessment, the SPI shows the 
precipitation temporal variability—its distribution over time. This is very important since it can 
show how the availability of water in the soils and the plant growth observed in the EVI can be 
positively or negatively affected by the precipitation pattern. Thus, the SPI is very complementary 
to the EVI since it shows the effect of climatic variables (precipitation in this case) on the vegetation 
dynamics and the state of the ecosystems overall. 
It's important to explore and monitor biodiversity in an area that's so heterogeneous and variable in 
climate; monitoring the impacts of environmental change is essential to understanding the effects 
on ecosystem health. Therefore, main objective of this study is to use remote sensing data to look 
at biodiversity changes in the governorate of Erbil, Iraq. The study attempts to assess how NPP, 
EVI, and SPI vary over time and space in the Erbil Governorate, to look at their interrelationships, 
and to try to discern what they might be telling us about climatic variability and its impacts on 
biodiversity in this region. The work pulls together a disparate set of data and assays ways in which 
the variables can inform conservation strategies and development policy in this part of Iraq. 
2.Methods  
2.1Study Area 
The study site is located in the northern Kurdistan region of Iraq; the Erbil Governorate shares 
borders with Turkey and Iran (see Figure 1). It sits at an elevation of about 411–426 meters (about 
1,397 feet) above sea level. Spanning an area of 164,840 square kilometers, The Erbil region has a 
semi-arid continental climate with an average temperature that ranges from more than 48°C in the 
summer to well below 0°C in the winter in some part of the governorate (Hussein, Kovács, Tobak, 
Abdullah et al., 2018; Alee et la., 2023). The precipitation primarily occurs in the spring and winter 
seasons, and the amounts increase substantially as the altitude and the topography of the area 
change; the heavy snowfall in the higher altitudes during winter is famous. Pouring rains are also 
guaranteed, especially in the spring. 

 
Figure 1. The location of Erbil Governorate and the distribution of selected meteorological stations. 
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2.2 Data  
A set of remote sensing and ancillary data was utilized to achieve the study's objective, as shown in 
Figure 2. 
2.2.1 Calculating Standardized Precipitation Index  
The standardized precipitation Index (SPI), is a widely used metric that quantifies how much 
precipitation falls over a specific region and determines the time period. It was first introduced in 
1993 by Klaus P. Szalai and his colleagues. These scientists were motivated by the need to combine 
and compare many thousands of daily, monthly, and yearly precipitation gauges across the globe. 
They used a sophisticated statistical approach based on the first 50 years of the last 150 years of the 
Gaussian-normal daily climate model (Zhang et al., 2000). This pioneering work and the SPI have 
since been widely accepted and applied by the World Meteorological Organization and by many 
national meteorological and hydrological services. In general, the computation of the Standardized 
Precipitation Index (SPI) requires that basin-selected precipitation data from a station or area within 
the basin be available. For a complete explanation and description of the stepwise methods used to 
calculate SPI basin data, see Wu et al. (2009). The objective of this study is to utilize SPI data along 
with a spectral vegetation index calculated from remotely sensed data to monitor the effects of 
climate variability and change on biodiversity in the study area by means of Net Primary 
Productivity (NPP) data. To that end, in this study, we have calculated the SPI-12 for our three 
chosen meteorological stations. The SPI-12 represents the rainfall data for the last 12 months (or 1 
year), which coincides with the annual mean Enhanced Vegetation Index (EVI) from our study area 
derived from remote sensing data. 
After the SPI-12 was computed for each of the meteorological stations, we used the inverse distance 
weighting (IDW) method to interpolate the data. IDW was chosen because it is a simple and efficient 
geostatistical method that assumes closer points have more influence on the estimated values, which 
suited our goal of creating a straightforward map showing spatial variability. Unlike Kriging, which 
requires a more complex variogram model and is computationally intensive, IDW provided a fast 
and adequate interpolation for our study area, especially given the limited station data and the 
absence of strong spatial autocorrelation in our dataset. 
2.2.2 Remote sensing data  
In order to achieve the objectives of this study, two groups of remotely sensed data and products 
were utilized. For the annual monitoring of the cover of vegetation, including the types of 
agriculture, grassland, shrubland, and forest, a spectral vegetation index called the Enhanced 
Vegetation Index (EVI) was computed using Sentinel-2 data. The Google Earth Engine (GEE) 
platform was used to compute the per-pixel median for the annual EVI values. The EVI is preferable 
to the often-used Normalized Difference Vegetation Index (NDVI) for this type of monitoring 
because it reduces the atmospheric and canopy background noise that can confound this type of 
data. The following equation was utilized to calculate the EVI index: 

