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A B S T R A C T: 
Iraq's climate is prone to frequent droughts, which have severely influenced the country in the past two decades. A study 

conducted using remote sensing and geographical information systems analyzed the spatiotemporal patterns of drought in Iraqi 

Kurdistan - specifically Erbil for 19 years from 2003 to 2021. The research found that the region had experienced severe drought 

episodes during this time, with an increase in severity and frequency, especially in 2008, 2012, and 2021. These years were 

noticeable by a decrease in vegetation area cover and lower average precipitation. The study utilized the Normalized Difference 

Vegetation Index (NDVI), Rainfall, and Rainfall Anomaly to produce multi-temporal classified drought maps, which showed that 

climate conditions played a significant role in the change of the vegetated cover area. The research also estimated the effect of 

rainfall variability on vegetation cover in Erbil, concluding that rainfall anomalies led to changes in the NDVI. The correlation 

matrix between rainfall anomalies and NDVI anomalies confirms that irregular rainfall patterns result in modifications to the 

NDVI. Productivity was found to increase with wet anomalies and decrease with dry anomalies. Overall, the study provides 

valuable insights into the impact of drought on agricultural productivity in the Iraqi Kurdistan Region (IKR)-Erbil and emphasizes 

the importance of implementing effective strategies to mitigate the impact of drought on agriculture in the region. 
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1. INTRODUCTION : 

 Drought is a complex natural disaster, 

which is often difficult to detect, predict, and 

alleviate (Aadhar and Mishra, 2017). Its 

occurrence causes significant harm to society and 

the environment, highlighting the importance of 

understanding the spatial-temporal pattern of 

drought (Dubovyk, 2017). Environmental factors

such as high temperature, low humidity, rainfall

timingandcharacteristics,asignificantroleinthe

occurrence of droughts, especially during crop

growing seasons (Gaznayee, 2020). Although

drought has no universal definition currently,

drought is commonly defined as a deficit in

precipitation and terrestrial water storage that

adversely affects agriculture, environment, and

economy(Lloyd-Hughes,2014;Yanetal.,2018). 

 

 

During drought periods, severe water stress can

occurinaregionduetolackofprecipitation,high

evapotranspirationrates,overexploitationofwater

resources, and/or combination of those factors

(Bezdan et al., 2019; Kamal and Hakzi, 2022).

Remotesensing techniquescanhelpmap,assess,

andmonitordroughtatdifferentscales.(Dubovyk,

2017). Severalmethods and indicatorshavebeen
created to tackle and control drought status.

Although insufficient precipitation is the main

cause of drought, human activities can also

contribute to its occurrence (Perez et al., 2016;

Shamsipour et al., 2011). Drought events are

usuallyassociatedwithhightemperaturesandlow

humidity levels, which have become more

frequent in recent years, mainly due to climate

change(KeyantashandDracup,2004). 
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Drought development occurs in two

stages: meteorological drought, which occurs

when there is a prolonged lack of precipitation,

and agricultural drought, which results from

reducedsoilmoistureandlimitedvegetationcover

(UNESCO,2014).Severalstudieshavedescribed

the drought situation in Iraq (Fadhil, 2011). The

lack of rainfall, which is the primary cause of

severedroughtinIraq,wasconsideredintheIraqi

report of 2009 by the Coordination of

Humanitarian Affairs, UNAMI and IAU office

(Andrieu,2017).Thishasresultedinadecreasein

thelevelsofgroundwaterandriverflowsandthe

depletion of water sources such as springs, deep

and shallow wells, as mentioned in the UNDP

reportof2012(UNDP,2012). 

Intheperiodbetween2003and2021,Iraq

experienced multiple severe droughts due to

various reasons, including low average

precipitation, higher temperature rates, lower

water income from neighboring countries, and

poor water utilization efficiency, as reported by

(Al-Quraishi,2019;Gaznayeeetal.,2022;Wuet

al.,2019). Inaddition,UNESCOrecordedsevere

droughts in Erbil, IKR in 1999 and 2008.

(UNESCO,2014).Between1999and2002,Erbil

experienced a period of low precipitation and

droughts. Subsequently, another drought event

wasobservedbetween2007and2011(Awchiand

Jasim, 2017). While there are several remote

sensingmethodsavailablefordroughtmonitoring,

some studies have also examined the impact of

drought on vegetation, with NDVI being one of

the earliest vegetation indices used for drought

monitoring since the 1980s. (Harun et al., 2015;

Mohammed and Scholz, 2017;Yao et al., 2011).