EVI = 2.5 * (NIR - RED) / ((NIR + 6*RED - 7.5*BLUE) + 1………… (Eq.6) 
Where NIR, RED and BLUE are the spectral bands in the region of Near Infrared, Red and BLUE 
region respectively.   
To keep track of and evaluate developments in biomass as a stand-in for changes in biodiversity, 
we obtained the annual Net Primary Productivity (NPP) product. This uses data from MODIS 
(Moderate Resolution Imaging Spectroradiometer) to measure the amount of carbon captured by 
plants (indicating their growth and health). The NPP product is generated from satellite data of daily 
vegetation observations and computations using several "environmental" factors known to affect 
plant growth (such as light, temperature, and moisture) to estimate net carbon fixation. Information 
from MODIS has a spatial resolution of 500 meters, allowing fairly detailed and comprehensive 
global coverage. The annual data we downloaded extended from 2017 to 2020. The EVI data has a 
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spatial resolution of 30 meters. So, to bring it into alignment with the spatial resolution of the 
calculated NPP data (500 meters), we used the nearest neighbor method to resample the EVI data 
to 500 meters. 
2.3 Statistical analysis  
This research employed a number of statistical analyses (see Figure 2). We began by looking at the 
interrelationships among the SPI, EVI, and NPP. To do this, we calculated a correlation coefficient 
matrix. Analyzing this matrix revealed quite a bit about the associations among these three key 
variables. Our second analytical step was to generate annual percentage change data for the NPP. 
We used the following equation to do this: 
NPP percentage change= [(NPPy – NPPr) / NPPr]×100 ……………………    (Eq.7)  
where NPPr is the NPP for the reference year (2017 in this case), and NPPy is the NPP for a given 
year (e.g., 2018, 2019, 2020). 
The last step consisted of using a geographically weighted regression (GWR) approach to estimate 
NPP using both EVI and SPI data. This was done to shed light on the interplay between the remote 
sensing-based index (EVI), the meteorological-based index (SPI), and the NPP field data in the 
study area, as a proxy for changes and variations in biodiversity.  
The result of the GWR is a pixel-wise R-squared map of the NPP outcome, which previous studies 
provisionally interpret as the local explanatory power of EVI and SPI in the regression model that 
estimated NPP. 

 

 
Figure 2. General workflow of methodology and utilized data in this study. 
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3.Results 
3.1Temporal Trends in EVI, NPP, and SPI-12 Across the Study Area  

The box plot technique was used to present the annual temporal changes of derived NPP data, as 
well as EVI data 2017 to 2020. The EVI data trends from this four-year period are shown in Figure 
3a. In 2017, the median value of EVI was consistently low (i.e., below 2), but in 2018, it increased 
slightly. Although the EVI remained relatively low during both years, there were consistent periods 
in 2017 and 2018 where these low values persisted over several months. From 2019 to 2020, the 
EVI rose considerably! By 2020, the appearance of EVI was pretty wild — several months with 
high values that looked like grass- and/or herbaceous-dominated conditions, and then a few months 
with really low values indicating essentially bare ground and/or dark conditions. 
Net Primary Productivity (NPP) in kilograms of carbon per square meter was shown across the same 
four consecutive years in the second part of Figure 3. In 2017, the NPP median was around 0.15 
kgC/m², with the interquartile range extending from just above 0.1 kgC/m² to nearly 0.2 kgC/m². In 
2018, it increased to just under 0.25 kgC/m², with the IQR that year extending from approximately 
0.15 to almost 0.35 kgC/m². In 2019, it decreased to just above 0.25 kgC/m². That year's IQR was 
from nearly 0.15 kgC/m² to just below 0.30 kgC/m². Finally, NPP increased again in 2020, with the 
median near 0.25 kgC/m². The range that year extended from nearly 0.20 kgC/m² to a bit over 0.30 
kgC/m². The amounts in the NPP, especially the medians, likely relate to the amounts shown in the 
NPP for the ecosystem and the expressed variation in carbon sequestration. 
Moreover, figure 3c illustrates how the Standardized Precipitation Index (SPI-12) has changed over 
the four successive years taken into consideration for this investigation. There seems to be an overall 
upward trend in the spread (IQR) and in the median values of this particular index. The most 
pronounced change came about in 2020, where you can see both the central tendency and the spread 
take off from 2019's values and head upward. 

 

  

 
Figure 3. Annual temporal changes of calculated; A- EVI, B- NPP, and C- SPI 
 
 

A B 

C 
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3.2. Temporal Analysis of Net Primary Productivity (NPP) Percentage Change Maps 
The maps in Figure (4) that illustrate the Net Primary Productivity (NPP) changes from 2017 to the 
present day indicate the biggest changes over the previous five years... In 2018, compared to the 
baseline year of 2017, the areas in red spotlight steep NPP declines (≤-50%); the yellow-shaded 
areas show mostly stable NPP, while the green-shaded sectors show significant increases (≥ +50%): 
For 2019, the same color-coding scheme was used to highlight in red those areas that have 
experienced the most significant NPP declines. One change in NPP in yellow for 2019. The areas 
in green highlight some significant (+50%) increases in 2019. 

 

 
Figure 4. Map of NPP percentage change from 2017 to 2020.  
 

3.3. Spatial and Temporal Analysis of SPI and EVI Maps: 
To characterize meteorological drought over different timescales, Figure (5a) displays the 
Standardized Precipitation Index (SPI) maps over a 12-month period... In 2017, the northern part of 
the region exhibited high SPI values (depicted in blue), while the southern areas predominantly 
showed low values (in red). However, 2018 saw an overall decrease in SPI values, indicating drier 
conditions. By 2019, there was a recovery, with increased positive SPI values across most of the 
region, although some southern areas remained persistently dry. In an unspecified subsequent year, 
extremely high SPI values suggested a substantial increase in precipitation compared to previous 
years. These trends provide valuable insights into evolving climatic conditions and regional 
variability, impacting ecosystems, agriculture, and water resources. 
Furthermore, Figure (5 b) illustrates EVI maps revealing intriguing patterns in vegetation dynamics 
over the observed years from 2017 to 2020. In 2017, the EVI values were generally lower across 
most of the region, especially in the peripheral areas, indicating sparse vegetation cover, while the 
central regions displayed moderate values, suggesting initial signs of vegetation health. In 2018, 
there was a noticeable improvement in EVI values, particularly in the central region, indicating an 
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increase in vegetation density or recovery, although the peripheral areas continued to exhibit lower 
values, implying less vegetation or urbanization effects. By 2019, the central region showed further 
increases in EVI, reflecting significant improvement in vegetation health, but the peripheral areas 
still maintained lower values, consistent with previous years in terms of limited vegetative cover. 
In 2020, the upward trend of EVI values in the central region continued, with even higher values 
indicating stable and healthy vegetation, while the peripheral areas remained unchanged with low 
EVI, reinforcing the contrast between the densely vegetated core and the sparse periphery 
On the other hand, Figure (5 c) presents the Net Primary Productivity (NPP) maps for the same 
region over the years 2017 to 2020, providing complementary insights when compared with the 
EVI maps in Figure (5 b). In 2017, both the NPP and EVI values were generally lower, especially 
in the southern and peripheral areas, indicating lower vegetation productivity and density. This trend 
aligns with the sparse vegetation indicated by lower EVI values during the same year. As we move 
to 2018, there is a clear increase in NPP, particularly in the northern and central regions, which 
corresponds to the improvement in EVI values for the same areas, suggesting both denser and more 
productive vegetation. In 2019, the central region continues to show high NPP values, reinforcing 
the vegetation health observed in the EVI map. This positive trend in vegetation productivity is 
consistent with the upward trend in EVI, signaling recovery and stability in vegetative cover. By 
2020, NPP values remain elevated in the central areas but decrease slightly in peripheral regions, 
where EVI values also remain lower. This suggests that while the core of the region continues to 
maintain strong vegetative growth and density, as indicated by both NPP and EVI, the peripheral 
areas still face challenges in vegetation recovery, likely due to urbanization or other environmental 
stresses... 