Numerous studies have explored the

spatiotemporal patterns of drought, but most of

them have focused on the methods of detecting

drought and assessing the relationship between

agriculturaldrought and rainfall averagesorcrop

yieldsusingtheLandsattime-seriesdataset,asper

(Harun et al., 2015). In order to identify drought

patterns at ameteorological andvegetative scale,

it is necessary to conduct a thorough analysis of

seasonal drought dynamics (Zewdie and

Csaplovics, 2015). The focus should be on

droughtduringtheagriculturalgrowingseasonas

rainfall affects aquifer recharge, agricultural

activities, and ecological changes (Gaznayee,

2020). When using NDVI to analyze weather

impact on vegetation in vegetated regions, it is

recommended to separate weather components

from an ecosystem component as the fluctuation

inweather-relatedNDVIcannotbeeasilydetected

due to the smaller integrated area of theweather

component (Abdel-Hamid et al., 2020;

Schucknecht et al., 2013). To conduct a

comprehensivedrought analysis, parameters such

as rainfall, soil moisture, potential

evapotranspiration, vegetation condition,

groundwater, and surface water levels should be

considered(SruthiandAslam,2015).Bystudying

changes in vegetation cover using NDVI data,

both the trend in occurrences of drought and

changesinvegetationcoverin thestudyareacan

beanalyzed.(Al-Quraishietal.,2021).Typically,

the correlation between drought indices is weak

duetothenon-linearrelationshipbetweendrought

measuring parameters. Therefore, they do not

usually predict similar patterns (Owrangi et al.,

2011; Vicente-Serrano et al., 2010). To study

changes in vegetation cover and drought

occurrencesinaparticulararea,NDVIdatacanbe

used. However, NDVI is not entirely error-free

andmayhaveissuessuchasdataerrorsduringthe

growing season and saturation effects on dense

vegetation. Thus, combining it with other

parameterscanincreaseaccuracy(WanandWang,

2004). Therefore, it is always better to merge it

with other parameters to ensure more accuracy

(Heydari et al., 2018). Rainfall anomalies index

(RAI), both dry andwet, can significantly affect

agricultural productivity and cropland expansion.

Droughtsordryspellscanleadtodecreasedyields

and crop failures, while excessive rainfall or

floodscanresultinwaterlogging,soilerosion,and

pest infestation(Duttaetal.,2015a).Droughtsor

dry spells can lead to decreased yields and crop

failures, while excessive rainfall or floods can

cause waterlogging, soil erosion, and pest

infestation. These models can help identify the

threshold levels of rainfall anomalies beyond

which the impact on crop yields becomes more

severe(Salehniaetal.,2017).Ontheotherhand,

in drier regions, farmers may have to rely on

irrigation or switch to more drought-resistant

crops, which can limit cropland expansion(Dutta

et al., 2015b). The (NDVI) Anomaly in crop-

growing regions for selected years is a

visualization that shows changes in vegetation

health in regionswherespecificcropsaregrown.

Anomaliescausedbyweatherconditions,suchas

drought or heavy rainfall (Amri et al., 2011;

AnyambaandTucker,2001). 

This study aims to analyze the relationship

between rainfall andNDVIandexaminedrought

events in Erbil over a 20-year period. By
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analyzing precipitation, vegetation growth, and

crop data, the study provides valuable insights

into drought frequency, duration, and extent,

includingagriculturaldrought.Thesefindingsare

important for planners and policy-makers in

developing agricultural strategies that consider

historical drought patterns. Understanding the

correlation between rainfall and NDVI and

monitoring their changes over time can help

identify vulnerable regions and implement

targeted interventions to mitigate the impact of

droughtonagriculture. 

2. MATERIALS AND METHODS  

2.1. THE STUDY AREA 

Theresearchareamentionedencompasses

the entirety of the Erbil governorate in northern

Iraq,whichconsistsoftwophysiographicregions:

the mountains and foothills. The city of Erbil is

situated within the coordinates of latitudes

35°40'0"Nto36°20'10"Nandlongitudes43°20'0" 
Eto44°20'0"E,withanaltituderangingfrom400

to 500 meters above sea level. The governorate

has a total area of approximately 15,038.93 km2

and is divided into ten districts, including

Mergasur,Soran,Choman,Rawanduz,Shaqlawa,

Khabat, Dashti Hawler (Qushtapa), Koysinjaq,

and Makhmur. Precipitation in Erbil is not

uniformly distributed, with the northern areas

receiving more precipitation than the southern

areas. 