 
Figure 5. Spatial and temporal variation of calculated.  A- SPI, B- EVI, and C- NPP data 

 
3.4. Analysis of EVI, SPI and NPP Correlations over Different Years 
A correlation matrix representing the relationships between the several entities EVI, SPI, and NPP 
is shown in Figure 6... The variables in this correlation matrix can be found on both the horizontal 
and vertical axes. The nature of the relationship between pairs of variables is represented in the 
cells. Each cell contains a correlation coefficient (a number between -1 and 1) that denotes the 
strength and direction of the association. A correlation coefficient of 1 indicates a perfect positive 
correlation, and a coefficient of -1 indicates a perfect negative correlation. A correlation coefficient 
of 0 indicates no apparent relationship. 
In 2017, the Standardized Precipitation Index (SPI) exhibited a solid positive relationship with the 
Net Primary Productivity (NPP) and Enhanced Vegetation Index (EVI). The NPP makes a relatively 
direct estimate of plant growth and photosynthetic processes, while the EVI is a satellite-based 
measure of vegetation cover. SPI's combination of direct and indirect relationships with plant 

A B C 
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productivity and vegetation growth makes it a potentially strong correlation for understanding the 
relationship between precipitation and these two plant-related variables. 
While the 2017 SPI exhibited solid relationships with both NPP and EVI, the 2020 EVI 
demonstrated a weak inverse relationship with the 2017 SPI. 
Moreover, between 2018 and 2019, we see a much stronger correlation (0.7477) between EVI 
values in two consecutive years than we do the correlation between EVI and NDVI. This means 
that if a particular pixel has a high EVI value in 2018, there is a very good chance that the same 
pixel will have a similarly high EVI value in 2019. 
 

 
Figure 6. Correlation matrix between EVI, SPI, and NPP data from 2017 to 2020 

 
 

3.5. Geospatial Analysis of SPI, EVI, and NPP Relationships Using GWR 
To investigate how well the EVI and SPI can work together to estimate NPP, we employed the 
Geographically Weighted Regression (GWR) model. Figure 7 displays the pixel-wise R-squared 
values derived from the GWR. In our study, we interpreted higher R-squared (R2) values as 
indicating a stronger relationship between EVI, SPI, and NPP, and used the GWR results to illustrate 
this relationship geographically. We also noted that the pixels with the lowest relationships were 
clustered at the top of the image, which is a.k.a. the map at the top of the study area. 
The results highlight the spatial variability in the associations among EVI, NPP, and SPI. The 
associations were strongest in the north and centre of the study area and weakest in the south. The 
image does not allow one to draw any definitive conclusions about the reason for that, but one 
possible explanation is that the southern part of the study area may be in a quasi-arid state for much 
of the year. 
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Figure 7. Pixel-wise R-squared map for estimated NPP using a geographical weighted regression 

approach with EVI and SPI data during the periods between 2017 to 2020.  
 