Themean annual precipitation in Erbil is

363mm. (Hakzi, 2022;RazvanchyandFayyadh,

2022). During winter, the average temperature

each day is 5°C, which is considered chilly. On

the other hand, the temperature can escalate to

35°C during summer, representing a significant

difference in temperature between the two

seasons. Furthermore, in the southern regions of

the area, the temperature can rise to as high as

50°C, which is an incredibly high temperature.

Notwithstanding these temperature extremes, the

average temperature for the year is about 21°C,

implying that the temperature fluctuates

considerably across the seasons but is relatively

mild when averaged out. Additionally, there are

notablevariationsintemperaturewithinadayand

throughout the year, indicating significant

temperature changes.The region affected by a

Mediterranean climate, which typically features

wetwintersanddrysummers.Thisclimatetypeis

often associated with regions bordering the

Mediterranean Sea, but it can also be found in

other parts of the world with similar conditions

Figure(1). 

The timeframe selected for the studywas

from2003to2021duetotherepeatedoccurrence

ofdroughtepisodes.Landsat images,whichhave

a30-meterspatial resolution,wereobtainedfrom

the United States Geological Survey (USGS)

website https://glovis.usgs.gov. These images

were acquired duringApril orMay of each year

since most vegetation growth occurs during this

time.TheASTERGlobalDigitalElevationModel

(ASTER GDEM) V2 dataset, with a 30-meter

spatialresolution,wasobtainedfromtheNational

Aeronautics and Space Administration (NASA)

Reverb homepage (https://www.nasa.gov/) and

wasusedasDigitalElevationModel.(DEM)data

forthestudy.Rainfalldatawasobtainedfromthe

CHIRPS rainfall estimate, produced by the

Climate Hazards Group at the University of

California,SantaBarbara.CHIRPS isa35+year

quasi-globalrainfalldataset,availableat5and10-

dayaccumulations,andcanbeaccessedforfreeat

http://chg.geog.ucsb.edu/data/chirps/(Funk (Funk

et al., 2015).The MODIS NDVI CMG data

product was retrieved from REVERB, which is

managed by the LP DAAC at the USGS/EROS

CenterinSiouxFalls,SouthDakota,USA. 

 

2.2.  Spectral drought indices 

2.2.1. Normalized Difference Vegetation Index 

(NDVI) 

Formula (1) was utilized to calculate the

NDVI index of the Landsat images Rouse et al.

(1973).TheformulaforcalculatingNDVIis: 
 

NDVI = (NIR - Red) / (NIR + Red) ………………...1     

   

The NIR represents the amount of near

infrared light reflected by vegetation, and Red

represents the amount of red light reflected by

vegetation.ThevaluesofNDVIrangefrom -1to

+1, with higher values indicating healthier and

more denser vegetation, while lower values

correspondtosparsedorstressedvegetation,bare

soil, or water (Akbar et al., 2019; Al-Shwani,

2009).  
 

2.2.2. NDVI Anomaly in crop-growing regions 

for selected years 

The first formula provided is used to

performalineartransformationonpixelvaluesto

https://glovis.usgs.gov/
https://www.nasa.gov/
http://chg.geog.ucsb.edu/data/chirps/(Funk


Zaki. S. et al.  /ZJPAS: 2023, 35 (6): 204-217 
 207 

 

ZANCO Journal of Pure and Applied Sciences 2023 

 

   

mapthemfromarangeofPmintoPmaxtoanew

rangebetween-100and100.Thiscanbeusefulto

enhancethecontrastinanimageortostandardize

values across different images. (Legesse and
Suryabhagavan,2014). 

Theformulais: 

 
100*([2*(Px-Pmin)/(Pmax-Pmin)]-1) ………………2 

 

 
Fig1: The location map of the Erbil Province. (A), 

Location of Erbil Provence study area, (B) The map of the 

geographical distribution of annual rainfall (mm/year) in 

Erbil during 1998-2021, and (C) The location map of the 

study area. 

 

where Px is the pixel value, Pmin and Pmax are

theminimum andmaximumvalues in the raster,

respectively. The transformed value will be

between -100 and 100, with values below 0

indicating that the pixel value is below the

midpoint of the range, and values above 0

indicating that it is above the midpoint. The

second formula is used to computed an NDVI

anomaly percentage, which is the difference

betweenthemaximumNDVIvalueinarasterina

givenyearandtheaverageofthemaximumNDVI

values over a period of years (e.g., 2003-2021).

Theformulais: 
[{(NDVImax_2003)-(mean_NDVImax)}/ 

(mean_NDVImax + NDVImax_2003)] * 

100………………………………….3 

 

where NDVImax_2003 is the maximum NDVI

valueintherasterfortheyear2003,mean_NDVI

maxistheaverageofthemaximumNDVIvalues

over the period of years(2003-2021), and NDVI

max_2003+meanNDVImaxisthedenominator

to normalize the anomaly as a percentage. To

identify areas with anomalous vegetation growth

ortodetectchangesinvegetationovertime(Yang

et al., 2017). This visualization, the NDVI

Anomaly is used to show changes in vegetation

cover in IKR-Erbil during periods of significant

drought. 

Estimating drought patterns and their

effectsonvegetationcanbemademoreinsightful

byusingLandsatandMODIStime-seriesdatasets

from 2003-2021. By analyzing NDVI, NDVI

anomaly, and their correlation with rainfall and

rainfall anomaly through Multi-sensor Satellite.

techniques, valuable insights can be obtained.

Landsat provides high-resolution images at a

relatively low temporal frequency (around 16

days), while MODIS provides moderate-

resolution images at a high temporal frequency

(around1-2days).Toassesstheimpactofdrought

on vegetation, NDVI and NDVI anomaly

calculated for each Landsat and MODIS image.

Therainfallandrainfallanomalydataforthesame

period were obtained from meteorological

databases.  Comparing the NDVI anomaly to

'normal'planthealthcanprovideausefulmeasure

of drought (Liu and Negrón Juárez, 2001). The

datausedinthisvisualizationwascollectedbythe

MODISinstrumentonNASA'sTerrasatellite,and

periodswithnoavailabledatawereexcluded. 

 

2.2.3. Rainfall Anomaly Index (RAI) 

Rainfallanomalyreferstothedeviationof

actualrainfallfromthelong-termaveragerainfall

in a particular region or location over a specific

period.Itisameasureofhowmuchmoreorless

rain has fallen than what is typical for that area

and time of year. Positive rainfall anomalies

indicatethattherehasbeenmorerainfallthanthe

long-term average, while negative rainfall

anomaliesindicatethattherehasbeenlessrainfall

than the long-term average(Dutta et al., 2015b;

Salehniaetal.,2017;Yangetal.,2017). 

 

𝑅𝐴𝐼 = 3 [
𝑁−𝑁

�̅�−𝑁
] For positive anomalies…………………4 

𝑅𝐴𝐼 = −3 [
𝑁−𝑁

�̅�−𝑁
] For negative anomalies …………………….5 

The formula for calculating rainfall uses

several variables, including N, which represents

thecurrentmonth/year'srainfallinmillimeters. N̅

represents the historical average monthly/yearly

rainfall in millimeters, while M̅ and X̅ are the

average of the ten highest and lowest monthly/

yearly precipitations in the historical record,
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respectively.Positive anomalies arevalues above

average, while negative anomalies are values

belowaverage.Ifayearhaslowrainfallvalues,it

is considered a drought year with negative

deviation from the mean seasonal rainfall. The

Rainfallcalculationformulaisasfollows: 

 
Anomaly Index: RAI =(R –μ)/ 𝒂 ………………………..6 

 

Where, RAI = Rainfall Anomaly Index; R=

Rainfall; μ=Long term average; and rainfall a =

StandardDeviation 

 
Table (1) Classification of Rainfall Anomaly Index. 

 
RAI range    Classification 

Above4 

2to4 

0to2 

-2to0 

-4to-2 

Below-4 

Extremelyhumid 

Veryhumid 

Humid 

Dry 

Verydry 

Extremelydry 

 

2.3. Statistical Analyses 

2.3.1. Correlation Coefficient (r) 

To determine the extent of statistical

relationships between RAI and NDVI anomaly

values,correlationcoefficients(r)werecomputed.

Bivariate correlations (specifically the Pearson

CorrelationCoefficient)wereused to identify the

variables that exhibited significant statistical

associationswitheachother(Babbie,2009). 

 

3. RESULTS & DISCUSSION 

3.1.  NDVI 

TheNDVIhasbeenextensivelyutilizedto

investigate the correlation between changes in

vegetation growth rate and spectral vegetation

variability.AnErbilregionhasbeenexperienceda

significant reduction invegetationcoverover the

years 2008, 2012, and 2021, largely due to

extreme and severe droughts that caused a

decreasedinagriculturalland(Figure2,3,and4). 