4. Discussion and Conclusions  
The temporal shifts in biodiversity in the Erbil Governorate have never been scientifically 
examined. In other words, investigating changes in biodiversity over time is a difficult and resource-
intensive endeavor. This study is the first of its kind to look at this issue and to employ a relatively 
novel and user-friendly tool for examining changes in biodiversity in Erbil Governorate. The study 
utilized Net Primary Productivity (NPP), which can be computed using remote sensing data, as a 
stand-in for estimating shifts in biodiversity. In addition, the study further examined (using 
regression analyses) relationships between NPP and two other remote sensing index estimation tools 
(Enhanced Vegetation Index [EVI] and Standardized Precipitation Index) that also stand in for 
changes in biodiversity and associated environmental conditions. 
Figure 4, the NPP percentage change map, details the change in the northern part of the study area, 
which has shown a steady and persistent increase in net primary productivity, while the southern 
portion appears quite different. The southern area has experienced the most pronounced decline in 
NPP (Gaznayee et al., 2021). This is likely due to the fact that the southern part of the Erbil 
Governorate (Razvanchy & Fayyadh, 2022) is primarily agricultural. Agricultural areas are more 
strongly affected by the quantity and timing of precipitation, as well as by other seasonal changes. 
Grazing and crop production also can impact local biodiversity in ways that are net negative for 
primary productivity—reducing it. In comparison, the northern region, which is mostly 
mountainous and heavily forested, is seeing a steady uptick in biodiversity. Our findings bear this 
out. As seen in Figure 5, the apparent distribution of the northern part's vegetation cover—
represented here as EVI—when compared to the cover in the southern part, indicates that the 
northern part far outpaces the southern part in not only vegetation cover but also in the amount of 
precipitation received (compared using SPI). Specifically, the northern part is not just wetter; it's 
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also much greener than the southern part (Al-Hedny, Muhaimeed, & Iraq, 2020; Daham et al., 
2018). 
It is important to note that, the results revealed a strong positive relationship exists between the 
calculated spectral index EVI and the NPP product from the MODIS satellite. The correlation ranges 
from 0.68 to 0.76. This association is essential for the work described in this paper, which aims to 
use spectral indices and NPP data to monitor changes in biodiversity. Since EVI and NPP can be 
tracked using satellite remote sensing, they provide very powerful indices for assessing what is 
happening to the changes and dynamics of biodiversity across a large swath of land over time 
species (Elmqvist et al., 2012). Data from satellites allow for the consistent and repeatable 
measurement of important ecological indicators over vast stretches of land and extended periods of 
time. The power of satellite-based measurements lies in their ability to cover large swaths of not 
just terrain but also vegetation, making them a kind of "vegetation autopsy" (Cohen et al., 2016). 
Vegetation indices like EVI and NPP can pinpoint places where stress or even degradation is 
occurring. They can also highlight places where those indicators are not performing as expected, 
which might seem like "false vegetation fidelity" (Cohen et al., 2016). Understanding the causes 
and the consequences for biodiversity associated with these trends is vitally important if we are to 
make informed decisions about conservation priorities and ensure that both ecosystems and the 
diverse array of species that inhabit them remain healthy over both the short and long terms (Zeng 
et al., 2022). 
In a similar vein, when the Geographically Weighted Regression (GWR) method is used to analyze 
the data, it highlights the EVI and SPI indices' real potential for estimating NPP. The images display 
the GWR model's R-squared values at a fine spatial resolution. In essence, the higher values indicate 
a stronger relationship between the indices and the NPP at certain locations. The northern and 
central parts of the study area have R-squared values much higher (0.5 to 0.7) than the southern 
section. Not only is this result interesting, but it is also suggestive of a strong wet-to 
dry gradient. It seems to indicate a much stronger correlation in the wetter northern and central parts 
of the study area. 
The major findings underscore the critical role that the SPI and EVI play in monitoring changes in 
vegetation. They function as a sort of advance alert system to pick up on changes in what some 
scientists regard as the most vital land-based ecosystems: forests and grasslands and other kinds of 
vegetation. 
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 پوخت  
م، بم لگڵ ئوەشدا شوازە تقلیدییکان  ندروستی ئیکۆسیستباری تهگی زۆر گرنگ بۆ پاراستنی له چاودریکردنی فرەچشنی زینده 

ده  لرووی  دەبنوە  ئاستنگ  دووریه ستپگه ڕووبڕووی  و  لهیشتن  بهكانی.  دوورەوە   ل ھستکردن  داتای   وەیژینتو بۆ   كارھاتووه م 
پوەرە    EVIكی چاككراو (پوەرەکانی رووه   كارھنانیگی ل پارزگای ھولر، عراق، ب بهچاودریکردنی گۆڕانکارییکانی فرەچشنی زینده 

، MODISگی. توژینوەک  ) وەک گۆڕاو بۆ گۆڕانی فرەچشنی زینده NPP)، و برھمھنانی سرەتایی تۆڕ (SPIستانداردەی بارانبارین (
 نجامه رئه. ده SPI، و  NPP ،EVI، و داتای کشناسی تکڵ دەکات بۆ ھسنگاندنی گۆڕانکاریی شونی و کاتیکانی Sentinel-2ونی 

  3ی بۆ نزیه وه رز بۆته به 2 له  2017ل سای  EVI. بھای ناوەندی  EVIن بۆ گۆڕانکاری سانی برچاو لكهسرەکییکان ئاماژەن ده 
ی بھا ناوەندییکان وه رزبوونهبه NPPاماژەی بۆ برزبوونوەی چی ڕووەک و تندروستی. ب ھمان شوە، ، ئمش ئ2020ل سای 

ش ڕەنگدانوەی  مهنیشان دا، ک ئه  2020ل سای    2كگم كاربۆن/م  0.25بۆ نزیکی    2017ل سای    2كگم كاربۆن/م  0.15ل نزیکی  
ك روه جخت لسر خۆڕاگری و توانای ناوچک دەکنوە بۆ گۆڕانی کشوھوا، ھه   ئم ئاڕاستانه  مژینی کاربۆن.باشتربوونی تواناکانی ھه

دا دەردەکوت. سرەڕای ئوەش، توژینوەک پیوەندییکی ئرنی بھزی ئاشکرا کرد  SPIو  EVI ،NPPل پیوەندی نوان بھاکانی 
نوان    ل  وان    0.74بۆ    0.68کن  ل داتاکانی    کEVI  بوو،   لSentinel-2   و    رگیراوه وهNPP    دەستکردی مانگی   ل  کMODIS 

 وەرگیراوە. 