This decline in vegetation cover is based

on a 19-year average of the area covered by

vegetation. The severe drought episodes that

affectedIraq, includingKurdistan, in2008,2012,

and 2021, along with a significant decrease in

average rainfall, were the main contributing

factors to thisdecline, as illustrated inFigures2,

3,and4.Themapsdemonstratehowthedrought

impacted vegetation density in Erbil, with some

parts of southern Erbil experiencing severe

effects, However, in the northern region, areas

with increased precipitation showed a

correspondingincreaseinNDVIvalues. 

TheNDVIresultsreveal that theintensity

ofdroughtinErbilincreasesgraduallytowardsthe

southwest,asindicatedin(Figures2,3,and4). 

Erbilexperiencedasignificantdecreaseinannual

precipitationaveragesin2008,2012,and2021,as

comparedtotheprecipitationaveragesfrom2003

to 2021. However, there were certain areas with

high precipitation averages and supplementary

irrigationsystems,whichhadapositiveimpacton

NDVIvaluesasseenin(Figures2,3,and4). 

Additionally, during growing seasons in the

southern region of Erbil, low precipitation and

high temperatures contribute significantly to the

reductionofNDVIvaluesandvegetationcover,as

indicated by the correlation coefficient statistics

which will be discussed later. By examining the

consecutiveNDVImaps,theonsetanddurationof

drought for a 19-year period can be easily

observed. Based on the results presented in

Figures 2, 3, and 4, it can be concluded that the

studyareaexperienceddroughtepisodesover the

studyperiod,particularlyin2008,2012,and2021. 

The correlation between NDVI, NDVI anomaly,

andrainfallanalyzedtoidentifyareasandperiods

ofdrought.NegativecorrelationsbetweenNDVI/

NDVI anomaly and rainfall/rainfall anomaly

indicated that vegetation health is declining in

response to reduced rainfall, which could be

indicativeofdrought. 

 

3.2.The RAI and NDVI.  
The study used precipitation data from

2003 to2021 toexamineprecipitation trendsand

variations over a 19-year period. The normal

precipitationatagivenstationwasdeterminedby

calculatingthemeanprecipitationover19years. 
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Figure 2: Spatio-temporal variation of the NDVI-

based vegetation from 2003 to 2010. 
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Maps of precipitation patterns were

createdforthestudyareabasedontheamountof

annual precipitation per month, 3-month, and

averageperiods.Themaps identifiedmonthsand

yearsthatsufferedfromlowannualprecipitation,

especiallyin2007-2008,2011-2012,andtheyears

2020-2021, which corresponded to drought

periods. These results are consistent with a

previousstudyby(Gaznayeeetal.,2022). 

The amount of rainfall per year had an

impact on the distribution and density of

vegetation cover, reductions in precipitation

playedasignificantroleinvegetationlossduring

thestudyperiod.Droughtperiodswere identified

by comparing a twenty-year moving average to

thereferenceperiod'saverage,and theresults for

the Erbil region were presented separately.

Although there were some differences in trends

across sites during the reference period, all

locations experienced a decrease in precipitation

over the last decade due to severe drought,

especially in 2007-2008, 2011-2012, and 2020-

2021 (Figure 5, 6, 7, 8, and 9). Nearly all sites,

from north to south, were considered drought-

proneareas,somecurrentlyexperiencingdrought

whileotherswerehighlyvulnerable.It'simportant

toconsiderdifferences inwateravailabilitywhen

evaluating drought occurrence in the past or

present.Thismeans that drought in Erbil, where

mean precipitation is below the average year,

couldhavea stronger impactonwater resources.

Thisobservation,wherebothmonthlyandannual

moving average precipitation values are below

average, indicates that large areas in Erbil are

experiencingdrought(Figure6,7,8,and9). 

To eliminate the impacts of rainfall

patterns, it was necessary to implement

appropriatemeasures.The graphs in Figure 5, 6,

7, 8, and 9 show the amount of rainfall for a

selected year  and the long-term average (19

years, 2003-2021) in light blue. These results

provide insights into the rainfall patterns in a

specificregionandyear.Therightfiguredisplays

anomalies for one- and three-month-time spans,

indicating whether the current year's rainfall is

aboveorbelowthelong-termaverage. 

The(Figure5,6,7,8,and9)figuresuseful

forunderstandingwhentherainfallseasonoccurs,

NDVI,NDVIanomalyandhowtheselectedyear

compares to the long-term average, especially

duringcrucialcropdevelopmentperiods.Thefirst

plotalsohighlights thatone-monthanomaliesare

more unpredictable than three-month anomalies

andcanreachmoreextremevalues. 

The results describe the use of long-term

NDVI data to study vegetation health during

droughtandwetyearsinanErbilarea.Thestudy

also examines the performance of Landsat Time

seriousandtheNationalOceanicandAtmospheric

Administration-Advanced Very High-Resolution

Radiometer (AVHRR) NOAA-AVHRR derived

NDVI data and showed that there are visible

differences in NDVI between the northern and

southernpartsofErbilduetounevendistribution

ofmonsoonalrainfall.Thestudyobservedthatthe

diversity in NDVI indicates spatial variation in

vegetation health within the area, which has

occurred mainly due to uneven distribution of

monsoonalrainfall.Thestudyalsoidentifiesyears

ofdrought,including2008,2009,2012,and2021,

basedona comparisonofNDVIdata from those

years to normal conditions in other years.

Analyzing the correlation between NDVI

(NormalizedDifferenceVegetation Index),NDVI

anomaly, and rainfall is vital for identifying

regions and time periods affected by drought.

NDVI isawidelyused index thatutilizes remote

sensing to assess vegetation cover and health,

providingvaluable information about the stateof

vegetation in a given area(Table2). Rainfall, on

the other hand, is a crucial factor for supporting

vegetation growth, particularly in regions where

cropsarecultivated. 

Whenexamining the relationshipbetween

NDVIandrainfall,negativecorrelationsindicated

the impact of reduced rainfall on vegetation

health. A decrease in NDVI values or NDVI

anomaly (deviation from the long-term average)

suggests that vegetation is undergoing stress or

deteriorationdue to insufficientwateravailability

in year 2008 and 2021. This observation often

signifies the presence of drought conditions. By

studying the anomalies in rainfall and NDVI,

researchers can pinpoint specific areas and

timeframes that are susceptible to drought.

Negative correlations between NDVI/NDVI

anomaly and rainfall/rainfall anomaly emphasize

the dependence of vegetation health on

precipitation patterns. Crop-growing regions are

of particular interest in this analysis since they

heavily rely on adequate rainfall for successful

agriculturalproduction. 
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Figure 3: Spatio-temporal variation of the NDVI-

based vegetation from 2011 to 2018. 
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Through an examination of selected years, these

studiesobservethevariationsinNDVIanomalyin

crop-growing regions and its correlation with

rainfall anomalies in (Table2). These findings

offervaluable insights for farmers,policymakers,

andresearchersincomprehendingthedynamicsof

droughtanditsimpactonagriculture. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Spatio-temporal variation of the NDVI-based 

vegetation from 2019 to 2021.  

 

 

 

 
 

 
Fig 5. Spatial pattern changes of Rainfall, Rainfall 

Anomaly, NDVI and NDVI anomaly 

for (2003-2006) years. 

 

 
 

Fig 6. Spatial pattern changes of Rainfall, Rainfall 

Anomaly, NDVI and NDVI anomaly 

for (2007-2010) years. 
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Fig 7. Spatial pattern changes of Rainfall, Rainfall 

Anomaly, NDVI and NDVI anomaly 

for (2011-2014) years. 

 

 
 

Fig 8. Spatial pattern changes of Rainfall, Rainfall 

Anomaly, NDVI and NDVI anomaly 

for (2015-2018) years. 

 

 

 
Fig 8. Spatial pattern changes of Rainfall, Rainfall 

Anomaly, NDVI and NDVI anomaly 

for (2019-2021) years. 

 

4. DISCUSION  

According to a study result from 2010,

2021 experienced the second largest shortage of

rainfall, only surpassed by the extreme drought

year of 2008. The finding also suggests that

vegetation indices obtained from AVHRR can

indicateplanthealthandgrowth,andcanalsohelp

detect weather-related dangers such as seasonal

changes(Scienceetal.,2010). 