ده   ل ل دوورەوە  تیشک دەخات سر کاریگری ھستکردن   وەیژینتو توانینکی ئم   ئیکۆلۆژی ورد، ک داینامیکی  ستنیشان كردنی 
 ئیکۆسیستمی بردەوام ل پارزگای ھولر دابین دەکات گی و بڕوەبردنی چارەنووسساز بۆ پاراستنی فرەچشنی زینده 

سرەكییكان:  زینده   ووش فرەچشنی  ھه چاودریکردنی  له گی،  ستاندارده Sentinel-2  ،MODIS،  وه دووره   ستكردن  پوەری  ؛  ی ، 
 )EVIكی چاككراو () و پوەرەی رووه NPP)؛ برھمھنانی سرەتایی تۆڕ (SPIبارانبارین (
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 ملخص 

. تستخدم مستو�اته  للحفاظ على صحة النظام البیئي، إلا أن الأسالیب التقلید�ة تواجه تحد�ات في إمكان�ة الوصول و  اضروري ا  أمر  الحیوي التنوع    مراق�ة�عد  
)، EVIالتغیرات في التنوع الحیوي في محافظة أر�یل، العراق، مع التر�یز على مؤشر معزز للغطاء الن�اتي (  مراق�ةهذه الدراسة ب�انات الاستشعار عن �عد ل

-Sentinelوصور    MODIS) �عوامل بدیلة لتغیر التنوع الحیوي. یدمج ال�حث صور  NPP)، وصافي الإنتاج�ة الأول�ة (SPIالموحد للامطار (و مؤشر  
حة . وتشیر النتائج الرئ�س�ة إلى حدوث تغیرات سنو�ة �بیرة في صSPIو  EVIو  NPPو��انات الأرصاد الجو�ة لتقی�م الاختلافات المكان�ة والزمان�ة في   2

في عام   3إلى ما �قرب من    2017في عام    2من أقل من    EVIمؤشر    ق�مة، ارتفع متوسط  2020إلى عام    2017الغطاء الن�اتي و�نتاجیته. من عام  
في   ²ن/م�جم �ر�و   0.15تقل�ات مع ز�ادة الق�م المتوسطة من حوالي  NPP، مما �شیر إلى تعز�ز �ثافة الغطاء الن�اتي وصحته. و�المثل، أظهرت  2020
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الكر�ون. وتؤ�د هذه الاتجاهات قدرة المنطقة على   امتصاص، مما �عكس تحسن قدرات  2020في عام    ²�جم �ر�ون/م  0.25إلى ما �قرب من    2017عام  
ود علاقة . علاوة على ذلك، �شفت الدراسة عن وج SPIو    NPPو    EVIالصمود واستجابتها للتقل�ات المناخ�ة، �ما یتضح من العلاقة بین ق�م مؤشر  

 .MODISالتي تم الحصول علیها من القمر الصناعي   NPPو  Sentinel-2من ب�انات  EVI، بین مؤشر 0.74إلى  0.68إ�جاب�ة قو�ة، تتراوح من 

تنوع الحیوي والإدارة  تسلط هذه الدراسة الضوء على فعال�ة الاستشعار عن �عد في التقاط الدینام�ك�ات البیئ�ة التفصیل�ة، مما یوفر رؤى مهمة للحفاظ على ال
 المستدامة للنظام البیئي في محافظة أر�یل. 

)  NPP(   )؛ صافي الإنتاج�ة الأول�ةSPIمؤشر الموحد للامطار (  ؛  MODIS؛  Sentinel-2؛  عن �عد  مراق�ة التنوع الحیوي؛ الاستشعارالمفتاح�ة:   الكلمات
 ) EVIمؤشر معزز للغطاء الن�اتي ( و

 