As a result, there exists a robust

relationship between rainfall and vegetation

indiceslikeNDVI,withaminortimelagranging

from1to12weeksbeforethevegetationexhibits

a response, as evidenced by the

observations.(Mzuri et al., 2021). The research

discoveredthatinthesouthernregions,theNDVI

values were lower compared to the north,

indicating less vegetation coverage. In addition,

the study found that there was a significant

decreaseinaverageyearlyrainfallin2008,2012,

and 2021 when compared to other years from

2003 to 2019 as explained by (Gaznayee et al.,

2022).The results also indicated that insufficient

rainfall and high temperatures significantly

reducedthevegetationcoverandNDVIvaluesin

thesouthernpartsofErbil,particularlyduringthe

growingseason. 
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Table (2) Correlation matrix (Pearson) between Rainfall Anomaly and NDVI Anomaly 

 

Variables 2003N 2004N 2005N 2006N 2007N 2008N 2009N 2010N 2011N 2012N 2013N 2014N 2015N 2016N 2017N 2018N 2019N 2020N 2021N 

2003R 0.090 0.053 0.070 -0.032 0.050 0.177 -0.019 0.037 0.196 -0.009 -0.037 -0.037 -0.022 0.109 0.109 0.041 0.168 0.168 -0.022 

2004R -0.103 -0.158 -0.214 -0.067 0.190 0.013 -0.200 -0.002 -0.270 0.016 0.175 -0.140 -0.026 -0.236 -0.236 0.165 0.066 0.066 -0.003 

2005R -0.282 -0.447 -0.342 -0.392 -0.234 -0.163 -0.360 -0.479 -0.166 -0.364 -0.276 -0.099 -0.464 -0.365 -0.365 -0.411 -0.150 -0.150 -0.260 

2006R -0.500 -0.502 -0.582 -0.410 -0.374 -0.558 -0.485 -0.458 -0.493 -0.401 -0.368 -0.496 -0.221 -0.331 -0.331 -0.264 -0.531 -0.531 -0.544 

2007R -0.205 -0.354 -0.254 -0.397 -0.187 -0.069 -0.430 -0.371 -0.119 -0.265 -0.260 -0.118 -0.384 -0.351 -0.351 -0.325 -0.036 -0.036 -0.222 

2008R -0.234 -0.113 -0.198 -0.003 -0.217 -0.360 0.021 -0.107 -0.186 -0.085 -0.121 -0.206 0.009 0.014 0.014 -0.085 -0.435 -0.435 -0.195 

2009R -0.226 -0.387 -0.341 -0.326 0.013 0.036 -0.384 -0.296 -0.292 -0.331 -0.126 -0.206 -0.293 -0.424 -0.424 -0.140 0.088 0.088 -0.226 

2010R -0.224 -0.183 -0.069 -0.310 -0.399 -0.197 -0.268 -0.339 -0.004 -0.254 -0.339 -0.085 -0.356 -0.204 -0.204 -0.475 -0.205 -0.205 -0.263 

2011R -0.027 0.102 -0.009 0.169 -0.093 -0.252 0.200 0.104 -0.030 0.095 0.026 -0.109 0.254 0.234 0.234 0.163 -0.303 -0.303 -0.050 

2012R 0.483 0.475 0.500 0.308 0.179 0.379 0.567 0.411 0.478 0.296 0.213 0.468 0.265 0.392 0.392 0.255 0.375 0.375 0.424 

2013R 0.410 0.518 0.432 0.480 0.305 0.257 0.404 0.600 0.276 0.505 0.325 0.298 0.503 0.524 0.524 0.413 0.336 0.336 0.406 

2014R 0.413 0.321 0.315 0.409 0.616 0.526 0.328 0.391 0.215 0.321 0.487 0.280 0.287 0.144 0.144 0.473 0.500 0.500 0.488 

2015R 0.209 -0.010 0.035 0.031 0.367 0.306 0.010 0.071 0.025 -0.113 0.125 0.076 -0.016 -0.105 -0.105 0.203 0.400 0.400 0.167 

2016R 0.224 0.245 0.303 0.064 -0.129 0.118 0.238 0.147 0.364 0.099 -0.069 0.239 0.030 0.262 0.262 -0.094 0.104 0.104 0.142 

2017R 0.124 0.392 0.307 0.399 0.077 -0.018 0.290 0.378 0.122 0.338 0.159 0.092 0.342 0.370 0.370 0.256 -0.030 -0.030 0.158 

2018R 0.410 0.319 0.427 0.488 0.661 0.575 0.292 0.378 0.335 0.284 0.444 0.232 0.241 0.157 0.157 0.419 0.498 0.498 0.456 

2019R 0.257 0.109 0.194 0.151 0.419 0.488 0.026 0.153 0.196 0.154 0.245 0.192 -0.005 -0.028 -0.028 0.182 0.488 0.488 0.300 

2020R 0.096 0.192 0.252 0.163 0.064 0.213 0.301 0.128 0.191 0.179 0.210 0.231 0.044 0.001 0.001 -0.007 0.115 0.115 0.210 

2021R 0.056 0.084 0.144 0.105 0.061 0.186 0.271 0.082 0.097 0.156 0.215 0.217 0.040 -0.055 -0.055 -0.013 0.094 0.094 0.623 

Values in bold are different from 0 with a significance level alpha=0.05 

R=Rainfall Anomaly 

N=NDVI Anomaly 
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However, in northern regions, some areas

encounteredan increase in rainfall, resulting in a

rise in the temporal and spatial patterns of

vegetation greenness. The connection between

precipitationandvegetationdynamicsinErbilwas

examinedusing theanalysisofNDVI timeseries

and rainfall estimates at varying spatial

resolutions.Additionally,itwasdemonstratedthat

NDVI could be utilized to assess the impact of

weatheronvegetationandevaluateitshealthand

productivity. A significant shift in NDVI values

was detected during 2008 and 2021, which give

support to the findings of a study by

(Almamalachy et al., 2019). The study findings

depicttheconsequencesofdroughtonthedensity

of vegetation in the Erbil Province. The impact

wassevere in thesouthernpartsof theregion,as

revealed by the NDVI maps spanning 19 years.

Notably, the years 2008, 2012, and 2021 were

particularly affected by drought (Hakzi, 2022).

The variability in NDVI was governed by

meteorological factors, such as temperature,

precipitation, and relative humidity. The study

also attributed spatial variability in NDVI to

climate, soil, and topography (Gaznayee et al.,

2022).Thevegetativecoverinthesouthernregion

exhibited a decline over the study period due to

landdegradationprocessesresultingfromdrought,

which is a significant challenge in the area. (Al-

Quraishi, et al, 2020; Al-Quraishi, et al, 2021; 

Mzuri, 2021; Gaznayee et al., 2022). In

conclusion, the research underscores the

importance ofmonitoring andmanaging drought

episodesintheregiontopreservevegetationcover

and agricultural output by demonstrating the

significant impact of drought on vegetation

densityinErbil. 

 

5. CONCLUSION 

Inconclusion,thestudyconductedinIraqi

Kurdistan,specificallyErbil,usingremotesensing

and geographical information systems, shed light

on the spatiotemporal patterns of drought over a

period of 19 years. The research highlighted the

occurrence of severe drought episodes in the

region, with an increasing trend in severity and

frequency, particularly in 2008, 2012, and 2021.

These years witnessed reduced vegetation cover

and lower average precipitation. The analysis of

the Normalized Difference Vegetation Index

(NDVI), rainfall, and rainfall anomaly revealed

thatclimateconditionsplayedasignificantrolein

thechangesobservedinthevegetatedcoverarea.

The study also found that irregular rainfall

patterns led to modifications in the NDVI,

confirming a strong correlation between rainfall

and vegetation indices. The productivity of the

regionwasfoundtobeinfluencedbywetanddry

anomalies,withanincreaseinproductivityduring

wetperiodsandadecreaseduringdryperiods. 

The research also highlighted the

discrepancy in vegetation dynamics between the

southernandnorthernregionsofErbil.Whilethe

southern areas experienced reduced vegetation

cover due to insufficient rainfall and high

temperatures,somenorthernregionswitnessedan

increase in rainfall and subsequent greening of

vegetation.Thestudyemphasized the importance

ofmonitoring andmanaging drought episodes in

the region to safeguard vegetation cover and

agricultural productivity. The findings contribute

valuableinsightsintotheimpactofdroughtonthe

density of vegetation in Erbil, emphasizing the

need for effective strategies to mitigate the

adverse effects of drought on agriculture in the

area. 

Furthermore, the study corroborated previous

research by demonstrating the link between

precipitation and vegetation dynamics using

NDVItimeseriesanalysis.Italsoemphasizedthe

role of meteorological factors and spatial

variability in influencing NDVI values. The

researchhighlightedthechallengesposedbyland

degradation processes resulting from drought,

particularlyinthesouthernregionofErbil. 

In conclusion, the study's findings

emphasize the significanceof addressingdrought

episodesinordertoprotectvegetationdensityand

agricultural output in Erbil. Monitoring and

managing drought conditions using remote

sensingtechniquesandinformedstrategiescanaid

in mitigating the adverse impacts of drought on

the region's ecosystems and socio-economic

systems. 
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